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Abstract

Human tuberculosis (TB) is caused by Mycobacterium tuberculosis (MTB), an insidious
bacterial pathogen that has silently infected close to a quarter of the human popula-
tion. Only during the last 20 years, MTB has caused the death of approximately 30
million people; making TB the leading cause of death from a single infectious agent.
Despite intensive research to understand which aspects of both the host and pathogen
biology make TB so successful across human populations, we are still far from control-
ling the current global TB epidemic. To complicate things more, drug-resistant MTB
has managed to spread and reach epidemic levels in some countries.

In light of the current situation, the World Health Organization (WHO) has called for
technological breakthroughs in TB research with priorities set for rapid diagnostics and
new preventive and therapeutic treatments. To meet these needs, research is needed
in unexplored aspects of the host and pathogen biology that have the potential to fill
the current gaps in our understanding of TB. On the host side, the unknown role in
TB of commensal microbial communities in the respiratory tract (airway microbiome)
is one of such unexplored aspects. And on the pathogen side, the mechanisms behind
successful transmissible drug-resistant MTB is another aspect that needs more attention.
The work in this thesis is focused on gaining knowledge about both the involvement of
the host microbiome in TB and the potential molecular adaptations that evolved in
transmissible drug-resistant MTB.

We performed a comparative study of the airway microbiome in a large cohort of
TB cases and household contacts. Our findings suggest an interplay among partic-
ular members of the airway microbiome, body mass index (BMI), and pulmonary TB
pathology. An insight that adds a new dimension to the long known association between
low BMI and pulmonary TB. Finally, to identify adaptations involved in transmission
of drug-resistant MTB, we examined the genomes of drug-resistant MTB from a pri-
vate nationwide collection of multi-drug resistant MTB isolates. To confirm findings
at a global scale, we also included a collection of MTB genomes publicly available as
of August 2019. We present evidence of adaptations in the context of rifampicin re-
sistance; particularly adaptations targeting the RNA polymerase enzyme, pyrimidine
metabolism, and ABC transporters, among others.
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1.

Introduction

Human tuberculosis (TB) is an nfectious airborne disease caused by the bacterial obli-
gate pathogen Mycobacterium tuberculosis (MTB). MTB has co-existed with humanity
for several thousands of years (Menardo et al., 2019); currently, there are eight human-
adapted MTB lineages (Ngabonziza et al., 2020) circulating across the world and latently
infecting close to a quarter of the human population (Houben et al., 2016). Since 2000,
about 10 million people fall ill and more than 1.5 million people die from TB every year;
making TB the leading cause of death from a single infectious agent and a major threat
to human life (WHO, 2018). TB burden is not equal worldwide, 50% of TB cases in
2018 were concentrated in India (27%), China (9%), Indonesia (9 %) and the Philippines
(6 %) (WHO, 2019).

The successful spread of TB across the world relies on the ability of airborne MTB
organisms to reach the lungs, subvert the host’s immune system, cause infection, and
trigger pulmonary disease. MTB survives and replicates inside alveolar macrophages,
while triggering inflammatory responses that cause lung damage and concomitant release
of bacteria-containing aerosol droplets to continue the transmission cycle. Along this
transmission cycle, MTB is not always successful and it can get stalled at any stage,
which causes a range of (sub)-clinical forms; ranging from latent infection to active
disease (Drain et al., 2018; Lin et al., 2018). Moreover, there is heterogeneity on how
active disease is manifested among patients.

Multiple social and biological factors are associated to the ability of MTB to com-
plete its transmission cycle and cause disease, they include: living conditions such as
household crowding and inadequate house ventilation which increases the concentration
of MTB-infectious aerosols (Yates et al., 2016; Jones-López et al., 2016); compromised
host immunity linked to undernutrition (Chandrasekaran et al., 2017) or co-infections
with HIV (Ahmed et al., 2016; Amelio et al., 2019), influenza (Redford et al., 2014),
helminthes (Rafi et al., 2012; Mhimbira et al., 2017), etc; virulence of MTB either deter-
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mined by the genetic background of MTB itself (Gagneux et al., 2007), the host genetics
(Luo et al., 2019) or an interaction of both (Omae et al., 2017). The underlying mecha-
nisms behind the effects of these factors are still not well understood, however existing
evidence suggests a host-pathogen-environment interplay that results in a landscape(s)
of immune responses; with peaks and valleys preventing, stopping or facilitating in-
fection and disease trajectories (Bastos et al., 2018). Incomplete understanding of the
host-pathogen-environment interplay hampers progress to develop preventive and thera-
peutic treatments against TB, including a vaccine to prevent infection and active disease
in adults who represent 90% of TB cases (WHO, 2018).

Worldwide efforts for control and eradication of TB are facing an emerging threat,
the spread of MTB strains already resistant to rifampicin (RIF) and isoniazid, the
most effective drugs to treat TB. Resistance to rifampicin (Rif-R) is often accompanied
of resistance to isoniazid (78 %, known as multi-drug resistant, MDR), and together
represented 3.4 % of new TB cases during 2019. MDR TB poses a public health burden
because treatment success rates drop to 50% among MDR TB, compared to 85% among
susceptible TB, and longer treatments with more expensive second-line drugs are needed.
Although the current burden of antimicrobial resistance is attributed to abuse or misuse
of antibiotics which promotes emergence of mutations that confer resistance (de-novo
resistance), there is also a contribution of host-to-host transmission of already resistant
MTB strains. The later is attributed to the pathogen acquisition of additional mutations
(compensatory evolution) which compensate for the cost in fitness (in absence of drug
pressure) of mutations conferring resistance (Gagneux et al., 2006b). Whether de-novo
acquired resistance or secondary cases is the main contributor to the increasing burden
of MDR TB, is a subject of large debate. Nonetheless, the current strategy to control
MDR TB is centered on prompt diagnosis of Rif-R/MDR MTB; detection of mutations
conferring resistance through molecular diagnostics.

Current therapeutic and preventive strategies for TB are reaching a point of ex-
haustion and need to be updated if the world wants to meet the targets of the World
Health Organization (WHO)’s End TB Strategy (WHO, 2019). Novel strategies can
only emerge if we gain new insights on the host-pathogen-environment interplay. In line
with this vision, the objectives of this thesis were focused on gaining knowledge of two
largely unexplored aspects in TB:

1. the relevance of the host resident microbial communities, in particular those in
the respiratory tract, in the context of TB, and

2. Pathway-level molecular mechanisms in MTB that can mitigate the fitness cost of
mutations conferring RIF resistance

2



1.1 The airway microbiome and pulmonary TB

The rest of this chapter provides a brief introduction to these research domains, states
the research questions addressed in this thesis and the motivation behind addressing
those questions.

1.1. The airway microbiome and pulmonary TB
There is one potential factor whose role in TB is yet to be explored; the biological
barrier created by commensal micro-organisms lying on the mucosa of the respiratory
tract. There is a myriad of bacterial communities distinctively adapted to multiple
body sites, which are collectively known as the human microbiome. Depending on the
body site, these bacterial communities are referred to by specific terms: gut microbiome
for the intestinal tract, skin microbiome, vaginal microbiome, oral microbiome, and so
on. This section is focused on giving a brief introduction to the microbiome in the
respiratory tract, here referred to as the airways microbiome.

1.1.1. The microbiome in the airways
From nose to lungs, the 70 m2 of healthy mucosal surface hosts distinct microbial com-
munities whose composition is determined by a gradient of anatomical and physico-
chemical conditions (Man et al., 2017). This gradient imposes increasing selective pres-
sures as it reaches the lungs where bacterial biomass is kept minimal, approximately
102 micro-organisms (i.e 16S rRNA gene copies) per milliliter of bronchoalveolar lavage
(BAL); in contrast to the upper airways that can host 10-10000 times more bacterial
load (Bassis et al., 2015; Segal et al., 2013).

Similar to other body sites, establishment of the microbiome in the airways starts
immediately after birth, highly fluctuates until 2 months of age, and it is partly influ-
enced by gestational age at birth, cesarean section, breast feeding, use of antibiotics and
season (Pattaroni et al., 2018; Bosch et al., 2017; Bosch et al., 2016). These factors can
determine aberrant patterns in the early development of the airway microbiome that
can lead to increased susceptibility to respiratory infections during childhood (Bosch
et al., 2017) and also subsequent increased risk for asthma (Teo et al., 2015).

Besides differences in bacterial biomass along the airways, there are also differences in
the composition of the microbial communities along the airways. For instance, members
of genera Staphylococcus, Corynebacterium, and Propionibacterium dominate the nasal
passages of healthy adults, but these genera are almost absent in healthy lungs (Bassis
et al., 2015). Conversely, the lungs and the oral cavity have microbial communities
with similar constitution, dominated by members of genera Prevotella, Streptococcus,
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1.1 The airway microbiome and pulmonary TB

Neisseria, Veilonella and Fusobacterium (Dickson et al., 2017; Bassis et al., 2015; Segal
et al., 2013).

The similarity between microbial communities from the lungs and the oral cavity led
to the "adapted island model of lung biogeography" or just "adapted island model". This
model postulates that microbial communities in healthy lungs are primarily the result of
balancing mouth-to-lung microbial immigration and elimination forces, and to a lesser
extent local environmental factors promoting microbial growth (Dickson et al., 2015a).
This delicate balance maintains a low microbial burden in the lungs. Current evidence
supports sub-clinical microaspiration of aerosols produced in the upper respiratory tract
as the primary source of mouth-to-lung microbial immigration (Dickson et al., 2017).
Elimination forces include cough, mucociliary clearance and baseline innate immunity
(Segal et al., 2013; Segal et al., 2016; Dickson et al., 2014; Dickson et al., 2018).

How does the airway microbiome, which is a dynamic entity, interact with the host
immunity to maintain a healthy/symbiotic dynamism, and how relevant is this inter-
action to prevent disease of the airways are questions with still incomplete answers.
Evidence so far indicates that the airway microbiome is not a bystander (reviewed ex-
tensively, Wypych et al., 2019; Huffnagle et al., 2017; Man et al., 2017). For instance,
lung architecture (number of and morphology of lung alveoli) is influenced by bacterial
colonization (Lactobacillus spp.) in healthy mice (Yun et al., 2014). Moreover, inter-
individual variability of lung innate immunity (inflammatory cytokines IL-1α and IL-4)
reflects variation in lung microbial composition and diversity among healthy mice (Dick-
son et al., 2018). Similarly, among healthy human adults, the abundance of certain taxa
in BALs correlates with the abundance of neutrophils, Th17 cells, and cytokines IL-1α,
IL-1β, IL-6 and IL-17 (Segal et al., 2016).

Distinct compositional patterns of the airway microbiome associated to multiple res-
piratory disorders, led to the argument that imbalanced composition(s) of the airway
microbiome (known as dysbiosis) might be relevant in respiratory disorders. In the next
sections, I present some of the existing evidence for this.

1.1.2. The airway microbiome in chronic respiratory disorders

In the context of chronic respiratory diseases in adulthood, numerous studies provide
mounting evidence of the relationship between dysbiosis and severity of chronic obstruc-
tive pulmonary disorder (COPD), cystic fibrosis (CF) and asthma. In this section, I
summarize the most important findings.

COPD is a chronic disorder of the lower respiratory tract, primarily due to exposure
to tobacco smoke or other indoor/outdoor air pollutants. COPD is characterized by air-
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1.1 The airway microbiome and pulmonary TB

flow obstruction, chronic cough, and sputum production. The severity of these clinical
manifestations might become serious during episodes that last for various days or weeks;
episodes known as exacerbations. Based on the severity of symptoms and frequency of
exacerbations, COPD patients are classified into four categories (1-4, GOLD classifi-
cation). The airway microbiome of COPD patients fluctuates during non-exacerbation
periods but this fluctuation reaches extreme states during exacerbation episodes, partic-
ularly for severe COPD cases (Wang et al., 2018; Mika et al., 2018). Moreover, during
exacerbation episodes, increased abundance of Moraxella and Haemophilus correlates
with inflammatory and immunomodulatory host responses (Wang et al., 2019; Mika
et al., 2018). And among hospitalized COPD patients, the sputum baseline microbial
composition is associated with 1-year mortality; with presence of Veillonella having a
positive effect while Staphylococcus had a negative impact on survival (Leitao Filho et
al., 2019).

In contrast to COPD, CF is primarily a genetic disorder caused by mutations in the
Cystic Fibrosis Transmembrane conductase Regulator (CFTR) gene. Mutations in the
CFTR gene, which encodes a trans-membrane channel in epithelial cells, result in ab-
normal transport of ions. In the airways, abnormal electrolyte transport causes limited
dispersal of mucus which then becomes thick and impairs mucociliary clearance. The
microbial communities in the lungs of CF patients shifts with aging; microbial commu-
nities become less diverse with aging as a result of bacterial pathogens (Pseudomonas
aeuriginosa, Staphylococcus aureus, Stenotrophomonas and Burkholderia) and anaero-
bic commensals dominating the lung environment (Zemanick et al., 2017; Mirkovi et al.,
2015). Anaerobes support growth of opportunistic pathogens in CF lungs by metabo-
lizing respiratory mucin glycoproteins; fermentation byproducts are released to be used
as nutrients by opportunistic pathogens (Flynn et al., 2016). Furthermore, anaerobes
also contribute to CF disease through production of short-chain fatty acids (SCFAs),
fermentation byproducts, which can trigger inflammatory responses and recruitment of
neutrophils (Mirkovi et al., 2015). Neutrophilic proteolysis in CF lungs generates more
aminoacids and peptides, thus recruitment of neutrophils further contributes to growth
of pathogens (Quinn et al., 2019) and CF disease worsening.

In contrast to COPD and CF, underlying causes of asthma are less understood. How-
ever, like in COPD and CF, asthma is also associated with dysbiotic airway micro-
biomes. Teo and colleagues found that early colonization (seven weeks after birth) of
the nasopharynx with Steptococcus is associated with first infection of the lower res-
piratory tract at a younger age and with subsequent increased risk for asthma devel-
opment (chronic wheeze at age 5) (Teo et al., 2015). Among children with controlled
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mild-moderate persistent asthma, nasal cavities colonized with microbial communities
dominated by Corynebacterium or Dolosigranulum are linked to favourable outcomes:
less risk of loss of asthma control and of severe exacerbations (Zhou et al., 2019). The
favourable effect of Corynebacterium is further supported by the negative correlation
of this genus abundance with bronchial pro-inflammatory markers (eosinophil counts,
IL-6, IL-7, and IL-21) and with Streptococcus abundance in nasal airways of asthmatic
adults (Durack et al., 2018).

1.1.3. The airway microbiome in respiratory infectious diseases

In the context of respiratory infections, evidence of the airway microbiome involve-
ment is mostly focused on influenza infection. Multiple studies suggest a protective
role of the airway/gut microbiome where baseline immune responses triggered by bac-
terial commensals act as primers of subsequent immune responses against influenza
infection (Wang et al., 2013; Bradley et al., 2019). Primed immune responses include
Interferon-α/β signaling which can prevent viral replication (Bradley et al., 2019) and
TLR2 signaling promoting M2 macrophage polarization of alveolar macrophages (im-
munosuppressive phenotype) which can protect from lethal inflammation during in-
fluenza infection in murine models (Wang et al., 2013).

In humans, the protective role of the airway microbiome against influenza is supported
by a recent study of household contacts exposed to index cases with influenza; high
levels of Streptococcus spp. in the nose or throat of households was associated with lower
susceptibility to both influenza A and B infections, while high levels of certain Prevotella
spp. increased susceptibility to influenza B infection (Tsang et al., 2019). Regarding
the impact of influenza infection on the airway microbiome, cross-sectional (Ding et al.,
2019; Wen et al., 2018) and longitudinal (Ramos-Sevillano et al., 2019) studies indicate
minor shifts in microbial composition during the infection, which indicates resilience of
the airway microbiome to influenza infection.

1.1.4. Challenges in the study of the airway microbiome

The study of the airway microbiome encounters technical, ethical, and scientific barriers.
First, bacterial load is markedly low in the lower airways, compared to the upper airways
(Bassis et al., 2015; Dickson et al., 2017). This makes samples collected from the lower
airways - sputum and BAL - highly susceptible to contamination from both the oral
cavity or the laboratory environment (Drengenes et al., 2019). Higher bacterial load in
sputum, compared to BAL, reduces susceptibility to contamination during processing,
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but it is questioned as a sample truly representative of the lower airways because of its
inevitable contact with the oral cavity during expectoration. On the other hand, BAL
samples are obtained by introducing a bronchoscope, flushing of a saline solution directly
into the lungs and then collecting back the fluid by suction aspiration. Protecting the
bronchoscope avoids contamination from the upper airways and therefore it is considered
the preferred method for accurate sampling of the lungs (Dickson et al., 2017).

Sampling of BALs from the lower airways is highly invasive which leads us to our
second barrier: collection of BALs from healthy controls is ethically questionable. A
third barrier is imposed by the large intra- and inter-individual variability of the airway
microbiome and the myriad of host and environmental factors that influence it; therefore
clinical comparative studies of the airway microbiome demand large sample sizes to
account for confounding factors and interaction effects.

1.1.5. Problem statement: unknown role of the airway microbiome
in pulmonary tuberculosis

Research on the microbiome of the airways is bringing new perspectives for the under-
standing of human respiratory health and of diseases/disorders of the respiratory tract.
However, evidence for the relationship between the airway microbiome and TB is shal-
low; limited to a few in-vitro, in-vivo, and small-sized clinical studies. It is therefore
difficult to draw conclusions or generate further hypotheses on this relationship.

Two recent reviews (Naidoo et al., 2019; Osei Sekyere et al., 2020) summarized our
current understanding on the association of TB with the host microbiome, including
both the airways and the gut microbiomes. We briefly mention the commonalities
among studies. In animal models, most studies found minor effects of MTB infection
on both the airways and the gut microbiomes (Namasivayam et al., 2017; Namasivayam
et al., 2019; Cadena et al., 2018). One study in macaques found and association of
baseline gut microbiome on disease severity (Namasivayam et al., 2019), but another
study in the same animal model did not observe associations of the lung microbiome
with disease severity (Cadena et al., 2018).

Human studies comparing cases to controls found increased levels of anaerobes in
the gut microbiomes of cases (Luo et al., 2017; Maji et al., 2018). For the airway
microbiome, there is no agreement in the findings of human studies. However, the study
of Segal and colleagues (Segal et al., 2017) deserves mentioning. The authors found that
increased levels of anaerobes in the lungs of HIV patients with latent TB resulted in
increased levels of SCFAs. In addition, the authors reported that SCFAs in the lungs
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downregulated local immune responses and increased the risk to active TB disease. HIV
is a well known risk factor for TB, thus those findings rise the possibility that other risk
factors for TB might cause dysbiosis which then increases the likelihood of developing
TB.

The study of the airway microbiome in the context of TB faces additional challenges.
For instance, in-vitro and in-vivo experiments need to be carried in biosafety level-3
(BSL-3) laboratories. Furthermore, TB burden is 10 to 100 times higher in low/middle-
income countries (in Africa and South-east Asia) where 80% of total cases are concen-
trated; therefore clinical research is usually conducted in resource-limited settings. In
these settings, populations are continuously exposed to co-morbidities (e.g HIV), and to
detrimental living conditions, which makes large clinical studies even more necessary in
order to disentangle TB-related compositional changes in the airway microbiome from
those linked to TB-risk factors. These additional barriers stand against TB microbiome
research, which is lagging behind the advances made in the context of non-communicable
respiratory disorders.

The research presented in this thesis is focused on reducing this knowledge gap to
provide new insights that can drive future research. The research questions can then be
formally stated as:

• Which microbial community changes of the airway microbiome are associated to
active pulmonary TB? Are those changes mediated by TB-risk factors?

• How diverse and variable is the airway microbiome of TB patients? Is there a
relationship between inter-individual variability in airway microbiome composition
and differences in TB-disease manifestations?

1.1.6. Research Motivation

The composition of the airway microbiome in patients with pulmonary TB may con-
tribute to the pathophysiological processes associated with the disease; i.e., susceptibil-
ity, progression, and chronicity of lung disease. It is therefore critical to understand TB
in the context of the surrounding microbial communities.
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1.2 Drug resistance in tuberculosis

1.2. Drug resistance in tuberculosis

1.2.1. Treatment and drug resistance in TB

Due to the emergence of drug resistance in MTB, treatment regimens for TB have been
evolving since 1944, from monotherapy with streptomycin to combination therapy with
first-line (rifampicin, isoniazid, ethambutol and pyrazinamide) or second-line (fluoro-
quinolones, bedaquiline, linezolid, aminoglycosides, streptomycin, among other drugs)
antibiotics ; the later reserved for treatment of drug-resistant TB (Organization, 2019).

TB is considered susceptible if no resistance is shown, by drug susceptibility testing
(DST), to any of the drugs used to treat TB. DST assesses susceptibility by growing
MTB patient isolates at defined drug concentrations or by detecting mutations conferring
drug resistance (Organization, 2019). According to the resistant profiles, drug resistant
TB is generally classified as: i) mono-resistant, MTB resistance to only one of the
first-line TB drugs; ii) multi-drug resistant (MDR), MTB resistance to both rifampicin
and isoniazid; iii) polyresistant, MTB resistance to more than one first-line drug, other
than both rifampicin and isoniazid; iv) pre-extensively drug resistant (pXDR), if an
MDR MTB is either resistant to any fluoroquinolone or to any of second-line injectable
aminoglycoside (capreomycin, kanalycin, and amikacin); v) extensively drug resistant
(XDR), MDR MTB additionally resistant to both fluoroquinolones and aminoglycosides;
and vi) rifampicin resistant (Rif-R), with or without resistance to any of the other drugs
used in TB treatment (Organization, 2019).

The standard, WHO recommended, treatment regimen for susceptible TB is a 6-
month regimen of a first 2-months treatment with rifampicin, isoniazid, pyrazinamide
and ethambutol (2HRZE), followed by four months with rifampicin and isoniazid (4HR)
(Organization, 2017). Treatment of drug resistant TB depends on the DST profiles.
For instance isoniazid-resistant TB will receive 6-months treatment where isoniazid is
replaced by levofloxacin. Treatment regimens for Rif-R or MDR TB are more diverse
but they can be categorized into shorter (9-12 months) and longer (18 months or more)
regimens.

A thorough review on drug resistance in MTB presents a detailed list of the the
known targets and mechanisms for resistance to drugs used in TB treatment (Gygli
et al., 2017). We briefly mention targets and mechanisms for first-line anti-TB drugs.
Rif-R is conferred by mutations in the rifampicin resistance determining region in the β

subunit of the RNA polymerase. Resistance to isoniazid can be acquired by mutations
in genes katG, inhA, and inhA promoter. Mutations in genes embB and pncA confer
resistance to ethambutol and pyrazinamide, respectively.
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1.2.2. The epidemiological burden of drug resistance in TB
Globally in 2018, an estimated 3.4% of new TB cases and 18% of previously treated
cases were resistant to rifampicin. In absolute estimated numbers, 2018 had 484 000
new Rif-R TB cases; 78% of them were also resistant to isoniazid (MDR) (WHO, 2019).

Globally, the burden of Rif-R TB seem to be low (aprox. 3.4%). However, in coun-
tries with high MDR TB burden, estimated Rif-R TB incidences can be as high as 37%
among new TB cases (Belarus) or 71% among previously treated cases (Russian Fed-
eration) (WHO, 2019). Factors behind the heterogeneous burden of drug resistant TB
are linked to country-to-country variation in the efficacy of control programs; inefficient
programs to diagnose or treat both susceptible- or drug-resistant- TB would facilitate
de-novo acquisition of resistant mutations during treatment and/or person-to-person
transmission of resistant MTB strains (Gygli et al., 2017).

1.2.3. The fitness cost of drug resistance in MTB

Drug resistance in MTB has been reported for almost all the antibiotics used for TB
treatment; a long list of more than 15 antibiotics. Generally, MTB acquires drug resis-
tance through chromosomal mutations in the antibiotic targets; horizontal gene transfer
is absent in MTB. Depending on the antibiotic targets, and more generally the biological
process in which those targets are involved, two groups of TB antibiotics can be defined:

1. antibiotics targeting essential genes involved in the information pathway (replication-
>transcription->translation); this group includes rifamycin derivatives (rifampicin,
rifabutin, rifapentine), fluoroquinolones (moxifloxacin, gatifloxacin, levofloxacin,
and oxofloxacin), amynoglycosides (anikacin, kanamycin and streptomycin), line-
zolid, and capreomycine.

2. The second group targets genes involved in cell wall synthesis and includes iso-
niazid, ethambutol, thionamides (ethionamide and prothionamide), pretomanid,
delamanid, cycloserine and meropeniem.

Both the information pathway and cell wall synthesis are essential biological processes
for MTB and any other bacteria. Therefore genes involved in those processes are highly
conserved and their mutations usually are deleterious and lead to a fitness cost. Fitness
in the context of pathogenic bacteria is defined as a factor of growth rate, host transmis-
sion to new hosts and host clearance (Björkman et al., 2000). A composite measure of
fitness comprises these three factors, the ’effective reproductive number R’; R measures
the average number of secondary cases generated per infected individual in a population

10



1.2 Drug resistance in tuberculosis

of susceptible and resistant hosts (revisited in Gygli et al., 2017). In-vitro, fitness cost
is measured by competition assays where susceptible and resistant versions of the same
clone are grown together; fitness cost is measured relative to the susceptible version.

Despite the genetic constraint to acquire mutations in essential genes, which are the
target of most antibiotics, MTB and many other bacterial pathogens become resistant
by acquiring mutations in those same genes. However, not surprisingly, most of these
mutations confer a fitness cost in antibiotic-free environments (e.g new hosts) (Melnyk et
al., 2015). The magnitude of the cost is variable and depends on the mutation conferring
resistance (Zaczek et al., 2009) and the genetic (Gagneux et al., 2006b; Zaczek et al.,
2009) and environmental (Song et al., 2014) backgrounds in which these mutations
emerge (Gagneux et al., 2006b; Song et al., 2014; Song et al., 2014; Jenkins et al.,
2009).

Rifampicin is the most potent antibiotic against TB. Its mechanism of action is medi-
ated by binding to the β subunit of RNA polymerase and blocking of RNA extension dur-
ing DNA transcription. Soon after rifampicin was used to treat TB, resistance emerged.
MTB adapted to rifampicin by acquiring mutations in the rpoB gene, which encodes
the β subunit of RNA polymerase. Any single mutation in the resistance-determining
region of rpoB is needed to become resistant, however codon changes at three residues
(450, 445, and 435) of the RNA polymerase account for most of rifampicin resistance
in clinical MTB (Musser, 1995). These mutations are successful in persisting due to
their low fitness cost; one particular codon change, S450L, has the lowest fitness cost
(Gagneux et al., 2006b).

Although the fitness cost of drug-resistant mutations is well recognized, the underlying
molecular defects are not clear. In MTB, such molecular defects are better described
for Rif-R. Overall, Rif-R mutations cause unstable open-promoter complexes, and affect
elongation and termination rates during the DNA replication process (Stefan et al.,
2018).

1.2.4. Compensation of Rif-R-related fitness cost in MTB

As described earlier, rifampicin mechanism of action is mediated by binding to the β

subunit of the enzyme RNA-polymerase and subsequent blocking of RNA extension
during DNA transcription. Consequently, Rif-R emerges through mutations in the β

subunit of RNA polymerase that block binding of rifampicin. These mutations confer a
selective advantage under rifampicin selective pressure, however in absence of rifampicin,
Rif-R mutations are deleterious and incur a fitness cost in MTB. However, MTB can
restore fitness by accumulating secondary mutations in other parts of the β subunit
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or alternatively in the other RNA-polymerase subunits (Gagneux et al., 2006b; Comas
et al., 2012). These secondary mutations are considered compensatory mutations and
have been shown to act by correcting the malfunctioning features of a Rif-R RNA-
polymerase (Stefan et al., 2018). Therefore, by restoring the efficiency of the RNA
polymerase, compensatory mutations in the RNA polymerase ultimately restore the
efficiency of the DNA transcription process.

1.2.5. Problem statement

Transmission of resistant MTB was neglected as a public health threat due to the as-
sumption that the deleterious effect of drug-resistant mutations in absence of drug would
be enough to prevent sustained transmission of drug-resistant TB and therefore subse-
quent maintenance of resistant alleles in the population (Dye et al., 2001; Dye et al.,
2002). However multiple studies support ongoing transmission as the main contributor
to the Rif-R/MDR burden in TB (Shah et al., 2017; Wollenberg et al., 2017; Yang et al.,
2017; Huo et al., 2018).

Current evidence on the role of compensatory evolution as a driver of Rif-R MTB
transmission is conflicting. Compensatory mutations in the subunits of the RNA poly-
merase have been confirmed in global collections of Rif-R/MDR strains (Comas et al.,
2012; Liu et al., 2018). However, while some studies suggest the acquisition of Rif-R
compensatory mutations over time is associated with Rif-R transmission (Huo et al.,
2018; Gygli, 2018). Others, disagree and suggest that compensatory mutations are not
a major contributor to the current MDR-TB epidemic (Liu et al., 2018).

There is a potential underestimation of the genomic landscape of MTB for compen-
sation of Rif-R mutations. So far, the investigation of Rif-R-associated compensatory
evolution has been focused on the target whose functionality is directly affected by Rif-R
mutations, the RNA polymerase. A reasonable decision, considering that restoring the
efficiency of the affected molecular process is one of the most expected paths in compen-
satory evolution. However compensatory evolution can target other functional processes,
not necessarily directly linked to the immediate function affected by a deleterious muta-
tion, but to pleiotropic effects (Harcombe et al., 2009; Szamecz et al., 2014). If there are
additional/unrecognized targets for Rif-R/MDR compensation in MTB, estimations of
the contribution of Rif-R compensation to transmission is potentially underestimated.

In this thesis, we investigate for the first time the possibility of MTB targeting a
wider genomic landscape during adaptation to drug-resistance-related fitness costs. The
research question can then be formally stated as: are there alternative/complementary
routes for compensatory evolution in MTB during adaptation to Rif-R/MDR-related
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fitness costs?

1.2.6. Research motivation
It is undeniable that drug-resistant TB can efficiently transmit from host-to-host to a
point that can become epidemic. If this transmission is mainly driven by compensatory
evolution, we need to identify the targets of compensation. Knowing which mutations
restore fitness offers the possibility to adequately identify and manage drug-resistant
MTB strains that pose a particular threat to public health.
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2.

Objectives and Outline

2.1. Thesis aims

This thesis aims at addressing relatively unexplored aspects of the host and pathogen
biology:

1. the relevance of the host resident microbial communities, in particular those in
the respiratory tract, in the context of TB, and

2. pathway-level molecular mechanisms in MTB that can mitigate the fitness cost of
mutations conferring rifampicin resistance

2.2. Specific objectives

2.2.1. Part I: The airway microbiome and pulmonary TB (PTB)

• Objective 1: To implement a standardized, reproducible and scalable workflow
for the analysis of whole-metagenome shotgun (WMS) sequencing data for micro-
biome studies (Chapter 3).

• Objective 2: To assess the association of active PTB disease with changes in the
composition of commensal microbial communities in the airways of human hosts
(Chapter 4).

• Objective 3: To assess the association between differences in PTB disease mani-
festations and inter-individual variability of the airway microbiome in human hosts
(Chapter 5).
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2.2.2. Part II: Compensation of fitness cost in drug-resistant MTB

• Objective 4: To implement a method that accounts for interactions between
genes to rank the relevance of pathways, given a list of genome-wide single nu-
cleotide variants (SNV), for a group of genomes (Chapter 6).

• Objective 5: To identify pathways affected by putative compensatory mutations
linked to transmission of Rif-R/MDR MTB (Chapter 7).

2.3. Outline
The remainder of this thesis presents its contributions organized in two parts: i) pul-
monary tuberculosis and the airway microbiome. This part contains Chapters 3, 4, and
5; ii) compensation of fitness cost in drug-resistant MTB. This part contains Chapters
6 and 7.

Chapter 3 presents MetaSnk, a reproducible, scalable and modularized workflow for
the analysis of WMS sequencing data. Chapter 3 also describes the details of the
MetaSnk implementation and discusses the advantages of this tool.

Chapter 4 assessed the association of active pulmonary TB disease with changes in
the composition of commensal microbial communities in a comparative study of 216
newly diagnosed PTB cases and 188 household contact controls from Tanzania. We
characterized the microbial composition of sputum specimens by 16S rRNA gene se-
quencing. On the same study population, Chapter 5 assessed the association between
differences in PTB disease manifestations and inter-individual variability of the airway
microbiome in 335 TB patients. Microbial composition of sputum specimens were ad-
ditionally characterized by WMS sequencing using MetaSnk. The studies presented in
both Chapter 4 and 5 took into account intrinsic characteristics of the hosts (age and
sex), nutritional status (underweight and anemia), smoking, season, and co-infections
with HIV, respiratory pathogens and helminths.

Chapter 6 presents GRanMPa (Graph-based Ranking of Mutated Pathways), a python
implementation of a graph-based method for ranking pathways affected by genetic mu-
tations. GRanMPa was used in Chapter 7 to identify pathways putatively involved in
compensation of fitness costs related to drug resistance in MTB.

In the last chapter (Chapter 8), we summarize the key findings of this thesis, and
discuss limitations and implications for future studies.
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Pulmonary tuberculosis and the airway
microbiome





3.

MetaSnk: a tool to boost reproducible
microbiome research

This chapter presents the first contribution of this thesis, the development of MetaSnk,
a workflow for the analysis of whole-metagenome shotgun (WMS) sequencing data.

3.1. Introduction
Metagenomic research of human microbial communities, the human microbiome, has
flourished in the last decade thanks to the use of high-throughput shotgun sequencing
on non-cultured samples. Shotgun sequencing of DNA directly extracted from human
specimens (e.g sputum, stool, vaginal swabs, etc) or environmental samples allows to
characterize the taxonomic and functional composition of their resident microbial com-
munities. In contrast to the amplicon sequencing of phylogenetic markers (e.g variable
regions of the 16S rRNA gene or the 18S rRNA gene), known as metabarcoding, WMS
sequencing data allows to go beyond the genus-level resolution of taxonomic profiles. It
even allows strain-level resolutions of not only the bacterial content of the microbiomes
but also of the less explored fungal and viral components. In addition to the improved
granularity of taxonomic profiles, WMS sequencing data allows to characterize microbial
communities at the functional level, by identifying the collection of genes that constitute
metabolic and regulatory pathways.

The enormous potential of WMS sequencing data comes with technical challenges.
First, new algorithms, methods and tools needed to be developed to accurately and
efficiently detect species and their genes. Second, WMS datasets can be extremely
large, therefore their analysis become computationally demanding and in need of High-
Performance-Computing (HPC) servers. And last but not least, reproducible analysis
of WMS sequencing data is challenged by the difficulty to re-create entire system envi-
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ronments in HPC servers where end-users have limited permissions. In view of the last
need, we implemented MetaSnk.

3.2. Implementation
MetaSnk is a reproducible, scalable and modularized workflow for the analysis of hu-
man WMS data. MetSnk manages the workflow with Snakemake (Köster et al., 2012)
and wraps the operating system and software dependencies with Singularity containers
(Kurtzer et al., 2017). Currently, it allows only the analysis of paired-end shotgun se-
quencing data. The tool is available for download at https://git.scicore.unibas.
ch/TBRU/MetagenomicSnake.

3.2.1. Workflow management with Snakemake

MetaSnk uses Snakemake for the workflow management. This means that all the steps
in the workflow are written as Snakemake rules. A rule is just a step where the expected
input, output, parameters, computational resources, and executing code is declared.

3.2.2. Containerization with Singularity

MetaSnk requires minimal installation of software dependencies. With the exception
of Snakemake ≥ v5.5.0, Singularity ≥ v2.6, Python ≥ v3.6.8 and conda ≥ v4.6, all
software and their further dependencies were installed within Singularity containers.
System requirements, together with software dependencies and installation steps, are
specified in Scientific Filesystem (SCIF) recipes (Sochat, 2018) that are then given to
Singularity to built the containers. The SCIF recipes are available at https://github.
com/mticlla/OmicSingularities, and pre-built container images are hosted by the
public Singularity Hub at shub://mticlla/OmicSingularities. Pre-built containers
are then passed to Snakemake which has a built-in capability to execute the workflow
rules within Singularity containers.

3.2.3. Modules and Tools wrapped

MetaSnk is divided into six main modules:

• pullSIFS

• buildDBS
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• rawQC

• preQC

• PhlAnProf

• HUMAnN2Prof

pullSIFS: MetaSnk wraps system requirements and software dependencies within Sin-
gularity containers. pullSIFS downloads these containers.

buildDBS: MetaSnK uses reference databases. buildDBS downloads these databases.

rawQC: rawQC runs FastQC on a random sample of R1 reads from paired fastq-
format files. Per-sample FastQC reports are then joined into a single html report with
MultiQC (Ewels et al., 2016). Summarizing tables and the MultiQC report are embedded
in a final report that can be generated with MetaSnk once execution of the module is
completed.

rawQC is an independent module, its output files are not required as inputs in other
MetaSnk rules.

preQC : While rawQC performs a quality check, no quality-control (QC) pre-processing
is done. The preQC module runs a multi-step pre-processing of the paired fastq files, it
includes:

• trim_adapters: adapter-trimming with Fastp(Chen et al., 2018). Fastp performs
a quality check and both paired fastq files are processed as follows:

– remove adapters: here we provide the Nextera XT adapters,

– base correction in overlapped regions,

– trimming of the last base in read 1,

– discard reads shorter than a minimum length, after trimming, and

– a report with quality check, before and after processing.

• filter_human: removal of reads derived from human DNA with BBTools’ bbsplit
(Bushnell, n.d.).

• dedupe: removal of duplicated reads with BBTools’ clumpify.

• trim_3end: 3’-end quality trimming with "fastp"
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• concatenate_fastqs: merges fastq files corresponding to the same sample into a
single pair of fastq files.

• summarize_preQC: creates summarizing tables and plots.

PhlAnProf: It performs taxonmic and strain-level profiling using MetaPhlAn2 (Truong
et al., 2015) and StrainPhlAn(Truong et al., 2015; Truong et al., 2017). If preprocessing
(preQC ) was not performed PhlAnProf will trigger its execution.

HUMAnN2Prof: It performs gene- and pathway-level functional profiling using HU-
MAnN2 (Franzosa et al., 2018). If pre-processing(preQC ) and taxonomic profiling with
MetaPhlAn2 was not performed it will trigger their execution.

3.2.4. Installation and configuration

MetaSnk only runs in a Linux environment, either on a local computer or a high-
performance computing (HPC) server; installation steps are the same in both scenarios.
To use MetaSnk, first download the latest release, then set-up the environmental vari-
ables $metasnk and $METASNK_DBS. Variable $metasnk stores the location of the
installation folder and $METASNK_DBS stores the location of the folder where the
databases and the Singularity containers will be downloaded to. Then, create a mini-
mal Conda environment according to the specifications in the Conda environment file
available in the MetaSnk’s installation directory ($metasnk/envs/MetaSnk.yaml). From
within the installation directory, activate the newly created environment and proceed to
download and install the needed containers and the references databases by executing
the pullSIFS and buildDBS modules. You can find the Linux commands to execute
these steps in appendix A1.1.

3.3. Discussion
The analysis of WMS data, from quality control to functional profiling, requires nu-
merous tools and high-performance computational resources. While computational re-
sources can be accessed in HPC servers, users generally do not have permission to install
new tools/software and they need to ask the administrators of the system to install those
tools for them. Installation of tools seems a rather simple process but it can become
tedious and time consuming; time that neither end-users or system administrators have.
Furthermore, given that most WMS data analyses need to be carried in HPC clusters,
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it is extremely difficult to reproduce the computational environment from one HPC
system to another. To overcome these issues, we developed MetaSnk, an automatized
command-line workflow for the analysis of WMS data.

MetaSnk takes advantage of a popular workflow management system, Snakemake, and
of Singularity containers to ensure reproducibility and scalability across Linux environ-
ments. MetaSnk ensures reproducibility in two ways: first, by automatizing every step
in the analysis pipeline with Snakemake and second, by packing most of its dependencies
within Singularity containers. Containerization with Singularity allows MetaSnk to use
pre-built container images that can be downloaded to any Linux system, provided that
the Singularity software is already installed. Thus the numerous-tools-installation prob-
lem is reduced to installing only one tool; saving time to users and system administra-
tors. MetaSnk gains in scalability by being able to integrate its workflow and computing
environment with HPC cluster management and job scheduling systems. MetaSnk cur-
rently provides a configuration profile to run the workflow in a SLURM-managed HPC
systems, but it can be easily extended to work with other systems.

There are already a few tools combining Snakemake with Singularity containers for
WMS data analysis but they have been written to run in a particular HPC target system
(see the Dahak(https://github.com/dahak-metagenomics/dahak) and the Bhattlab
(https://github.com/bhattlab/bhattlab_workflows) workflows); their usage in a
different environment requires to modify either the Snakemake rules, paths to reference
databases, or re-built the containers. MetaSnk does not re-built containers but instead
downloads pre-built ones hosted in a repository (https://singularity-hub.org/).
MetaSnk was written to be easily adapted. These advantages make MetaSnk an im-
portant contribution to the microbiome research community. It facilitates WMS data
analysis and encourages reproducibility.
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4.1 Abstract

4.1. Abstract

Background
Changes to host-associated microbiomes implicated in disease-related pathology, dys-

bosis, are increasingly reported. However, research on the lung microbiome and its role
in infectious diseases such as tuberculosis (TB) is still in its early days. Studies on large
human cohorts from populations at high risk for the disease that control for confounding
factors are lacking. Here, we examined the lung microbiome by 16S rRNA gene sequenc-
ing of sputum DNA, and assessed its association with pulmonary TB (PTB) disease in a
nested case-control study of 216 newly diagnosed PTB cases and 188 household contact
controls from Tanzania. We took into account intrinsic host characteristics (age and
sex), nutritional status (underweight and anemia), smoking, season, and co-infections
with HIV, respiratory pathogens and helminths.

Results
We report that PTB-associated lung microbiome dysbiosis is linked to age, season,

BMI and lung pathology. In this cohort, lung microbial communities from young PTB
cases (18-34 years old) had reduced within sample diversity compared to controls. PTB
was associated with a compositional shift in the lung microbial community that is driven
by core taxa and is affected by season. In this tropical setting, recruitment of PTB cases
peaked during dry and low-precipitation periods, which coincided with periods where
PTB patients had decreased abundance of Streptococcus species and increased abun-
dance of Neisseria species in the lung. Anaerobic bacteria increased in the lungs of
PTB patients regardless of season. We also found that variation in community compo-
sition among PTB patients, is linked to lung pathology in underweight (BMI < 18.5)
patients, suggesting a relationship with the host’s nutritional status.

Conclusions
This study provides new insights on lung microbiome in the context of PTB disease,

the leading cause of death from a single infectious agent globally. Our results suggest
that PTB-associated dysbiosis of the lung microbiome interplays with host-related and
environmental risk factors for PTB.

4.2. Introduction

Tuberculosis is the leading cause of death from a single infectious agent worldwide, with
10.0 million new cases and 1.3 million deaths in 2017 (WHO, 2018). TB in humans is
caused by Mycobacterium tuberculosis (MTB), an intracellular bacteria, member of the
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Mycobacterium tuberculosis complex (MTBC). MTB can infect almost any site of the
human body, but active pulmonary TB (PTB) disease is required for efficient trans-
mission via aerosolized particles released by coughing or sneezing. Exposed individuals
experience a range of outcomes: from resisting infection, to acquiring latent infection,
to falling ill (Drain et al., 2018; Lin et al., 2018; Simmons et al., 2018). Mechanisms
determining these outcomes are still unclear, but growing evidence links them to an
interplay of host, pathogen, and environmental factors (Gagneux et al., 2006a; Chan-
drasekaran et al., 2017; Bastos et al., 2018). The microbial communities inhabiting the
lungs, known as the lung microbiome, has also recently been considered an additional
host-associated factor (Gupta et al., 2018; Namasivayam et al., 2018; Naidoo et al.,
2019).

The mucosa of the lungs and upper airways host dynamic microbial communities
whose composition has been shaped by a gradient of anatomical, physiological and
environmental conditions since the hosts birth (Mika et al., 2015; Bassis et al., 2015;
Dickson et al., 2015a; Man et al., 2017). Consequently, in order to infect the lungs, MTB
organisms have to overcome not only an army of host immune cells but also an army of
microbial cells. The potential role of the lung microbiome in TB infection is based on
growing evidence that microbial communities of the human body can prevent pathogens
from establishing an infection, a process known as ’colonization resistance’ or ’barrier
effect’ (Man et al., 2017; Whiteside et al., 2015; Vayssier-Taussat et al., 2014; Cambier
et al., 2014). Potential mechanisms underlying colonization resistance include diversity
of the resident microbial community, competition effects of specific community members
and interactions with the immune system. The term dysbiosis, although a subject of
criticism, has been coined in reference to an altered state of the human microbiome in
which such mechanisms are disrupted, leading to poor health or disease susceptibility
(Hooks et al., 2017). Accurate characterization of the lung microbiome is challenged by
its low bacterial biomass, which hinders collection of representative biological specimens
negligibly contributed by oral or background contamination during sampling (Marsh et
al., 2018). Despite this limitation, lung microbiome dysbiosis has been demonstrated
as an important factor in cystic fibrosis (CF), chronic obstructive pulmonary disorder
(COPD) and asthma (Marsland et al., 2014; Mika et al., 2018). However, in the context
of TB, studies are scarce and report conflicting results likely due to the small sample sizes
and lack of clinical metadata (Tarashi et al., 2018). Nevertheless, those studies suggest
a shift in microbial composition during infection (Cadena et al., 2018) and disease
(Cheung et al., 2013; Cui et al., 2012) with a potential role in resistance to infection
(Vorkas et al., 2018), progression to disease (Segal et al., 2017), disease recurrence (Wu
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et al., 2013; Scriba et al., 2017), and treatment outcome (Wu et al., 2013).
In this study, we investigated the microbial composition of sputum samples treated

as proxies for the lung microbiome, to provide further insights into the potential rela-
tionship between the lung microbiome and PTB. We included 216 PTB cases, before TB
treatment onset, and 188 household contacts without active PTB recruited in a large
TB cohort in Tanzania. We investigated microbial composition variation of the lung
microbiome in relation to PTB and several disease phenotypes: the level of invasion of
the lungs by Mycobacterial bacilli, severity of lung pathology and the overall disease
severity. We assessed the statistical significance of differences in diversity and microbial
composition while controlling for the effects of age, sex, and factors associated with
PTB including season, smoking, malnutrition and co-infections with HIV, respiratory
pathogens and helminths.

4.3. Methods

4.3.1. Study setting

The study was conducted within the frame of an ongoing prospective cohort study (TB-
DAR) of adult patients (≥ 18 years) with active PTB and household contact controls in
the densely populated urban setting of the Temeke district, Dar es Salaam, Tanzania.
The setting has previously been described in detail (Mhimbira et al., 2019; Mhimbira
et al., 2017; Mhimbira et al., 2016; Steiner et al., 2016; Hiza et al., 2017; Said et al.,
2017; Hella et al., 2018; Sikalengo et al., 2018). Briefly, at recruitment, biological
specimens were collected, including sputum samples (for TB diagnosis) together with
nasopharyngeal swabs (for diagnosis of respiratory pathogens: 16 virus and 6 bacterial
species) (Mhimbira et al., 2019), urine and stool (for diagnosis of 8 helminths) (Sikalengo
et al., 2018; Mhimbira et al., 2017), and blood (for diagnosis of HIV and anemia) (Hella
et al., 2018). See Appendix A.2.1 for further details. Socio-demographic and socio-
economic data, and data on symptoms, previous use of medications and health-seeking
behavior (Said et al., 2017) were also collected from the study participants. Data were
captured electronically via the OpenDataKit (ODK) application (www.opendatakit.org)
on android PC tablets and stored in a regularly backed-up server (Steiner et al., 2016).
In this study, we included newly diagnosed PTB cases, naive to TB treatment, and
exposed household contact controls randomly selected from the TB-DAR cohort over
the period of one year (2014 -2015).
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4.3.2. Collection of respiratory samples, DNA isolation and
sequencing

To ensure high quality sputum samples and comparability, experienced clinicians pro-
vided careful instructions to both cases and controls using a previously validated instruc-
tional video (Mhalu et al., 2015). The specimens were then transported from Temeke
district hospital at 4°C to the Bagamoyo Research and Training Center for processing
(See Appendix A.2.1). Total DNA was extracted from sputum specimens using the
QIAamp DNA Kit (Qiagen, Germany) according to the supplier’s instructions (Spin
Protocol for DNA purification from Blood or Body Fluids). PCR amplification of the
V3-V4 region of the 16S rRNA gene, library preparation and sequencing were performed
following Illumina’s amplicon sequencing standard protocol for paired-end sequencing
(2x300 bp, v3 chemistry) on the MiSeq platform (Illumina, San Diego, CA).

4.3.3. Data Collection and Definitions

From the TB-DAR cohort database, we retrieved and grouped socio-demographic and
clinical data into groups of variables that represented: (i) PTB disease phenotypes, (ii)
MTB intrinsic properties, (iii) host intrinsic properties, (iv) prior host disturbances and
(v) climate. Definitions are as follows:

(i) PTB disease phenotypes

We defined 3 clinical phenotypes: level of invasion of the lungs by MTB (Mycobacte-
rial load), lung pathology and overall disease severity. Mycobacterial load was derived
from the 4-category (“scanty”, “1+”, “2+” and “3+”) Acid-Fast Bacilli (AFB) sputum
smear grading results (see extended methods). We categorized Mycobacterial load into
low (scanty or 1+) and high (2+ or 3+). Lung pathology was graded by a board-
certified radiologist according to chest X-ray findings and was categorized into normal,
mild/moderate and severe. Double readings of X-rays were performed, and discrepan-
cies were resolved by an independent reader. In order to grade disease severity based
on TB symptoms, we adopted an adapted 12-point TB score, as previously described
(Mhimbira et al., 2017). This TB score was then categorized into mild (score of 1-5) or
severe (score of ≥ 6). To account for differences in PTB disease phenotypes due to delay
in diagnosis, duration of diagnostic delay was included based on the longest reported
TB-related symptom and categorized into: ≤ 3 weeks and > 3 weeks, as previously
described (Said et al., 2017).
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(ii) Mtb intrinsic properties

considered only the genetic background or phylogenetic lineage of MTB clinical isolates
determined by lineage-specific allele probes in real-time PCR for singleplex SNP-typing
according to standard protocols (Applied Biosystems, Carlsbad, USA) and as previously
described (Stucki et al., 2018).

(iii) Host intrinsic properties

included age, sex, and the assessment of nutritional status by BMI (kg m−2) and hemoglobin
(Hb, g dL−1) levels. Age was categorized into 4 categories (18-24, 25-34, 35-44, >44).
Low BMI or underweight was defined as BMI <18.5 kg m−2. Low Hb level or anemia
was defined as Hb <10 g dL−1.

(iv) Prior host disturbances

included smoking and co-infections with HIV, respiratory pathogens, and helminths.

(v) Climate:

to account for characteristics of the external environment of the host at time of PTB
diagnosis, we defined 3 precipitation-based season periods: “dry” (from June to Septem-
ber), “short rains” (from October to February) and “long rains” (from March to May).

4.3.4. Taxonomic profiling

De-multiplexed fastq files were processed with the scripts assembled in the QIIME
pipeline v1.9.1 (Caporaso et al., 2010); default parameter settings were selectively ad-
justed to the extended V3-V4 region of the 16S rRNA gene (see Appendix A.2.2). In
brief, read pairs were first joined with SeqPrep, quality filtered as recommended by
(Bokulich et al., 2013), including removal of chimeric sequences with UCHIME (Edgar
et al., 2011), and clustered to define operational taxonomic units (OTUs). The latter
followed the open reference OTU picking method (Rideout et al., 2014) as implemented
in QIIME ; it combines mapping to the reference Greengenes 16S rRNA gene set from
May 2013 (DeSantis et al., 2006; McDonald et al., 2012) and de-novo clustering. OTUs
assigned to genus Mycobacterium and present in at least 10% of the PTB cases were
removed from taxonomic profiles. To visualize and collapse abundances at each tax-
onomic rank, from phylum to OTU, we used Phyloseq R package v1.22.3 (McMurdie
et al., 2013). Outliers, either samples with extreme library sizes within each sequencing
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run or with extremely large distances from group centroids were removed (Fig. 4.1).
For details on how distances were computed, see section 4.3.5. We also determined
membership core sets (Shade et al., 2012), for each group separately, across ranges of
abundance and prevalence thresholds (Salonen et al., 2012) using R-package microbiome
v1.1.10018. Given a particular abundance threshold, we then, defined a common core
(OTUs defined as core in both groups), a controls-core (exclusive to controls) and a
cases-core (exclusive to PTB cases).

4.3.5. Diversity estimations

To measure diversity within each sampling unit, we computed alpha-diversity profiles
based on asymptotic estimations of two diversity measures known as Hill numbers of or-
der “q” (Chiu et al., 2016; Hsieh et al., 2016): Shannon diversity (q= 1, the exponential
of Shannon entropy) and Simpson diversity (q= 2, the inverse of Gini-Simpson index
subtracted from one). Singleton counts (i.e OTUs represented by a single sequence)
were not removed but adjusted as described in (Chiu et al., 2016). All computations
were performed using the R package iNEXT (Hsieh et al., 2016) and the R code pro-
vided in (Chiu et al., 2016). Beta-diversity was quantified based on Jaccard distances
and Bray-Curtis dissimilarities computed with R-package betapart v1.5.1. Overall group
beta-diversity was estimated as the mean of the distances among each sample and the
corresponding group centroid; computed with betadisper from R-package vegan v2.5-2.
When computing distances/dissimilarities, we either removed OTUs below 5% preva-
lence, as suggested in (McCune et al., 2002; Legendre et al., 2012), or considered only
a core set. We applied Hellinger transformation before computing Bray-Curtis dissimi-
larities.

4.3.6. Statistical analysis

We performed statistical analysis with the R software v3.4. We measured the strength
of association of AFB smear-grading results with the abundances of OTUs assigned
to genus Mycobacterium by Spearmans rank-order correlation (rs). When removing
outliers based on extreme values for either library size or distance to centroids, we com-
puted boxplots adjusted for skewed distributions as implemented in robustbase v0.93-3.
To test associations with alpha-diversity and beta-diversity, we performed multivariate
analysis of variance using distance matrices (Anderson, 2001; McArdle et al., 2001) as
implemented in MDMR v0.5.1 (McArtor et al., 2017); the method is also referred as mul-
tivariate distance matrix regression (MDMR). Thus, for alpha-diversity profiles as out-
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comes, we computed a response Euclidean distance matrix with both the Shannon and
Simpson diversity measures. For beta-diversity, we used the Jaccard and Bray-Curtis
distance/dissimilarity matrices. To quantify the effect of predictors on each OTU’s
abundance included in the distance matrices, we computed the δ statistic proposed by
(McArtor et al., 2017). To control for the effect of sampling effort, we always included
the total number of paired-end reads per sample. Post-hoc tests included analysis of
co-variance (ANCOVA), t-tests, non-parametric studentized bootstrap 95% confidence
intervals as implemented in boot v1.3-20. To visualize patterns in community composi-
tion, we applied non-metric multidimensional scaling (NMDS) to the Jaccard distances
and Bray-Curtis dissimilarities. To compare NMDS ordinations based on OTUs with at
least 5% prevalence and ordinations based on the union core microbiota, we computed
Procrustes correlations with vegan v2.5-2.

4.4. Results
We investigated the potential relationship between the lungs’ resident community and
PTB from an ecological perspective; PTB disease is seen as a successful habitat invasion
resulting from the establishment of a non-native species, MTB, in the lungs. Invasion
success is regarded as the result of an interplay of the local community (the microbiome)
diversity, the invader’s intrinsic characteristics (MTB’s genetic background), and the
habitat’s inherent properties (age, sex and nutritional status) and perturbations (smok-
ing and co-infections with HIV, respiratory pathogens and helminths). We also took
into account seasonal variability of precipitation levels as a potential factor affecting
the resident microbial community in the lungs. Thus, after investigating the distribu-
tion of these factors in our cohort, we considered their potential effects when separately
analyzing associations of within/alpha- and between/beta- sample diversity of the lung
microbiome with PTB status. These analyses relied on multivariate distance matrix
regression (MDMR) models. When analyzing associations with PTB clinical pheno-
types, interpreted as levels of invasion success, we took into account MTB’s genetic
background.

4.4.1. Characteristics of cases and controls
We analyzed the lung microbiome of 414 individuals. After processing and stringent
quality filtering of the sequencing data, samples for 404 participants remained, corre-
sponding to 216 PTB cases and 188 controls (Fig. 4.1). Characteristics of PTB cases
and controls are shown in Table 4.1 and in supplementary Table A.2.3-1 and Table
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Study participants enrolled during 2014-2015
Tuberculosis cohort study (TB-DAR)

Dar es Salaam, Tanzania

Randomly selected & available sputum

223
 PTB 
cases
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contact 
controls

Participants included

Amplicon sequencing of 
DNA from sputum samples 

(V3-V4 region of the 16S rRNA gene)
10

Lost to quality filtering*
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 PTB 
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Figure 4.1.: Study Participants included in this study. ∗Quality filtering excluded samples with
extreme library sizes within sequencing runs or with extremely large distances from group
centroids (see Methods)

A.2.3-2. Participants were 18 to 79 years old with a median age of 34 years; 51 (12.6%)
were smokers. PTB cases were more frequent in men compared to control (72.2% vs.
43.1%). The distribution of PTB cases along the seasonal periods of the year differed
(P < 0.001; Chi-squared test): 100 (51.2%) and 76 (35.3%) PTB cases were enrolled
during the dry season (June to September) and the short-rains period (October to Febru-
ary), respectively. Assessment of nutritional status by BMI (kg m−2) and hemoglobin
(g dL−1) measurements revealed that 123 (56.9%) PTB cases whereas only 10 (5.4%)
controls were underweight (BMI <18.5) at the time of TB diagnosis (cases) or study
enrollment (controls). We also observed that 62 (30.8%) PTB cases and 21 (11.6%)
controls had anemia (Hb <10 g dL−1) (Table 4.1).

Overall, 18.5% of participants were HIV+, 19%, 37.9% and 33.2% were infected by
at least one of the screened respiratory viruses, bacteria or helminths. The most com-
mon viruses detected among participants with viral respiratory infections, were: human
rhinovirus (HRV, 52.7%), influenza A (17.6%), respiratory syncytial virus A (RSV A,
9.5%), RSV B (9.5%), adenovirus (8.1%), and coronavirus OC43 (6.7%). Among partic-
ipants with bacterial respiratory infections, Haemophilus influenzae (73%) and Strepto-
coccus pneumoniae (57.3%) were the most common. Strongyloides stercoralis (56.7%),
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Table 4.1.: Characteristics of PTB cases and household contact controls.
PTB status

Cases Controls Total P-valuea

Age group 18-24 33 (15.3) 30 (16) 63 (15.6)
25-34 88 (40.7) 57 (30.3) 145 (35.9)
35-44 59 (27.3) 57 (30.3) 116 (28.7)
>44 36 (16.7) 44 (23.4) 80 (19.8)
Total 216 188 404 0.128

Sex female 60 (27.8) 107 (56.9) 167 (41.3)
male 156 (72.2) 81 (43.1) 237 (58.7)
Total 216 188 404 < 0.001

BMI (kg m−2) category Underweight <18.5 123 (56.9) 10 (5.4) 133 (33.1)
Normal/obese ≥18.5 93 (43.1) 176 (94.6) 269 (66.9)
Total 216 186 402 < 0.001

Hemoglobin level (g dL−1) <10 62 (30.8) 21 (11.6) 83 (21.7)
≥10 139 (69.2) 160 (88.4) 299 (78.3)
Total 201 181 382 < 0.001

Co-Infections
HIV negative 152 (73.8) 169 (89.9) 321 (81.5)

positive 54 (26.2) 19 (10.1) 73 (18.5)
Total 206 188 394 < 0.001

Respiratory virusesb no 164 (78.5) 151 (83.9) 315 (81)
yes 45 (21.5) 29 (16.1) 74 (19)
Total 209 180 389 0.196

Respiratory bacteriab no 113 (62.8) 44 (60.3) 157 (62.1)
yes 67 (37.2) 29 (39.7) 96 (37.9)
Total 180 73 253 0.775

Helminthsc negative 144 (66.7) 126 (67) 270 (66.8)
positive 72 (33.3) 62 (33) 134 (33.2)
Total 216 188 404 1.000

Smoking status no 184 (85.2) 169 (89.9) 353 (87.4)
yes 32 (14.8) 19 (10.1) 51 (12.6)
Total 216 188 404 0.178

Season Short Rains (Oct. - Feb.) 76 (35.3) 74 (39.4) 150 (37.2)
Long Rains (March - May) 29 (13.5) 60 (31.9) 89 (22.1)
Dry (June - Sept.) 110 (51.2) 54 (28.7) 164 (40.7)
Total 215 188 403 < 0.001

Mycobacterial loadd Low 94 (43.5) - 94 (43.5)
High 122 (56.5) - 122 (56.5)
Total 216 - 216

Mtb lineage L1 20 (16.1) - 20 (16.1)
L2 4 (3.2) - 4 (3.2)
L3 54 (43.5) - 54 (43.5)
L4 46 (37.1) - 46 (37.1)
Total 124 - 124

Diagnostic delaye Delay ≤ 3 weeks 55 (25.5) - 55 (25.5)
Delay >3 weeks 161 (74.5) - 161 (74.5)
Total 216 - 216

Prior purchase of medication no 14 (6.5) - 14 (6.5)
yes 202 (93.5) - 202 (93.5)
Total 216 - 216

a Fisher test if both factors have only two levels, a Chi-squared test otherwise. In italic font, values be-
low non-adjusted significance criteria (α = 0.05). In bold, values below Bonferroni-adjusted significance
criteria (α = 0.05/10); b AnyplexT M II RV16 and AllplexT M Respiratory Panel 4, Seegene. 16 respiratory
viruses and 6 bacterial species; c 8 helminth parasites:Ascaris lumbricoides, Enterobius vermicularis, hook-
worm, Hymenolepis diminuta, Schistosoma haematobium, Schistosoma mansoni, Strongyloides stercoralis
and Trichuris trichiura; d Mycobacterial load in the lungs was derived from Acid-Fast Bacilli (AFB)
sputum smear grading (scanty, 1+, 2+, 3+) and categorized into ’Low’ (scanty or 1+) and ’High’ (2+
or 3+); e Duration of diagnostic delay was calculated based on the longest reported TB-related symptom
and categorized into: ’≤3 weeks’ and ’>3 weeks’; PTB, pulmonary tuberculosis
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hookworm (29.9%) and Schistosoma mansoni (21.6%) were the most common helminths
among participants with parasitic infections. When testing the significance of differences
in the distribution of these co-infections among groups, only HIV infection significantly
differed between PTB cases (14%) and controls (5%). Neither lung pathology (assessed
by chest X-ray findings) nor disease severity (assessed by a TB score) was associated
with Mycobacterial load (assessed by AFB sputum smear grading) or the MTB genetic
background among PTB cases (supplementary Table A.2.3-1 and A.2.3-2).

Table 4.2.: Taxonomic summary
Abundance 95% CIa

Phylum (%, Mean) LCI UCI
Firmicutes 48.7 46.10 50.85
Proteobacteria 20.8 19.73 21.80
Bacteroidetes 15.8 14.65 17.61
Actinobacteria 5.9 5.30 6.69
Fusobacteria 4.4 3.86 5.44
TM7 1.7 1.29 2.42
Spirochaetes 0.7 0.53 1.00
GN02 0.6 0.47 0.83
SR1 0.6 0.42 0.82

Genus
Streptococcus 32.8 30.86 35.29
Neisseria 9.8 8.10 11.22
Porphyromonas 7.4 6.32 8.62
Haemophilus 5.4 3.78 7.51
Prevotella 5.3 4.56 6.13
Veillonella 5.0 4.24 5.92
Rothia 4.1 3.39 4.49
Granulicatella 3.0 2.67 3.18
Fusobacterium 2.7 2.15 3.04
Capnocytophaga 1.9 1.54 2.35
Campylobacter 1.6 1.27 2.00
Actinomyces 1.1 0.86 1.40
Leptotrichia 1.1 0.89 1.32
Lautropia 1.0 0.71 1.37
Bulleidia 0.9 0.60 1.41
Treponema 0.7 0.49 1.11
[Prevotella]b 0.6 0.48 0.89

Peptostreptococcus 0.5 0.39 0.97
Selenomonas 0.5 0.44 0.67
a 95% non-parametric confidence interval using the
studentized bootstrap method with 100 replica-
tions; b contested name affiliated with Parapre-
votellaceae, a recommended family proposed by the
Greengenes curators.

35



4.4 Results

4.4.2. Altered microbiome diversity and composition in the sputum
of PTB patients

Sequencing of the bacterial DNA in the sputum samples resulted in 21’042,739 paired-
end read pairs. After merging of the read pairs and quality filtering, 8’773,731 (41.7%)
sequences remained with a median of 20,900 sequences and 751 OTUs per sample.
Overall, 99% of the community composition was covered by 6 bacterial phyla and 3
candidate divisions summarized in Table 4.2. At the genus level, 14 bacterial genera had
mean relative abundances of at least 1% and together covered 81% of the community
composition (Table 4.2). With OTUs as proxies for species, we obtained community
composition profiles and computed alpha- and beta-diversity metrics.

Reduced alpha diversity in sputum microbiome of younger PTB patients

We first investigated if variation of alpha-diversity profiles based on Shannon entropy
and the Gini-Simpson index, was associated with PTB; while controlling potential ef-
fects of host/habitat- and environment- associated factors as described earlier. MDMR
modeling explained 13.6% of total variation in alpha-diversity profiles (P=0.01) and
showed significant marginal effects for season (Pseudo R2=0.029, P=0.03) and sam-
pling effort (Pseudo R2=0.029, P=0.01) but not for PTB status (P=0.1) (Table 4.3).
We then tested if an effect of PTB status on alpha-diversity might depend on sex,
age, nutritional status, co-infections, smoking or season periods. Thus, we fit a sec-
ond MDMR model that included first order interactions between PTB status and such
factors but excluded the aggregate variable accounting for bacterial respiratory infec-
tions (Table 4.3, supplementary Table A.2.3-3). We made this decision to increase the
power of our model, considering that the screening of bacterial respiratory infections
was only possible for 73 (38.8%) controls and it had a non-significant marginal effect in
the first model. This second MDMR model included 357 participants (including the 221
participants of the first model) and showed, after iteratively removing non-significant
interaction terms, that the effect of PTB status on alpha diversity depended on patient
age (Pseudo R2=0.02, P=0.054) (supplementary Table A.2.3-3). An ANCOVA model
on Shannon entropy showed similar results (supplementary Table A.2.3-4). Specifically,
PTB cases had lower Shannon entropy values for age groups <35 years compared to con-
trols (P=0.02, t-test), but differences were not significant above this age (P=0.3, t-test)
(Fig. 4.3A). This finding suggests that PTB infection is associated with less-diverse
lung microbial communities, but only among individuals under 35 years old.
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Table 4.3.: Multivariate distance matrix regression (MDMR) testing associations of alpha-diversity
profiles of sputum communities with PTB while considering host-associated factors, co-
infections, smoking and season.

Multi-factora One-factorb

DF Pseudo R2 P-value Pseudo R2 P-value
Full model 15 0.136 0.0100
Main effects:
PTB status 1 0.010 0.1161 0.048 0.0010
Sex 1 0.004 0.3283 0.003 0.4565
Age group 3 0.015 0.2973 0.017 0.3063
BMI category 1 0.000 0.8398 0.013 0.0841
Hemoglobin level 1 0.004 0.3353 0.001 0.7948
HIV 1 0.000 0.9660 0.002 0.5225
Viral respiratory infections 1 0.002 0.4925 0.003 0.4444
Helminth infections 1 0.002 0.4555 0.001 0.6276
Bacterial respiratory infections 1 0.006 0.2372 0.003 0.3744
Smoking status 1 0.001 0.7447 0.001 0.7297
Season 2 0.029 0.0290 0.046 0.0030
Read pairs 1 0.029 0.0100 0.058 0.0010
Interaction terms:
PTB status x Age group c 3 0.021 0.0541
MDMR models were fit to alpha-diversity profiles based on Euclidean distances computed using
both Shannon entropy and Gini-Simpson index. a Multi-factor MDMR model included PTB status,
host-associated factors (sex, age, BMI, hemoglobin level), co-infections (HIV, respiratory pathogens,
helminths), smoking, seasonal precipitation periods and sequencing depth (read pairs) as explanatory
variables. This model included 221 observations and P-values calculated from 999 permutations. b

Separate MDMR models for each explanatory factor were also fit. cInteraction term from multi-factor
MDMR model that considered interactions between PTB status and all the other factors but ignored
bacterial respiratory infections and included 357 observations (see additional file 2:Table S3).

37



4.4 Results

Season affects changes in microbial community composition

We then investigated if community composition variation (beta-diversity), assessed by
membership-based Jaccard distances and abundance-based Bray-Curtis dissimilarities,
was associated with PTB status. We found a significant overall shift of the micro-
bial community composition of sputum samples from PTB patients, compared to con-
trols. Differences between groups were significant in both Jaccard- (Pseudo R2=0.015,
P<0.001) and Bray-Curtis-based (Pseudo R2=0.023, P<0.001) MDMR models after
controlling for the cofactors mentioned above (Table 4.4); this observation indicates
that differences are driven not only by presence/absence of species but also by differ-
ences in their relative abundances. As with alpha-diversity profiles, we also tested if the
effect of PTB status on microbial composition varies with the levels of the other factors
and found an interaction effect with season (Pseudo R2=0.012, P<0.001, Jaccard-based;
Pseudo R2=0.019, P<0.001, Bray-Curtis based) (Table 4.4).

To further characterize differences in community composition between PTB cases and
controls, we compared the mean relative abundances of the most abundant phyla and
the most abundant genera. We assessed significance of differences between means by the
conservative approach of non-overlapping 95% confidence intervals. Seven out of the nine
most abundant phyla differed between PTB cases and controls: Firmicutes, Proteobac-
teria, Bacteroidetes, Actinobacteria, Fusobacteria, Spirochaetes and SR1 (Fig. 4.2B).
At the genus level, 15 out the 19 most abundant genera differed between PTB cases and
controls (Fig. 4.2C): Streptococcus, Neisseria, Porphyromonas, Prevotella, Veillonella,
Rhotia, Granulicatella, Fusobacterium, Capnocytophaga, Campylobacter, Leptotrichia,
Lautropia, Buleidia, Treponema and Selenomonas. The significance and magnitude of
these differences depended on season periods (Fig 4.3C, supplementary Fig. A.2.4-1).
For instance, differences in mean relative abundance of phyla Firmicutes, Proteobac-
teria and Fusobacteria increased as precipitation along season periods decreased, with
most differences observed during the dry season (supplementary Fig. A.2.4-1). Simi-
larly, at the genus level, genera Streptococcus and Neisseria differed the most during
the dry season (Fig. 4.3C). Conversely, the abundance of certain anaerobic genera (i.e
Veillonella, Fusobacterium, Campylobacter, Bulleida, Lautropia, and Selenomonas) in-
creased in PTB cases, regardless of season period. These findings indicate that while
some differences in relative abundance are season dependent others are not.

38



4.4 Results

Table 4.4.: MDMR analysis testing associations of composition profiles from sputum microbial commu-
nities with PTB status, host-associated factors, co-infections, smoking and season.

PTB cases and controls = 221
OTUs >5% Frequency (n=1653) Core OTUs (n=236)
Jaccard Bray-Curtis Jaccard Bray-Curtis

DF Pseudo R2 P-value Pseudo R2 P-value Pseudo R2 P-value Pseudo R2 P-value
Full model 15 0.119 < 0.001 0.151 < 0.001 0.171 < 0.001 0.151 < 0.001

Main effects:
PTB status 1 0.015 < 0.001 0.023 < 0.001 0.025 < 0.001 0.023 < 0.001
Sex 1 0.004 0.3373 0.004 0.4254 0.003 0.7227 0.004 0.4414
Age group 3 0.013 0.3544 0.012 0.4895 0.010 0.7518 0.012 0.4875
BMI category 1 0.005 0.2402 0.004 0.3183 0.006 0.1081 0.004 0.3003
Hb level 1 0.004 0.5826 0.003 0.6627 0.004 0.4915 0.003 0.6537
HIV 1 0.004 0.2973 0.005 0.1792 0.005 0.1682 0.005 0.1682
Viral respiratory infection 1 0.006 0.0200 0.007 0.0440 0.006 0.1091 0.007 0.0450
Helminth infection 1 0.004 0.7608 0.003 0.6957 0.003 0.7487 0.003 0.7067
Bacterial respiratory infection 1 0.004 0.9179 0.004 0.4815 0.003 0.8348 0.004 0.4865
Smoking status 1 0.004 0.6517 0.004 0.4384 0.003 0.5706 0.004 0.4314
Season 2 0.014 < 0.001 0.020 < 0.001 0.018 0.0020 0.020 < 0.001
Read pairs 1 0.012 < 0.001 0.008 0.0250 0.010 0.0120 0.008 0.0160

PTB cases and controls = 357 (Ignoring status for bacterial respiratory infections)
OTUs >5% Frequency (n=1653) Core OTUs (n=236)
Jaccard Bray-Curtis Jaccard Bray-Curtis

DF Pseudo R2 P-value Pseudo R2 P-value Pseudo R2 P-value Pseudo R2 P-value
Full model 16 0.108 < 0.001 0.156 < 0.001 0.190 < 0.001 0.156 < 0.001

Main effects:
PTB status 1 0.019 < 0.001 0.036 < 0.001 0.048 < 0.001 0.036 < 0.001
Sex 1 0.003 0.1411 0.003 0.1211 0.002 0.3664 0.003 0.1371
Age group 3 0.008 0.3744 0.007 0.5055 0.007 0.5746 0.007 0.5055
BMI category 1 0.003 0.2212 0.003 0.2432 0.003 0.1612 0.003 0.2382
Hb level 1 0.002 0.7908 0.002 0.9439 0.002 0.5495 0.002 0.9459
HIV 1 0.003 0.2653 0.003 0.2222 0.003 0.2252 0.003 0.2222
Viral respiratory infection 1 0.004 0.0290 0.005 0.0230 0.005 0.0310 0.005 0.0230
Helminth infection 1 0.002 0.7007 0.002 0.4775 0.002 0.3594 0.002 0.4535
Smoking status 1 0.002 0.6507 0.002 0.5185 0.002 0.7528 0.002 0.5325
Season 2 0.009 < 0.001 0.011 0.0010 0.007 0.0691 0.011 < 0.001
Read pairs 1 0.016 < 0.001 0.013 < 0.001 0.013 < 0.001 0.013 < 0.001

Interaction terms:
PTB status x Season 2 0.012 < 0.001 0.019 < 0.001 0.019 < 0.001 0.019 < 0.001
Analysis based on Jaccard distances and Bray-Curtis dissimilarities of Hellinger transformed abundances, either considering OTUs with a
frequency of at least 5% or only considering the core set. P-value calculated from same MDMR model with 999 permutations.
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Figure 4.2.: Diversity and composition of sputum communities in PTB cases and household
contact controls. (A) Non-metric multi-dimensional scaling (NMDS) plot based on Bray-
Curtis dissimilarities (left). Dots represent samples coloured by PTB status. Ellipses
indicating one standard deviation about the centroid are plotted for each group. 95%
non-parametric confidence interval (CI) of the mean distance between each sample and
their corresponding group centroid (overall group beta-diversity, see Methods) are also
plot (right); studentized bootstrap method with 100 replications. P value was computed
by multivariate distance matrix regression (MDMR) with 999 permutations (see Table 4.4
and Methods). (B) Community composition at the phylum-level and (C) at the genus-
level stratified by PTB status. Only the 9-top and 19-top most abundant phyla and genera
are displayed with their mean relative abundances and corresponding 95% studentized
bootstrap CIs. Anaerobic or microaerophilic genera are highlighted with *. [Prevotella] is
a contested name affiliated with Paraprevotellaceae, a recommended family proposed by
the Greengenes curators.
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Figure 4.3.: Age and season affect differences in diversity and composition of sputum com-
munities between PTB cases and household contact controls. (A) Distribution
of Shannon diversity (Hill numbers equivalents of Shannon entropy) by PTB status and
age categories. P-values were obtained by a t-test; for multivariate P-values see Table
4.3. (B) NMDS plot based on Bray-Curtis dissimilarities. Dots represent samples coloured
by PTB status and season (Dry, Short-Rains(SR) and Long-Rains(LR)). Ellipses represent
one standard deviation about the centroid for each group. P-value was obtained by MDMR
with 999 permutations (see Table 4.4 and Methods). 95% non-parametric confidence inter-
val (CI) of the mean distance between each sample and their corresponding group centroid
are also plot (right); studentized bootstrap method with 100 replications. (C) Commu-
nity composition at the genus-level stratified by PTB status and season periods. Only
the 19-top most abundant genera are displayed with their mean relative abundances and
corresponding 95% studentized bootstrap CIs. Anaerobic or microaerophilic genera are
highlighted with *. [Prevotella] is a contested name affiliated with Paraprevotellaceae, a
recommended family proposed by the Greengenes curators.

41



4.4 Results

Increased heterogeneity among PTB patient microbiomes

We next measured the overall variability in community composition among samples
(overall beta-diversity) within PTB cases and controls (quantified by mean distance to
group centroid). Based on 95% confidence intervals of means, overall beta-diversity was
significantly higher in PTB cases than in controls (Fig. 4.2A); independent of season
period (Fig. 4.3B). Given that the confidence intervals did not overlap we did not
perform additional tests. This observation implies that communities among PTB cases
were more heterogeneous than those among controls.

Despite all PTB cases being naive to TB treatment before enrollment, 93.5% of them
reported prior self-medication (Table 4.1). Hence increased heterogeneity of sputum
microbial communities and their different composition in PTB cases, compared to con-
trols, might be confounded with self-medication of PTB cases. While disentangling
compositional changes associated to PTB from those associated to self-medication is
difficult, we can however assess the contribution of self-medication to the heterogeneity
of the sputum microbiome among PTB cases. To achieve this, we compared overall
beta-diversity of sputum communities among non-self-medicated PTB cases (NPPM)
to those that reported self-medication (PPM) and also to controls based on averaged
pairwise Bray-Curtis dissimilarities. Random sub-samples, equal in size to the NPPM
group, were taken from the PPM and control groups (Fig S6, right). We found that
sputum communities among NPPM PTB cases were also more heterogeneous than those
among controls but less heterogeneous compared to those among PPM PTB cases. This
finding indicates that, regardless of self-medication, PTB sputum communities are more
heterogeneous but self-medication introduces more variability.

Given that household contact controls shared the same house with a PTB case, we
also investigated if co-habitation had an effect on the resemblance of their sputum
communities and found no significant effect (supplementary Fig. A.2.4-6, left). On
average, PTB cases were as dissimilar to their corresponding household contact control
as to a randomly assigned control.

4.4.3. Core microbiota drives compositional case-control differences

Increased heterogeneity of PTB sputum communities compared to controls could suggest
that dysbiosis of the lung microbiome in PTB is a host-specific process; one involving
the acquisition or loss of species, which can lead to a reduction of taxa commonly
shared by non-dysbiotic lung microbiomes (i.e core microbiota). To further investigate
this premise, we determined membership core sets of taxa at various prevalence/abun-
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Figure 4.4.: Core microbiota drives compositional differences between PTB cases and house-
hold contact controls. (A) Core size by multiple prevalence and relative abundance
thresholds. Core sets were defined for PTB cases and controls separately. (B) Mean Rela-
tive abundance of core OTUs in PTB cases and controls. Each dot represents a core OTU
defined by a single threshold, 60% prevalence in each group. Core OTUs were then clas-
sified as either core for both groups (rigth, common-core), core for the control group only
(middle, controls-core) or core for the case group only (left, cases-core). For each OTU, we
display its mean relative abundances in both PTB cases (red) and controls (blue). Core
OTUs driving the association of sputum community composition with PTB status are
highlighted by a line connecting their mean relative abundances in each group to visualize
mean differences. To visually assess the size of the effect of this difference on driving an
association with PTB status, the line is colored according to the OTU’s MDMR delta score
(see Methods). (C) Differences in abundances of the top 20 core OTUs driving an asso-
ciation with PTB status. From top to bottom, OTUs are sorted by decreasing effect size
(MDMR delta score) and identified by their ID in the greengenes database and either their
species, genus (g) or order (o) classification. The labels are colored by their classification
as common-core (black), controls-core (blue) or cases-core (red). Non-overlapping 95%
studentized bootstrap confidence intervals for the means indicate significant differences. 9
of these OTUs have increased abundances in PTB cases and are either anaerobic bacte-
ria (Fusobacterium spp., Veillonella spp., Lautropia spp. and Bulleidia spp.) or prefer
low-oxygen environments (Campylobacter spp.).
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dance thresholds for PTB cases and controls, separately, and compared their sizes. We
confirmed that PTB cases consistently shared less species, compared to controls, as rep-
resented by a reduced core size (Fig 4.4A). Since changes in abundance or frequency of
core microbiota can serve as biomarkers for PTB-associated dysbiosis, we assessed how
well core OTUs captured the compositional variation of the sputum microbial commu-
nities. Thus, we defined core sets with OTUs shared by at least 60% of the samples
in each group and observed that core sets were composed of 122 OTUs in the PTB
group and of 207 OTUs in the control group. The two sets combined consisting of 236
OTUs: 93, 114, and 29 OTUs were defined as core in both groups (common-core), in
controls (controls-core) and in cases (cases-core), respectively (Fig. 4.4B). Notably, 219
core OTUs (93%) had mean relative abundances below 1%. Procrustes analysis showed
that NMDS ordinations considering only the combined core set strongly correlated with
the original NMDS ordinations (Fig. 4.2A), for both Jaccard- (r=0.872, P=0.001) and
Bray-Curtis based NMDS ordinations (r=0.96, P=0.001). In addition, the associations
of community composition with PTB status, season and their interaction remained sig-
nificant when repeating the MDMR analysis with core-based Jaccard distances and
Bray-Curtis dissimilarities (Table 4.4). These observations indicate that compositional
variation of the lung microbiome is driven by variations in the relative abundance of
mainly low-abundant core OTUs.

PTB-core-taxa is primarily Anaerobic

MDMR delta scores, a measure of effect sizes (McArtor et al., 2017) revealed that
the association of sputum community composition with PTB status was driven by 196
(83%) core OTUs and included all 29 OTUs exclusively classified as core in PTB cases,
cases-core (Fig. 4.4B). Among the top 20 core OTUs with the largest effect sizes, a Neis-
seria OTU together with 9 anaerobic (Fusobacterium spp., Veillonella dispar, Lautropia
spp.) or microaerophilic (Campylobacter spp.) OTUs had higher abundances in PTB
cases (Fig. 4.4C). As previously described at the genus level, the anaerobic bacteria
had higher abundances in PTB cases regardless of season period (supplementary Fig.
A.2.4-2). Conversely, Rothia mucilaginosa, OTUs of genus Granulicatella, Streptococcus,
Porphyromonas and the TM7 oral clone CW040 had higher abundances in controls. De-
spite the low relative abundances of cases-core OTUs in PTB cases (<1%), these OTUs
were present in at least 60% of PTB cases and had even lower abundances in controls
(<0.1%, Fig 4.4B, supplementary Fig. A.2.4-3). Most of these cases-core OTUs (18 out
of 29) belong to anaerobic or microaerophilic bacterial genera as well (supplementary
Fig. A.2.4-3), suggesting that the lung environment of PTB cases is more favorable to
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the growth of anaerobic bacteria.

4.4.4. Low BMI and Lung pathology interact to drive
compositional variation among PTB cases

So far our results showed that PTB disease or the successful lung invasion by MTB,
is associated with diversity and composition of the resident lung microbial community.
These associations however are affected by patient age and season. We next investigated
whether variation in these two global measures of diversity were associated with clinical
phenotypes of PTB disease, interpreted as levels of invasion success. We defined three
clinical phenotypes: (i) Mycobacterial load; (ii) lung pathology (based on chest X-ray
findings); and (iii) disease severity defined by a TB score accounting for symptoms and
signs.

We found that variation of alpha-diversity profiles was not associated with any of the
PTB disease phenotypes (supplementary Table A.2.3-5, Table A.2.3-6). However, vari-
ation of community composition (i.e beta-diversity profiles) was associated with lung
pathology in underweight patients (BMI< 18.5 kg m−2). The effect of this interaction
was significant in both Jaccard-distance- (pseudo R2=0.041, P=0.01; see supplementary
Table A.2.3-7) and Bray-Curtis-dissimilarity-based (pseudo R2=0.051, P=0.01; see sup-
plementary Table A.2.3-7) MDMR models. NMDS plots showed that as lung pathology
becomes more severe in underweight PTB cases, microbial community composition di-
verges from the one in underweight controls (Fig. 4.5A). Given that we only obtained
MTB genetic background information for 40.3% of PTB cases, we repeated the anal-
yses including samples with missing values for this variable and found similar results
(supplementary Table A.2.3-7, bottom). We repeated the analyses considering only core
OTUs, and also found similar results (supplementary Table A.2.3-7). We then identi-
fied which core OTUs contributed to the association with lung injury and underweight
status. MDMR delta scores revealed that 156 (66%) core OTUs contributed to this
association. However, monotonic associations between the relative abundance of these
OTUs and severity of lung pathology were significant for only three OTUs, after ad-
justment for multiple comparisons (Fig 4.5B). Two OTUs of family Neisseriaceae had
positive monotonic relationships with lung pathology in underweight PTB cases. By
contrast, the opposite direction in the relationship is observed for a Streptococcus sp.
These relationships are not observed in non-underweight PTB cases. This trend is also
observed at the genus level when comparing genera Neisseria and Streptococcus (Fig
4.5C).
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Figure 4.5.: Lung pathology contributes to community composition variation among PTB
cases. (A) NMDS plots based on Bray-Curtis dissimilarities of sputum communities in
underweight (left) and not underweight (right) PTB cases, coloured by severity of lung
pathology. Controls (’No TB’, in grey) were included as a visual reference but were not
considered when testing correlations between the ordinations and lung pathology with En-
vfit (9999 permutations). Each plot is accompanied by plots showing the 95% studentized
bootstrap confidence interval (CI) of the mean distances between each sample and its group
centroid. (B) Core OTUs with significant correlations with lung pathology in underweight
PTB cases; Padj , FDR adjusted P-value. (C) Abundance of the 5 most abundant genus
by lung pathology and underweight status displayed with their mean relative abundances
and corresponding 95% studentized bootstrap CIs. From top to bottom, genus are sorted
by decreasing abundance.
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4.5. Discussion
In this study, we aimed to characterize the PTB-associated state of the lung micro-
biome by studying the microbial composition of sputum specimens collected from a
population with a high TB burden in Tanzania. Our comparison of microbial commu-
nities in sputum samples from PTB cases and household contact controls revealed that
there was a detectable lung microbiome dysbiosis in PTB; this PTB-associated dys-
biosis encompassed age-dependent reduction of alpha-diversity and a season-dependent
compositional shift. Compositional variation was driven by a core set of taxa and in-
cluded reduced abundance of Streptococcus species but increased abundance of Neisseria
species and anaerobic bacteria in PTB cases. We also observed that among underweight
patients specifically, increased lung pathology leads to increased divergence in microbial
community composition. Together, these findings suggest an interplay of host-related
factors, the external environment and the lung microbiome in PTB disease.

PTB-associated lung microbiome dysbiosis encompassed age-dependent reduction of
alpha-diversity and a season-dependent compositional shift. Preliminary studies on hu-
man cohorts have attempted to identify the PTB-associated state of the lung microbiome
but their results seem to disagree regarding diversity parameters and shifts in microbial
composition. Potentially as a consequence of their small sample sizes limiting control
for confounding factors and their interactions with PTB status. For instance, Cheung et
al (Cheung et al., 2013) report no differences in alpha-diversity when comparing PTB
cases and controls, but their study cohort had a median age above 35 years, an age
range for which we also find no significant differences. In our cohort, recruitment of
newly diagnosed cases with active PTB peaked among those aged 18-34 years; a trend
also observed globally (WHO, 2018). Coincidentally, alpha-diversity decreased in PTB
cases among young adults (18-34 years). Less diverse communities are usually deemed
less efficient in managing resources and less resilient to environmental stressors which
make them more unstable and susceptible to be invaded by non-native species (Gonzalez
et al., 2011; Kinnunen et al., 2016; Stachowicz et al., 2005). This premise is supported
by studies linking high gut microbiome diversity to resistance against enteropathogenic
infections (Kampmann et al., 2016),and linking presence of commensal bacteria in the
airways to resistance against influenza (Wang et al., 2013). The effects of reduced alpha
diversity on susceptibility or resistance to infection are generally mediated by composi-
tional changes (the overgrowth or loss of certain members of the community). However,
we did not observe an interaction effect between PTB status and age on beta-diversity,
which implies that reduced alpha-diversity of the lung microbiome among young adults
has negligible effect on community composition.
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Seasonal variation of both alpha and beta diversity was observed in this cohort, but
more importantly we observed that season affected the PTB-associated compositional
shift of the lung microbiome. Although there are no reports of seasonal variation of the
lung microbiome, seasonal variation of the microbiome in the upper respiratory tract
has been reported (Bogaert et al., 2011; Mika et al., 2015). This is particularly relevant
for respiratory infections which are well known for their seasonality, with incidence
usually peaking during winter. However, TB incidence seems to peak during spring
or summer, probably as a result of TB long-incubation periods and delay in diagnosis
(Tedijanto et al., 2018). In temperate settings, sunlight-related-deficiency in vitamin
D and a tendency to stay inside the house (household crowding) during winter have
been described as factors explaining seasonal variation in TB incidence (Wingfield et al.,
2014). These explanations do not hold true in tropical settings, where sunlight-exposure
is constant throughout the year and winter does not exist. However, precipitation
determines seasonal periods that go from dryness to heavy rainfalls. In Dar es Salaam 3
periods are defined: dry, short rains and long rains. In our cohort, recruitment of PTB
cases peaked during the dry and short-rains periods; during which, relative abundance
of dominant genera Streptococcus and Neisseria differed the most, suggesting that case
and control lung microbiomes are most divergent during the seasons with the greatest
disease incidence. Season-to-season variation for healthcare seeking behavior has been
proposed as an alternative explanation for TB seasonality in tropical settings. Our
findings however suggest a link with season-to-season variation in the lung microbiome,
though the direction of causality is unclear. To what extend seasonality of the lung
microbiome affects susceptibility to respiratory infections is still unexplored.

In this study, PTB-associated microbiomes have a divergent and more heterogeneous
community as a result of turn-over effects driven by core microbiota; taxa commonly
shared across controls were partially replaced in cases by otherwise rare anaerobic taxa.
As previously reported for dysbiotic microbiomes (Salonen et al., 2012), we observed
that PTB cases when compared to controls consistently had reduced core sizes. This
indicates that PTB cases have a lower number of species in common which consequently
leads to more heterogeneous communities. We hypothesize that this heterogeneity is the
result of individual-based processes (e.g immunity) in response to PTB disease. Despite
the pronounced heterogeneity, sputum communities in PTB cases showed a trend for
accumulation of anaerobic bacteria, regardless of season. For instance, 62% (n=18) of
the core taxa exclusively defined as core in PTB cases were either anaerobic or mi-
croaerophilic, suggesting that the lung environment of PTB cases is more favorable to
the growth of anaerobic bacteria. In the lungs, metabolic by-products of anaerobes
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have been linked to modulation of inflammatory responses (Huffnagle et al., 2017). For
instance, susceptibility to TB in HIV-infected patients under ART has been linked to
inhibition of INF-γ and IL17-A by short-chain-fatty-acids (SCFAs) produced by pul-
monary anaerobic bacteria (Segal et al., 2017). In cystic fibrosis patients, SCFAs have
been linked to inflammation by triggering excessive production of IL-8 (Mirkovi et al.,
2015; Sherrard et al., 2016). Anaerobic bacteria are also present in the oral cavity and
are particularly enriched in dental plaque and periodontal lesions (Alwaeli, 2018; Ue-
matsu et al., 1992) which suggest potential seeding of anaerobes from the oral cavity
to the lungs. Thus, our finding contributes to mounting evidence in support of the
adapted-island model that postulates lung microbiome composition in health is deter-
mined by a continuous trade-off between immigration and clearance of microorganisms
from the oral cavity or the environment (Dickson et al., 2015a).

Notably, this study reports that microbial composition variation among underweight
PTB cases (BMI<18.5) is linked to lung pathology. Our analysis revealed that as
lung pathology becomes severe in underweight PTB cases, the composition of the lung
microbiome becomes more different from the lung microbiome in underweight controls.
We also identified three rare core OTUs whose relative abundances either positively or
negatively correlate with lung pathology only in underweight PTB cases. These are
interesting findings considering that being underweight is not only a strong risk factor
for PTB disease but also for unfavorable treatment outcomes (Imperial et al., 2018).
Although there are no studies on the association of BMI with the lung microbiome,
there is strong evidence about the association between weight and the gut microbiome.
For instance, a recent study reports BMI being strongly associated with the composition
of the gut microbiome (Rothschild et al., 2018), which indicates a strong connection to
human metabolic health. It is not clear how the gut microbiome influences distant body
sites, such as the lungs, and their local microbial communities; multiple studies have
reported gut dysbiosis to be associated with asthma, COPD, cystic fibrosis (Shukla et
al., 2017), and also with PTB (Dumas et al., 2018) and Influenza (Ichinohe et al., 2011;
Yildiz et al., 2018) in mouse models. This gut-lung axis cross-talk (Anand et al., 2018)
is potentially mediated by immunomodulatory effects of metabolites produced by gut
commensal bacteria. For instance, a recent study comparing gut microbiomes of PTB
cases and household contact controls reports that SCFAs producers are enriched in the
gut microbiome of PTB cases with low BMI and with decreased serum levels of total
cholesterol and low density lipoprotein (Maji et al., 2018). SCFAs are recognized as
systemic immunomodulators (Tilg et al., 2015). Thus, in the view of previous evidence
and our results, we postulate that the reported effect of low BMI on the association of
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lung pathology with lung microbiome composition is linked to gut microbiome dysbiosis
in underweight PTB cases.

Sputum samples used as proxies to characterize the lung microbiome often raises the
concern of contamination with microorganisms from the oral cavity. While oral con-
tamination cannot be completely avoided, we focused our efforts to ensure that both
PTB cases and controls provided sputum samples with comparable quality. We followed
stringent guidelines and validated educational videos (Mhalu et al., 2015) to instruct
both suspected PTB cases and controls in the collection of sputum samples. If spu-
tum samples did not reach a quality threshold, participants were asked to take another
sample. Therefore, we do not have evidence that levels of contamination with oral bac-
teria would be significantly different between case and control sputum. This study, as
many others on human cohorts, faced the challenge of self-medication. More than 90%
of cases reported self-medication but we observed that it partially contributed to the
heterogeneity of sputum communities in PTB cases and it was not associated to lung
pathology. Despite these limitations, this study overcomes some of the limitations of
previous studies. First, we minimized batch effects caused by differences in method-
ologies. Second, we assessed the statistical significance of differences in diversity and
microbial composition while controlling for the effects of age, sex, and factors associated
with PTB including season, smoking, malnutrition and co-infections with HIV, respi-
ratory pathogens and helminths. Finally, the comparison of PTB cases to household
contact controls from a population with high TB burden such as Tanzania ensures that
observed differences are not biased by differences in exposure to MTB or to differences
in lifestyles.

Research on lung microbiome and its role on infectious diseases, PTB in particular, is
still in its early days. However, our findings, based on a large human cohort, add more
evidence to PTB being associated with a dysbiotic state of the lung microbiome that
is also linked to lung pathology. Although causation cannot be claimed, we provided
new insights pointing for further research on understanding how seasonal changes of the
lung microbiome might contribute to activation of PTB disease. Our findings also en-
courage further research on the gut-lung-microbiome axis to understand the mechanistic
underpinning behind the strong association between PTB and low BMI. Low BMI is
associated with worse treatment outcomes; therefore if further research demonstrates a
role of the gut-lung-microbiome axis in this association, a door will be opened for new
treatments based on modulating the host’s microbiomes.
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4.6. Conclusion
This study explored the relationship of PTB disease with the diversity and composition
of the lung microbiome in a high TB incidence country, Tanzania. We compared the
microbial communities in sputum samples from new PTB cases and household contact
controls, while taking into account a comprehensive set of co-factors with potential
underlying effects on the lung microbiome. In summary, lung microbiome dysbiosis in
PTB includes reduction of alpha-diversity among young adults, compared to controls;
differences in community composition driven by core taxa and affected by seasonal
precipitation periods; accumulation of anaerobes; and association with lung pathology
among underweight PTB cases. These findings suggest that in the context of PTB, the
lung microbiome interplays with host-related and environmental risk factors for PTB
with implications in clinical presentation. Further research in this cohort will assess
if baseline lung microbiome profiles at time of PTB diagnosis can predict treatment
outcomes.
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5.1. Abstract
Background: Each day, approximately 4000 people die of tuberculosis (TB) and more
than 27 000 people become ill with this disease. TB primarily affects the lungs and
patients with pulmonary TB (PTB) display considerable heterogeneity in their disease
manifestations. It is unclear whether differences in the resident airway microbiome of
TB patients plays a role in this heterogeneity. Here, we investigated this possibility
by characterizing the microbial composition in the sputum of 335 TB patients from
Tanzania, and by assessing its association with three aspects of disease manifestations:
sputum mycobacterial load, severe clinical findings, and chest x-ray (CXR) findings.
Results: Compositional data analysis and graph-based inference of taxon interactions
revealed that the airway microbiome of TB patients was shaped by an inverse relation-
ship between two taxa: Streptococcus and Selenomonas. Specifically, the strength of
this interaction was negatively correlated with phylogenetic diversity and with the ac-
cumulation of transient genera. Furthermore, low body mass index (BMI) determined
the association between community composition variation and abnormal CXRs. This
association was mediated by an increased abundance of Selenomonas, relative to the
abundance of Streptococcus, in underweight patients with lung parenchymal infiltrates
and in comparison to those with normal chest x-rays.
Conclusions: Given the anaerobic metabolism of Selenomonas and the hypoxic envi-
ronment of lung infiltrates, our results suggest that in underweight TB patients, lung
tissue remodeling towards anaerobic conditions favors growth of Selenomonas at the ex-
pense of Streptococcus. These new insights into the interplay among particular members
of the airway microbiome, BMI, and lung parenchymal lesions in TB patients, add a
new dimension to the long known association between low BMI and pulmonary TB.
Keywords: tuberculosis; lung microbiome; sputum; clinical phenotype; season; BMI;
anaerobes
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5.2. Background
Pulmonary TB (PTB) is the main clinical form of TB; an airborne infectious disease
caused by members of the Mycobacterium tuberculosis complex (MTBC), and the leading
cause of death from a single infection. Worldwide during 2018, TB claimed the lives of
1.5 million people and caused 10 million new cases (WHO, 2019) who further spread
the disease via coughing or sneezing MTB-carrying droplets. These droplets originate in
lung lesions that formed after inhaled MTBC bacilli reached the alveoli at the end of the
lower airways, subverted local immunity, replicated inside infected alveolar macrophages,
and triggered inflammatory responses with concomitant lung damage. Lung lesions
might be asymptomatic or might progress to more extended lung tissue damage with
formation of consolidations and/or cavities and accompanied with weight loss, fever,
night sweats, and productive coughing. The later form is known as active pulmonary
disease, required for sustained TB transmission, while the former is known as latent TB
infection; these are opposite ends in a more complex spectrum of infection outcomes
and disease manifestations (Lin et al., 2018).

During active PTB, patients display considerable inter-individual variability in their
symptoms, the extent of lung damage (Lenaerts et al., 2015), and in the characteristics
of lung lesions. The later include differences in radiography patterns, killing efficiency
(i.e mycobacterial load) (Lin et al., 2014), immune cells populations (Lyadova, 2017;
Subbian et al., 2015; Marakalala et al., 2018), and protein abundance (Seto et al., 2020).
These multiple aspects of heterogeneity imply that multiple (micro)environments emerge
in TB-diseased lungs.

Heterogeneous micro-environments have been described in diseased lungs of other res-
piratory disorders, such as chronic obstructive pulmonary disease (COPD) (Kapellos et
al., 2018), cystic fibrosis (CF) (Melnik et al., 2019), asthma (Kuruvilla et al., 2019), and
lung cancer (Altorki et al., 2019). The heterogeneity of diseased lungs is not only char-
acterized by distinct physico-chemical and immunological conditions but also by distinct
microbial communities. These microbial communities are not merely a reflection of local
physiological conditions (Quinn et al., 2018; Quinn et al., 2019), they modulate inflam-
matory responses which mediate lung injury, and are associated to disease severity and
mortality (Wu et al., 2017). For instance, patients with severe asthma have bronchial
airways enriched with Actinobacteria and Klebsiella species (Huang et al., 2015), and
1-year mortality of hospitalized COPD patients was associated with baseline sputum
microbial composition (Leitao Filho et al., 2019).

In pulmonary TB, evidence of the relationship between resident microbial communi-
ties of the respiratory tract (i.e airway microbiome) and disease severity is reduced to

55



5.3 Methods

three studies; one in rhesus macaques (Cadena et al., 2018) and the other two in humans
(Zhou et al., 2015; Nakhaee et al., 2018). The comparability of their results is not only
limited by the different host types but also by different definitions of disease severity.
In view of the scant knowledge of the airway microbiome in TB patients and the re-
lationship with disease severity, we performed a large cross-sectional study of patients
with active pulmonary TB from a high TB burden setting, Dar es Salaam (Tanzania).
For this human cohort, we characterized the airway microbiome by 16S-rRNA-gene am-
plicon (16S-A) and whole-metagenome shotgun (WMS) sequencing of sputum DNA.
Instead of using a single definition of disease severity, we preferred to investigate associ-
ations with multiple aspects of disease manifestations, which encompass complementary
aspects of disease severity. Thus, we investigated associations with mycobacterial load
in the sputum, with radiographic findings (chest x-rays) and with clinical findings (signs
and symptoms).

TB is a complex disease often associated with multiple other factors, including: sex,
age, physical health status (underweight, anemia, smoking, alcohol abuse), season, co-
infections with HIV, respiratory pathogens, and helminths. These factors might also
be associated to severe clinical manifestations and therefore mediate, moderate, or con-
found associations between sputum microbial composition and TB-disease manifesta-
tions. Thus, we also investigated the distribution of these factors in our cohort, their
potential association with TB-disease manifestations, and adjusted for their potential
effect on the sputum microbiome.

This study presents a comprehensive investigation of the hypothesis that inter-individual
variability of the airway microbiome in TB patients is associated with differences in TB-
disease manifestations.

5.3. Methods

5.3.1. Study setting

We included TB patients from an ongoing prospective cohort that studies the clinical
and molecular epidemiology of TB in the Temeke district of Dar es Salaam, Tanzania
(TB-DAR). Tanzania is among the top 20 countries with the highest TB incidence;
142 000 new TB cases were estimated in Tanzania during 2018, 28% of them were co-
infected with HIV (WHO, 2019). The city of Dar es Salaam has the the highest TB
incidence in the country (20 % of TB cases notified during 2018) (National Tuberculosis
and Leprosy Annual Report 2018). The Temeke district is a densely populated urban
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setting accounting for one third of the TB cases from Dar es Salaam Said et al., 2017.

Study population and procedures

We conducted a cross-sectional study nested within the ongoing TB-DAR cohort. The
study population and the procedures of this cohort have been previously described in
detail (Mhimbira et al., 2019; Sikalengo et al., 2018; Hella et al., 2018; Mhimbira et
al., 2017; Said et al., 2017; Hiza et al., 2017; Steiner et al., 2016; Mhimbira et al.,
2016). Briefly, at the Temeke district hospital and since November 2013, TB-DAR has
been recruiting sputum smear positive or Xpert MTB/RIF positive adult TB patients
(≥ 18 years of age). TB was further confirmed by sputum culture in Löwenstein-Jensen
(LJ) solid media; clinical isolates were further analyzed by lineage-specific allele probes
in real-time PCR for singleplex SNP-typing according to standard protocols (Applied
Biosystems, Carlsbad, USA) and as previously described (Stucki et al., 2018). In this
study, from the 663 patients, recruited between November 2014 and November 2015, we
randomly selected 335 TB cases.

At time of TB diagnosis, participants were interviewed to collect data on socio-
demographic characteristics, lifestyle, symptoms, previous use of medications, and health-
seeking behavior (Said et al., 2017). Patients underwent physical and chest X-ray ex-
amination (CXR). Before initiation of TB treatment, biological specimens (sputum,
naso-pharyngeal swabs, blood, urine, and stool) were collected as previously described
(Mhimbira et al., 2019; Hella et al., 2018; Mhimbira et al., 2017) for further investigation
of anemia and co-infections. Investigated co-infections included HIV, helminths (Mhim-
bira et al., 2017), and respiratory pathogens (Mhimbira et al., 2019). For HIV-positive
patients, CD4+ T cell counts were also obtained.

5.3.2. Collection of sputum samples and DNA extraction

To ensure comparability and quality of sputum samples, health-care workers provided
video-guided instructions to all participants and asked them to only submit specimens
collected during early-morning. The use of the sputum submission instructional video,
for improvement of sputum quality, was previously validated by Mhalu and colleagues
(Mhalu et al., 2015). At the time of specimen reception, laboratory technicians visually
assessed quality and volume; second samples were requested if salivary-like (transparent
and watery specimen with bubbles) specimens were submitted. Accepted sputum sam-
ples were transported from Temeke district hospital at 4°C to the Bagamoyo Research
and Training Center for processing. Total DNA was extracted from sputum specimens
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using the QIAamp DNA Kit (Qiagen, Germany) according to the supplier’s instructions
(Spin Protocol for DNA purification from Blood or Body Fluids).

5.3.3. Amplicon sequencing

We followed Illumina’s 16S amplicon sequencing library preparation protocol (16S Metage-
nomic Sequencing Library Preparation: Preparing 16S Ribosomal RNA Gene Amplicons
for the Illumina MiSeq Sytem 2013). The protocol included: i) PCR amplification of the
V3-V4 region of the 16S rRNA gene with primers PCR1_Forward (50 bp, 5’-TCGTC
GGCAGCGTCAGATGTGTATAAGAGACAGCCTACGGGNGGCWGCAG-3’), and
PCR1_Reverse (55 bp, 5’-GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGG
ACTACHVGGGTATCTAATCC-3’); ii) library preparation with the Nextera XT In-
dex Kit, and iii) paired-end sequencing (2»300 bp, v3 chemistry) on the MiSeq platform
(Illumina, San Diego, CA).

5.3.4. Whole metagenome shotgun sequencing

DNA samples were first selected based on their quality (limited degradation and high
concentration) as assessed by DNA gel electrophoresis (1:10 DNA dilutions run on
1% agarose gels at 90 volts for 45 minutes). DNA concentration was determined by
PicoGreen quantification with Qubit and normalized to 0.2 ng/ul. Dual-indexed paired-
end libraries were prepared using the Nextera XT DNA Library Prep kit; the standard
protocol was followed at the sequencing facility of FISABIO (Foundation for the Pro-
motion of Health and Biomedical Research in the Valencian Community). Paired-end
sequencing (2x150 bp) on the HiSeq 2500 platform was done at the Department of
Biosystems Science and Engineering (D-BSSE) of ETH Zürich. Background controls
(water) and a mock community (20 strain even mix genomic material, ATCC® MSA-
1002™ ) were included during the entire workflow.

5.3.5. Data definitions

Newly diagnosed TB cases were defined as TB patients that never received TB treat-
ment or received TB treatment for less than one month. We further stratified those
patients by multiple aspects of disease manifestations: mycobacterial load in their spu-
tum, severity of clinical findings (signs and symptoms), and presence of radiologic signs
(lung parenchymal infiltrates, cavities, lymphadenopathy, micronodules, pleural efus-
sion, etc) in CXRs.
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To define sputum mycobacterial load as low or high, we used sputum acid-fast bacilli
(AFB) smear results. Sputum AFB smear results were expressed as quantitative cat-
egories (“Scanty”, “1+”, “2+”, and “3+”) that grade the number of AFB per number
of microscopic fields. We defined sputum mycobacterial burden as high if AFB smear
result were “2+”(1-10 AFB per field, 50 fields) or“3+”(> 10 AFB per field, 20 fields);
and as low if AFB smear result were “Scanty”(1-9 AFB in 100 fields) or “1+”(10-99
AFB in 100 fields). To define clinical findings as mild or severe, we adapted the TB
score (Mhimbira et al., 2017) defined by Wejse and colleagues (Wejse et al., 2008). The
TB score was expressed as cumulative points (from 0 to 12) that quantify the number
of clinical findings observed in a patient during physical examination. Twelve clinical
findings were considered: i) cough, ii) haemoptysis, iii) dyspnoea, iv) chest pain, v) night
sweating, vi) anaemic conjuctivae, vii) positive finding at lung auscultation (crepitation,
rhonci, subdued, or complete absence of respiratory sounds), viii) fever (temperature >

37 °C), ix) mid upper arm circumference (MUAC) < 220 mm, x) MUAC < 200 mm, xi)
BMI < 18 kg m−2, and xii) BMI < 16 kg m−2. As in Mhimbira and colleagues (Mhimbira
et al., 2017), we defined clinical findings as severe if the TB score was ≥ 6; and as mild,
otherwise. To screen for lung abnormalities, double readings of CXRs were performed by
board-certified radiologists, and discrepancies were resolved by an independent reader.

To account for differences in disease manifestations due to delay in diagnosis, duration
of diagnostic delay was included based on the longest reported TB-related symptom
and categorized into: ≤ 3 weeks and > 3 weeks, as previously described by Said and
colleagues (Said et al., 2017). Differences in clinical manifestations might be associated
to differences in the genetic background of MTB, thus we included the SNP-typing
results of the MTB clinical isolates.

Socio-demographic variables included sex and age. Physical health status parame-
ters included BMI, anemia, smoking, and alcohol abuse. Co-infections included HIV,
helminths, viral and bacterial respiratory pathogens.

5.3.6. Taxonomic profiling

16S amplicon sequencing (hereafter 16S-AS) reads were processed with QIIME2 plug-
ins(Bolyen et al., 2019). Briefly, after quality inspection of paired-end sequences with
QIIME2’s “demux” plugin, we further processed the first sequence of each pair with
DADA2 (Callahan et al., 2016); we run the denoise-single method of QIIME2’s dada2
plugin, followed default parameter settings but adjusted the number of bases trimmed
at the 5’- and 3’- ends. To create a phylogenetic tree of the resulting amplicon sequence
variants (ASVs), we run the q2-fragment-insertion plugin which uses the SATé-enabled
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phylogenetic placement (SEPP)(Mirarab et al., 2012) algorithm to insert our ASVs into
the reference phylogeny of 16S rRNA gene sequences in Greengenes v13.8 (reference
sequences clustered at 99% sequence similarity) (Janssen et al., 2018); unplaced ASVs
were removed. Finally, we used the q2-feature-classifier plugin (Bokulich et al., 2018) to
assign taxonomic classifications to our ASVs; we first retrained the classifier with 16S
V3-V4 fragments extracted from the Greengenes 13.8 reference sequences.

Whole-metagenome shotgun (WMS) reads were processed with an in-house analy-
sis pipeline that performs quality pre-processing, taxonomic profiling, and functional
profiling. Quality pre-processing included adapter/quality trimming, and filtering with
fastp(Chen et al., 2018); removal of reads derived from human DNA with BBTools’(Bush-
nell, n.d.) bbsplit; and removal of duplicated reads with BBTools’ clumpify. Taxonomic
profiling was performed with MetaPhlAn2(Truong et al., 2015) and functional profiling
with HUMAnN2(Franzosa et al., 2018).

5.3.7. Assessment of background contamination

We used R package decontam(Davis et al., 2018) to identify contaminant DNA se-
quences. For the 16S-AS dataset, decontam used the DNA concentration of sputum
samples to identify contaminant ASVs whose frequency varied inversely with total DNA
concentration (frequency-based identification). For the WMS dataset, the frequency-
based identification was complemented with prevalence-based identification; presence of
contaminants in background controls.

5.3.8. Diversity estimations

To quantify diversity within each sputum sample (alpha diversity), we used the 16S-
AS taxonomic profiles to compute Faith’s phylogenetic diversity (PD) metric, as im-
plemented in QIIME2; we preferred the PD metric because it considers phylogenetic
differences between taxa which makes PD more robust to sequencing errors that could
inflate the number of taxa in a sample. To minimize the effect of differences in se-
quencing depth, we computed rarefaction curves to set a threshold for even sampling
(i.e equal number of sequences) across all samples before computing the PD metric.
To quantify differences in community composition among samples (beta diversity) and
identify variability patterns, we computed Euclidean distances among taxonomic pro-
files (i.e taxon abundances) that were centred log-ratio (clr) transformed (logarithm of
the ratio between the abundance of a taxon in a sample and the geometric mean of
all taxon abundances in the same sample). Zero abundances were replaced following
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Martin-Fernández et al.’s approach (Martín-Fernández et al., 2014); implemented in
cmultRepl of the R package zCompositions.

5.3.9. Compositional network reconstruction

To infer associations among taxa, we created genus-level and species-level interaction
networks with SParse InveresE Covariance Estimation for Ecological ASociation In-
ference (SPIEC-EASI); available as an R package. SPIEC-EASI uses clr-transformed
abundances to infer a graph model where nodes represent taxa and edges represent
associations between taxa that cannot be explained by alternative paths in the graph
(Kurtz et al., 2015). We selected the neighborhood selection method of SPIEC-EASI.
To infer species-level interaction networks, we used the WMS taxonomic profiles and
considered only those species present in at least 3 samples. To infer genus-level interac-
tion networks, we used the 16S-AS taxonomic profiles and considered only those genera
present in at least 5% of the samples included in the dataset; genera are more likely to
be shared across samples, thus we increased the presence threshold.

5.3.10. Statistical analysis

We performed statistical analysis with the R software v3.6. To investigate if com-
positional and structural changes of the microbial communities in the sputum of TB
patients were associated with clinical manifestations of pulmonary TB at time of diag-
nosis, we performed transformation-based redundant analysis (tb-RDA) as implemented
in R-package vegan v2.4. Genus-level abundances were clr-transformed. When testing
associations with uni-variate response variables (e.g PD metric), we used the R-package
car v3.0 to perform multi-way analysis of variance and co-variance; response variables
were log transformed if not normally distributed and continuous explanatory variables
were always scaled. When comparing means among groups, p-values were adjusted for
multiple comparisons following Holm-Bonferroni method.

5.4. Results

5.4.1. Cohort characteristics

From November 2013 to November 2015, 663 new TB cases were enrolled at the Temeke
district hospital in Dar es Salaam, Tanzania. We randomly selected 335 (53%) of those
enrolments to investigate the microbial composition of their sputa and its potential rela-
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Figure 5.1.: Explanatory diagram of our study.

tionship with three aspects of disease manifestations, at time of diagnosis, which include:
i) high mycobacterial burden in sputum, ii) severe clinical findings (signs and symptoms),
and iii) chest X-ray findings (Fig. 5.1). In our study population and across categories
of TB-disease manifestations, the distributions of demographics, physical health status,
co-infections, non-TB medication, delay in diagnosis, season, and MTB genetic back-
ground are summarized in Table 5.1. Consistent with previous studies on this cohort,
most TB cases were males (72%), had anemia (74%), and were underweight (53%). A
large proportion of TB cases were recruited during the Dry season (42%). Also, signif-
icant proportions were co-infected with HIV (23%), helminths (33%), viral (21%) and
bacterial (34%) respiratory pathogens; 16% were smokers and 19% were alcohol abusers.
Additionally, 70% reported a delay in TB diagnosis of more than three weeks, and 94%
reported to have received non-TB medications before diagnosis.

Pulmonary TB manifests in CXRs as parenchymal infiltrates/consolidations, cavities,
pleural effusion, lymphadenopathy, and micronodules. As summarized in Table 5.2, in
this cohort, parenchymal infiltrates were the most common (63%, n=157), followed by
cavities (36%, n=89), pleural effusion (12%, n=29), lymphadenopathy (10%, n=25),
and micronodules (5%, n=13).
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Factors associated with manifestations of active pulmonary TB

We only observed a few associations with any of the three aspects of disease manifesta-
tions investigated in this study (see Table5.2): i) smoking with high mycobacterial load
in sputum (p = 0.005; Chi-squared test), 21% of patients with a high mycobacterial load
in sputum were smokers as compared to 9% of patients with low mycobacterial load;
ii) HIV with normal CXRs, 48% of patients with normal CXRs had HIV as compared
to only 18% of those with abnormal CXRs; iii) TB-diagnosis delay with severe clinical
findings (p = 0.036; Chi-squared test), 78% of patients with severe clinical findings had
a delay in TB diagnosis (of more than three weeks) as compared to 66% of TB patients
with mild clinical findings; and iv) underweight nutritional status, anemia, and high
respiratory rate with severe clinical findings, as compared to patients with mild clinical
findings, which is expected given that these factors are clinical parameters considered
in the TB score used to grade clinical findings as severe.

We also investigated if clinical manifestations were associated with each other (see
5.2). In this cohort, severe clinical findings were neither associated with high mycobac-
terial load in sputum nor with abnormal CXRs. In addition, abnormal CXRs were
not associated with high mycobacterial load. However, when looking at specific types
of CXR findings, we found that the presence of lung parenchymal infiltrates and the
presence of cavities were associated with more severe clinical findings (p = 0.013 and
p = 0.027; Chi-squared test). The associations of severe clinical findings with presence
of lung infiltrates and presence of cavities were mediated by associations of those CXR
findings with lower BMI (p = 0.032 and p < 0.001; t-test), in comparison to patients
with mild clinical findings (see Table 5.3). Additionally, there was a significant effect
for sex (p = 0.001; Chi-squared test) on the presence of parenchymal infiltrates, males
were more prone (70 %) than females (48%) to have lung infiltrates.

5.4.2. Description of the sequencing data

We analyzed the total DNA of all sputum samples (335 patients) by 16S rRNA gene
amplicon sequencing (16S-AS). We obtained about 24.6 million reads, average number
of reads per sample was 73,525 ( ±54, 686). After filtering, denoising and chimera
removal with DADA2, 12.4 million sequences remained; samples had an average of
36,968 (±26, 175) reads and 200 (±131) amplicon sequence variants (ASVs). Additional
filtering removed 61 ASVs flagged as contaminants, and 28 observations which had less
than 12,000 reads (threshold at which most samples approached plateau in richness
rarefaction curves), which left us with 307 16S-AS abundance profiles.
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Table 5.1.: Characteristics of TB patients and associations with disease manifestations
Mycobacterial loadd Clinical findings CXR findings

Characteristics Total Low High p.valuea Mild Severe p.valuea Normal Abnormal p.valuea

(N=335) (N=128) (N=207) (N=224) (N=111) (N=59) (N=189)
Demographics

Sex 0.692 0.543 0.482
Male 241 (71.94%) 90 (70.31%) 151 (72.95%) 164 (73.21%) 77 (69.37%) 38 (64.41%) 133 (70.37%)
Female 94 (28.06%) 38 (29.69%) 56 (27.05%) 60 (26.79%) 34 (30.63%) 21 (35.59%) 56 (29.63%)

Age (years) 0.475 0.149 0.794
Median (IQR) 33.00 (14.00) 33.00 (14.00) 33.00 (14.00) 34.00 (15.00) 31.00 (13.00) 33.00 (13.00) 33.00 (16.00)

Physical health parameters
BMI (kg/m2) 0.678 <0.001 0.378

Median (IQR) 18.27 (3.85) 18.27 (4.24) 18.26 (3.62) 19.49 (2.98) 16.07 (1.84) 19.15 (3.35) 18.22 (3.64)
Nutritional status 0.774 <0.001 0.120

Normal weight 146 (43.58%) 57 (44.53%) 89 (43.00%) 138 (61.61%) 8 ( 7.21%) 34 (57.63%) 80 (42.33%)
Underweight 176 (52.54%) 65 (50.78%) 111 (53.62%) 73 (32.59%) 103 (92.79%) 23 (38.98%) 100 (52.91%)
Obesity 13 ( 3.88%) 6 ( 4.69%) 7 ( 3.38%) 13 ( 5.80%) 0 ( 0.00%) 2 ( 3.39%) 9 ( 4.76%)

Hemoglobin (g/dL) 0.134 0.005 0.612
Median (IQR) 11.20 (2.90) 11.50 (3.30) 11.10 (2.90) 11.60 (2.80) 10.70 (3.10) 11.25 (3.72) 11.10 (2.70)
Missing 18 7 11 15 3 7 6

Anemia status 0.039∗ 0.054 0.459
No anemia 81 (25.55%) 38 (31.40%) 43 (21.94%) 61 (29.19%) 20 (18.52%) 16 (30.77%) 42 (22.95%)
Mild 94 (29.65%) 34 (28.10%) 60 (30.61%) 62 (29.67%) 32 (29.63%) 13 (25.00%) 54 (29.51%)
Moderate 120 (37.85%) 46 (38.02%) 74 (37.76%) 76 (36.36%) 44 (40.74%) 19 (36.54%) 79 (43.17%)
Severe 22 ( 6.94%) 3 ( 2.48%) 19 ( 9.69%) 10 ( 4.78%) 12 (11.11%) 4 ( 7.69%) 8 ( 4.37%)
Missing 18 7 11 15 3 7 6

Respiration rate (breaths/min) 0.156 <0.001 0.607
Median (IQR) 17.00 (5.00) 16.00 (4.00) 17.00 (5.00) 16.00 (4.00) 19.00 (8.00) 16.00 (5.00) 18.00 (4.00)

Smoker 0.005 0.146 >0.999
No 281 (83.88%) 117 (91.41%) 164 (79.23%) 193 (86.16%) 88 (79.28%) 52 (88.14%) 165 (87.30%)
Yes 54 (16.12%) 11 ( 8.59%) 43 (20.77%) 31 (13.84%) 23 (20.72%) 7 (11.86%) 24 (12.70%)
Cigarettes per day 0.545 0.433 >0.999
Count 54 11 43 31 23 7 24
Median (IQR) 7.00 (6.25) 6.00 (7.00) 8.00 (5.00) 8.00 (9.50) 7.00 (5.00) 6.00 (4.50) 6.50 (4.50)

Alcohol abuse 0.218 >0.999 0.580
No 270 (80.60%) 108 (84.38%) 162 (78.26%) 181 (80.80%) 89 (80.18%) 50 (84.75%) 152 (80.42%)
Yes 65 (19.40%) 20 (15.62%) 45 (21.74%) 43 (19.20%) 22 (19.82%) 9 (15.25%) 37 (19.58%)

Co-Infections
HIV 0.233 0.597 <0.001
Negative 245 (76.56%) 87 (72.50%) 158 (79.00%) 163 (75.46%) 82 (78.85%) 28 (51.85%) 150 (81.52%)
Positive 75 (23.44%) 33 (27.50%) 42 (21.00%) 53 (24.54%) 22 (21.15%) 26 (48.15%) 34 (18.48%)
Missing 15 8 7 8 7 5 5
CD4+ T cell counts (cells/ul) 0.940 0.604 0.222

<200 22 (52.38%) 9 (56.25%) 13 (50.00%) 15 (48.39%) 7 (63.64%) 8 (44.44%) 12 (70.59%)
>=200 20 (47.62%) 7 (43.75%) 13 (50.00%) 16 (51.61%) 4 (36.36%) 10 (55.56%) 5 (29.41%)

Previous ART 0.806 0.798 0.736
No 310 (94.51%) 117 (95.12%) 193 (94.15%) 205 (94.04%) 105 (95.45%) 52 (94.55%) 180 (95.24%)
Yes 18 ( 5.49%) 6 ( 4.88%) 12 ( 5.85%) 13 ( 5.96%) 5 ( 4.55%) 3 ( 5.45%) 9 ( 4.76%)
Missing 7 5 2 6 1 4 0

Respiratory virusesb 0.238 0.226 >0.999
Negative 227 (78.55%) 82 (74.55%) 145 (81.01%) 155 (80.73%) 72 (74.23%) 41 (77.36%) 123 (77.36%)
Positive 62 (21.45%) 28 (25.45%) 34 (18.99%) 37 (19.27%) 25 (25.77%) 12 (22.64%) 36 (22.64%)
Missing 46 18 28 32 14 6 30
Respiratory bacteriab 0.587 0.975 0.705
Negative 174 (65.91%) 66 (63.46%) 108 (67.50%) 112 (66.27%) 62 (65.26%) 31 (63.27%) 98 (67.59%)
Positive 90 (34.09%) 38 (36.54%) 52 (32.50%) 57 (33.73%) 33 (34.74%) 18 (36.73%) 47 (32.41%)
Missing 71 24 47 55 16 10 44
Helminthsc >0.999 0.521 0.831
Negative 223 (66.57%) 85 (66.41%) 138 (66.67%) 146 (65.18%) 77 (69.37%) 40 (67.80%) 133 (70.37%)
Positive 112 (33.43%) 43 (33.59%) 69 (33.33%) 78 (34.82%) 34 (30.63%) 19 (32.20%) 56 (29.63%)

Season 0.417 0.069 0.664
Short Rains (Oct. - Feb.) 121 (36.23%) 52 (40.62%) 69 (33.50%) 87 (39.01%) 34 (30.63%) 20 (33.90%) 76 (40.21%)
Long Rains (March - May) 74 (22.16%) 26 (20.31%) 48 (23.30%) 53 (23.77%) 21 (18.92%) 15 (25.42%) 46 (24.34%)
Dry (June - Sept.) 139 (41.62%) 50 (39.06%) 89 (43.20%) 83 (37.22%) 56 (50.45%) 24 (40.68%) 67 (35.45%)
Missing 1 0 1 1 0 0 0

MTBC lineage 0.997 0.967 0.098
L1 40 (17.70%) 15 (18.29%) 25 (17.36%) 26 (17.45%) 14 (18.18%) 6 (22.22%) 26 (18.06%)
L2 8 ( 3.54%) 3 ( 3.66%) 5 ( 3.47%) 5 ( 3.36%) 3 ( 3.90%) 1 ( 3.70%) 5 ( 3.47%)
L3 102 (45.13%) 37 (45.12%) 65 (45.14%) 69 (46.31%) 33 (42.86%) 6 (22.22%) 68 (47.22%)
L4 76 (33.63%) 27 (32.93%) 49 (34.03%) 49 (32.89%) 27 (35.06%) 14 (51.85%) 45 (31.25%)
Missing 109 46 63 75 34 32 45

TB Diagnostic delaye >0.999 0.036∗ 0.703
Delay <= 3 weeks 102 (30.45%) 39 (30.47%) 63 (30.43%) 77 (34.38%) 25 (22.52%) 20 (33.90%) 57 (30.16%)
Delay >3 weeks 233 (69.55%) 89 (69.53%) 144 (69.57%) 147 (65.62%) 86 (77.48%) 39 (66.10%) 132 (69.84%)

Non-TB medication 0.378 0.126 0.913
No 20 ( 5.97%) 10 ( 7.81%) 10 ( 4.83%) 17 ( 7.59%) 3 ( 2.70%) 4 ( 6.78%) 10 ( 5.29%)
Penicillins 264 (78.81%) 100 (78.12%) 164 (79.23%) 172 (76.79%) 92 (82.88%) 47 (79.66%) 149 (78.84%)
Other 51 (15.22%) 18 (14.06%) 33 (15.94%) 35 (15.62%) 16 (14.41%) 8 (13.56%) 30 (15.87%)

a t-test if continuous variable, a Chi-squared test otherwise. In bold, values below Bonferroni-adjusted significance criteria (α = 0.05/20); b AnyplexT M II RV16 and AllplexT M

Respiratory Panel 4, Seegene. 16 respiratory viruses and 6 bacterial species; c 8 helminth parasites:Ascaris lumbricoides, Enterobius vermicularis, hookworm, Hymenolepis
diminuta, Schistosoma haematobium, Schistosoma mansoni, Strongyloides stercoralis and Trichuris trichiura; d Mycobacterial load in the lungs was derived from Acid-Fast
Bacilli (AFB) sputum smear grading (scanty, 1+, 2+, 3+) and categorized into ’Low’ (scanty or 1+) and ’High’ (2+ or 3+); e Duration of diagnostic delay was calculated
based on the longest reported TB-related symptom and categorized into: ’≤3 weeks’ and ’>3 weeks’; PTB, pulmonary tuberculosis
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Table 5.2.: Associations among TB-disease manifestations
Mycobacterial loadb Clinical findings

Variable Total Low High p.valuea Mild Severe p.valuea

(N=335) (N=128) (N=207) (N=224) (N=111)
Mycobacterial loadb <0.001 >0.999
Low 128 (38.21%) 128 (100.00%) 0 ( 0.00%) 86 (38.39%) 42 (37.84%)
High 207 (61.79%) 0 ( 0.00%) 207 (100.00%) 138 (61.61%) 69 (62.16%)
Clinical findings >0.999 <0.001
Mild 224 (66.87%) 86 (67.19%) 138 (66.67%) 224 (100.00%) 0 ( 0.00%)
Severe 111 (33.13%) 42 (32.81%) 69 (33.33%) 0 ( 0.00%) 111 (100.00%)
CXR findings 0.097 0.260
Normal 59 (23.79%) 29 (29.90%) 30 (19.87%) 44 (26.19%) 15 (18.75%)
Abnormal 189 (76.21%) 68 (70.10%) 121 (80.13%) 124 (73.81%) 65 (81.25%)
Missing 87 31 56 56 31
Lung infiltrates 0.185 0.013
Absent 91 (36.69%) 41 (42.27%) 50 (33.11%) 71 (42.26%) 20 (25.00%)
Present 157 (63.31%) 56 (57.73%) 101 (66.89%) 97 (57.74%) 60 (75.00%)
Missing 87 31 56 56 31
Lung cavities 0.369 0.027
Absent 159 (64.11%) 66 (68.04%) 93 (61.59%) 116 (69.05%) 43 (53.75%)
Present 89 (35.89%) 31 (31.96%) 58 (38.41%) 52 (30.95%) 37 (46.25%)
Missing 87 31 56 56 31
Pleural effusion 0.949 0.718
Absent 219 (88.31%) 85 (87.63%) 134 (88.74%) 147 (87.50%) 72 (90.00%)
Present 29 (11.69%) 12 (12.37%) 17 (11.26%) 21 (12.50%) 8 (10.00%)
Missing 87 31 56 56 31
Lymphadenopathy 0.904 0.517
Absent 223 (89.92%) 88 (90.72%) 135 (89.40%) 153 (91.07%) 70 (87.50%)
Present 25 (10.08%) 9 ( 9.28%) 16 (10.60%) 15 ( 8.93%) 10 (12.50%)
Missing 87 31 56 56 31
Micronodules 0.046 >0.999
Absent 235 (94.76%) 88 (90.72%) 147 (97.35%) 159 (94.64%) 76 (95.00%)
Present 13 ( 5.24%) 9 ( 9.28%) 4 ( 2.65%) 9 ( 5.36%) 4 ( 5.00%)
Missing 87 31 56 56 31
a t-test if continuous variable, a Chi-squared test otherwise. In bold, values below Bonferroni-adjusted significance criteria

(α = 0.05/8); b Mycobacterial load in the lungs was derived from Acid-Fast Bacilli (AFB) sputum smear grading (scanty,
1+, 2+, 3+) and categorized into ’Low’ (scanty or 1+) and ’High’ (2+ or 3+)
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Table 5.3.: Characteristics of TB patients and presence of lung infiltrates and cavities
Infiltrates Cavities

Variable Total Absent Present p.valuea Absent Present p.valuea

(N=335) (N=91) (N=157) (N=159) (N=89)
Sex 0.001 0.370
Male 241 (71.94%) 51 (56.04%) 120 (76.43%) 106 (66.67%) 65 (73.03%)
Female 94 (28.06%) 40 (43.96%) 37 (23.57%) 53 (33.33%) 24 (26.97%)
Age (years) 0.106 0.090
Median (IQR) 33.00 (14.00) 34.00 (13.50) 32.00 (15.00) 33.00 (16.00) 31.00 (14.00)
BMI (kg/m2) 0.032∗ <0.001
Count 335 91 157 t-test 159 89 t-test
Median (IQR) 18.27 (3.85) 19.15 (3.49) 18.00 (3.54) 18.90 (3.97) 17.75 (3.27)
Nutritional status 0.011∗ 0.007∗
Normal weight 146 (43.58%) 51 (56.04%) 63 (40.13%) 81 (50.94%) 33 (37.08%)
Underweight 176 (52.54%) 34 (37.36%) 89 (56.69%) 68 (42.77%) 55 (61.80%)
Obesity 13 ( 3.88%) 6 ( 6.59%) 5 ( 3.18%) 10 ( 6.29%) 1 ( 1.12%)
Hemoglobin (g/dL) 0.356 0.955
Median (IQR) 11.20 (2.90) 10.80 (3.25) 11.30 (2.70) 11.15 (3.28) 11.00 (2.60)
Missing 18 8 5 9 4
Anemia status 0.996 0.158
No 81 (25.55%) 21 (25.30%) 37 (24.34%) 42 (28.00%) 16 (18.82%)
Yes 236 (74.45%) 62 (74.70%) 115 (75.66%) 108 (72.00%) 69 (81.18%)
Missing 18 8 5 9 4
Respiration rate (breaths/min) 0.777 0.392
Median (IQR) 17.00 (5.00) 17.00 (4.50) 18.00 (4.00) 17.00 (5.00) 18.00 (4.00)
HIV <0.001 <0.001
negative 245 (76.56%) 46 (54.12%) 132 (86.27%) 103 (67.32%) 75 (88.24%)
positive 75 (23.44%) 39 (45.88%) 21 (13.73%) 50 (32.68%) 10 (11.76%)
Missing 15 6 4 6 4
CD4+ T cell counts (cells/ul) 0.289 >0.999
<200 22 (52.38%) 13 (50.00%) 7 (77.78%) 18 (58.06%) 2 (50.00%)
>=200 20 (47.62%) 13 (50.00%) 2 (22.22%) 13 (41.94%) 2 (50.00%)
Missing 293 65 148 128 85
Previous ART 0.122 >0.999
No 310 (94.51%) 80 (91.95%) 152 (96.82%) 147 (94.84%) 85 (95.51%)
Yes 18 ( 5.49%) 7 ( 8.05%) 5 ( 3.18%) 8 ( 5.16%) 4 ( 4.49%)
Missing 7 4 0 4 0
Respiratory virusesb 0.397 0.169
(%)
no 227 (78.55%) 64 (81.01%) 100 (75.19%) 111 (80.43%) 53 (71.62%)
yes 62 (21.45%) 15 (18.99%) 33 (24.81%) 27 (19.57%) 21 (28.38%)
Missing 46 12 24 21 15
Respiratory bacteriab 0.844 0.737
no 174 (65.91%) 49 (68.06%) 80 (65.57%) 86 (67.72%) 43 (64.18%)
yes 90 (34.09%) 23 (31.94%) 42 (34.43%) 41 (32.28%) 24 (35.82%)
Missing 71 19 35 32 22
Helminthsc 0.995 0.683
(%)
negative 223 (66.57%) 64 (70.33%) 109 (69.43%) 109 (68.55%) 64 (71.91%)
positive 112 (33.43%) 27 (29.67%) 48 (30.57%) 50 (31.45%) 25 (28.09%)
Smoker 0.252 0.342
no 281 (83.88%) 83 (91.21%) 134 (85.35%) 142 (89.31%) 75 (84.27%)
yes 54 (16.12%) 8 ( 8.79%) 23 (14.65%) 17 (10.69%) 14 (15.73%)
Cigarettes per day 0.855 0.212
Median (IQR) 7.00 (6.25) 6.00 (3.25) 7.00 (5.00) 6.00 (3.00) 9.50 (6.00)
Alcohol abuse 0.068 0.308
no 270 (80.60%) 80 (87.91%) 122 (77.71%) 133 (83.65%) 69 (77.53%)
yes 65 (19.40%) 11 (12.09%) 35 (22.29%) 26 (16.35%) 20 (22.47%)
Season 0.878 0.786
Short Rains (Oct. - Feb.) 121 (36.23%) 34 (37.36%) 62 (39.49%) 59 (37.11%) 37 (41.57%)
Long Rains (March - May) 74 (22.16%) 24 (26.37%) 37 (23.57%) 40 (25.16%) 21 (23.60%)
Dry (June - Sept.) 139 (41.62%) 33 (36.26%) 58 (36.94%) 60 (37.74%) 31 (34.83%)
Missing 1 0 0 0 0
MTBC lineage 0.671 0.811
L1 40 (17.70%) 8 (18.18%) 24 (18.90%) 17 (17.89%) 15 (19.74%)
L2 8 ( 3.54%) 2 ( 4.55%) 4 ( 3.15%) 4 ( 4.21%) 2 ( 2.63%)
L3 102 (45.13%) 16 (36.36%) 58 (45.67%) 39 (41.05%) 35 (46.05%)
L4 76 (33.63%) 18 (40.91%) 41 (32.28%) 35 (36.84%) 24 (31.58%)
Missing 109 47 30 64 13
TB Diagnostic delaye 0.723 0.412
Delay <= 3 weeks 102 (30.45%) 30 (32.97%) 47 (29.94%) 46 (28.93%) 31 (34.83%)
Delay >3 weeks 233 (69.55%) 61 (67.03%) 110 (70.06%) 113 (71.07%) 58 (65.17%)
Non-TB medication 0.474 0.384
No 20 ( 5.97%) 7 ( 7.69%) 7 ( 4.46%) 11 ( 6.92%) 3 ( 3.37%)
Penicillins 264 (78.81%) 72 (79.12%) 124 (78.98%) 126 (79.25%) 70 (78.65%)
Other 51 (15.22%) 12 (13.19%) 26 (16.56%) 22 (13.84%) 16 (17.98%)
a t-test if continuous variable, a Chi-squared test otherwise. In bold, values below Bonferroni-adjusted significance criteria (α = 0.05/19); b

AnyplexT M II RV16 and AllplexT M Respiratory Panel 4, Seegene. 16 respiratory viruses and 6 bacterial species; c 8 helminth parasites:Ascaris
lumbricoides, Enterobius vermicularis, hookworm, Hymenolepis diminuta, Schistosoma haematobium, Schistosoma mansoni, Strongyloides
stercoralis and Trichuris trichiura; e Duration of diagnostic delay was calculated based on the longest reported TB-related symptom and
categorized into: ’≤3 weeks’ and ’>3 weeks’; PTB, pulmonary tuberculosis
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Based on DNA concentration and quality (limited fragmentation, see methods), 125
samples were selected for Whole-Metagenome Shotgun sequencing (WMS-S). We ob-
tained about 3.96x109 reads, median reads per sample was 28’948,058 (IQR: 22’116,534
- 37’234,300), and the percentage of reads annotated as human ranged from 2.6 to 92.1.
After filtering out human and low-quality reads, about 1.11x109 reads remained; me-
dian reads per sample was 4’836,788 (IQR: 3’366,538 - 7’818,888). Additional filtering
removed five species identified as contaminants, 16 samples with more than 50% reads
assigned to contaminant species, two samples with 100% of unclassified reads, and 15
samples with less than 50% of reads assigned to human DNA; thus, 92 WMS abundance
profiles were included in further analyses.

16S-AS and WMS-S provided complementary snapshots of the microbial composition
in the sputum of TB patients (see Fig. 5.2). Although 16S-AS was able to profile
a larger number of samples, species-level resolution was limited; most (86%) of the
ASVs detected by DADA2 did not have a species classification. WMS-S on the other
hand, provided a cross-domain and species-level resolution, evidenced by the detection
of viruses and fungi, and by the accurate taxonomic profiling of a mock community
composed of even abundances of 20 species (ATCC® MSA-1002TM). However, WMS-S
resolution came at the cost of loosing detection of low abundant taxa; WMS-S detected
78 genera while 16S-AS detected 319 genera.

Both 16S-AS and WMS-S performed poorly at detecting MTB in the sputa of TB
patients. Additionally, like in previous studies, the relative abundance of putative MTB
in the airways microbial communities of TB patients was low. One Mycobacterium ASV
was detected in 52% of the 16S-AS profiles, median relative abundance per sample was
0.01% (IQR:0.0 - 0.14%). However, this ASV was classified as Mycobacterium gordonae.
ASVs were determined using only the first reads from our 16S-AS paired-end dataset
which reduced the length of our fragments and therefore the capability to discriminate
species. Thus, QIIME2’s taxonomic classifier might be incorrectly assigning MTB ASVs
to species M. gordonae. Conversely, MetaPhlAn2 detected the MTB complex in 30%
of the WMS-S profiles, median relative abundance per sample was 0.0% (IQR: 0.0 -
0.04%).

Based on these observations, we decided to use the 16S-AS dataset for genus-level
analysis as this dataset included more samples and captured 2.5 times more genera
than the WMS-S dataset. Considering the limited species-level accuracy in our 16S-AS
and the accurate taxonomic profiling of a mock community by our WMS-S processing
pipeline, we used the WMS-S dataset for species-level analysis.
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Figure 5.2.: Microbial composition of sputum in TB patients. A. Microbial composition at the
domain level and viruses; B. Bacterial composition at phylum level; C. Bacterial composi-
tion at the genus level, includes genera with at least 0.1% relative abundance, by datasets;
D. Heatmap of relative abundances (%) for domains and viruses; E. Bacterial species-
level abundance profiles, derived from WMS sequencing data; F. Bacterial, species-level
abundance profiles derived from 16S-rRNA-gene amplicon sequencing.
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5.4.3. Microbial composition of sputum in TB patients

Bacteria and viruses, the major components

Taxonomic assignments derived from 307 16S-AS abundance profiles and 92 WMS abun-
dance profiles showed that microbial communities in the sputum of TB patients were
primarily composed of bacteria (91.9%, 82.5% - 95.5%; mean, 95% CI) and viruses (8.1
%, ; mean, 95% CI) (see Fig. 5.2). The presence of members of the Eukaryota or Ar-
chaea domains was rather rare: only one sample, among those screened by WMS-S, had
reads assigned to Candida albicans and four samples, among those screened by 16S-AS,
had Metanobrevibacter ASVs.

The bacterial content of the sputum in TB patients was dominated by 10 phyla: Fir-
micutes, Proteobacteria, Bacteroidetes, Actinobacteria, Fusobacteria, TM7 (Saccharib-
acteria), GN02, Spirochaetes, SR1, Cyanobacteria; together they accounted for 99.3%
of the total bacterial abundance measured by 16S-AS. At the genus level, 16 genera
which had mean relative abundances of at least 1% covered approximately 82% of the
total bacterial abundance. The top 10 most abundant genera included: Streptococcus,
Neisseria, Veillonela, Prevotella, Haemophilus, Porphyromonas, Fusobacterium, Campy-
lobacter, Rothia, and Lautropia.

Presence of opportunistic viruses in microbial assemblages was linked to HIV
co-infection

Viruses were detected in 34% of the samples screened by WMS-S; Human Herpesvirus
4 (HHV-4, also known as Epstein-Barr virus) and Torque Teno Virus (TTN) were the
most common viruses (See Fig 5.2). A few sputum samples (n=7) had excessive viral
load (relative abundance > 51 %, equivalent to mean + 2SD), dominated by one or
few species (Streptococcus phages, HHV-4, and unclassified Roseolovirus). Although,
both HHV-4 and TTN virus are generally carried asymptomatically, these viruses can
expand or cause (respiratory) infections, specially in immuno-compromised individuals
(Reid et al., 2016; Thom et al., 2007). Thus, we investigated if the detection of viruses in
the sputum of TB patients, which in this cohort is dominated by both HHV-4 and TTN
viruses, was linked to HIV. There was a significant relationship between the two variables
(p = 0.03; chi-square test). The proportion of HIV in TB patients with detectable viral
load in their sputa was 45%, as compared to 20% of TB patients with no viral DNA
detected in their sputa.
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Antagonistic interaction between Streptococcus and Selenomonas drives
compositional variation
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Figure 5.3.: Genus-level compositional biplot and SPIEC-EASI interaction network. Anal-
ysis based on 16S-rRNA-gene amplicon sequencing data. Left, the compositional biplot
showing the relative variation of the top 35 taxa best represented (arrows) and sam-
ples(dots) colored by the Streptococcus-to-Selenomonas abundance log-ratio. Right, in-
teraction network highlighting in bold the taxa represented in the compositional biplot.

To have an initial overview of the microbial composition in the sputum of TB patients
and of the underlying structuring of those communities, we created heat-maps to visu-
alize the relative abundances for genera and species across all samples (See Fig. 5.2).
Samples and taxa were sorted according to hierarchical clustering based on Aitchison
distances (Euclidean distance of clr-transformed abundances, see methods). Although
these preliminary visualizations did not show clear-cut clustering of the microbial com-
munities, they showed a trade-off between genera Streptococcus and Neisseria; as the
abundance of Streptococcus decreased, Neisseria increased. This relationship was fur-
ther supported by compositional biplots where vectors representing variation of these
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Figure 5.4.: Species-level compositional biplot and SPIEC-EASI interaction network. Anal-
ysis based on whole-metagenome shotgun (WMS) sequencing data. Left, the composi-
tional biplot showing the relative variation of the top 35 taxa best represented (arrows)
and samples(dots) colored by the Streptococcus parasanguinis-to-Neisseria sicca abundance
log-ratio. Right, interaction network highlighting in bold the taxa represented in the com-
positional biplot.

two genera, relative to the geometric mean of the other genera within a sample, pointed
in different directions (see Fig. 5.3). A similar pattern was observed at the species-level
for Neisseria sicca and Streptococcus parasanguinis (see Fig. 5.4).

In the compositional biplots, the length of the line (i.e link) connecting the tips of
two vectors representing two taxa was proportional to the variation of the corresponding
log-ratio of their abundances. In this sense, the genus-level compositional biplot sug-
gests that genus Streptococcus also has an inverse relationship with genus Selenomonas
and that their log-ratio is even more variable than the one between Streptococcus and
Neisseria (see Fig. 5.3). However, these qualitative observations have to be interpreted
carefully because the axis of the biplot only explained 21.6 % of the total variation
in community composition. Thus, we plotted the relative abundances of these genera,
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Figure 5.5.: Streptococcus-Selenomonas trade-off.

which confirmed their inverse relationship (see Fig 5.5). Furthermore, we found that the
Streptococcus-to-Neisseria and the Streptococcus-to-Selenomonas log-ratios were posi-
tively correlated (r = 0.65, p < 0.001; Fig. 5.5). Therefore, these inverse relationships
divided the microbial communities in the sputum of TB patients in two groups: those
with a high content of Neisseria or Selenomonas but depleted in Streptococcus and
vice-versa (Fig. 5.3).

Compositional biplots suggest that there are other associations among taxa abun-
dances in the sputum of TB patients, including strong positive correlations (i.e constant
ratios across sputum samples). However, as mentioned earlier, observations based on
our compositional biplots were limited by the quality of their projections (small propor-
tion of variance explained). To have a better representation and inference of associations
among taxa, we applied the SParse InveresE Covariance Estimation for Ecological ASoci-
ation Inference (SPIEC-EASI) to infer genus- and species-level interaction networks. At
the genus level, the inferred network confirmed the inverse relationship of Streptococcus
with Selenomonas. However, no direct interaction between Streptococcus and Neisseria
was inferred. Instead, the reconstructed network suggested an indirect negative rela-
tionship between Streptococcus and Neisseria as a result of a cascading effect triggered
by negative interactions of Streptococcus with Selenomonas or with Fusobacterium (see
Fig. 5.3). Similarly, no direct interactions between Neisseria spp. and Streptococcus
spp. were inferred in the species-level network. In contrast to the genus-level network,
detected Selenomonas spp.(S. flueggei, S. noxia, and S. sputigena) were not included
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in the species-level network because they were detected in less than 3 samples in the
WMS-S dataset; this is expected considering the low relative abundance of Selemonas
(mean=1.05% SD=1.9; 16S-AS dataset).

The strength of the Streptococcus-Selenomonas antagonism impacts negatively
phylogenetic diversity
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Figure 5.6.: Streptococcus-Selenomonas trade-off and Phylogenetic Diversity.

Multiple studies of ecological communities have shown that the strength of inter-
actions between members of a community can determine the structure and diversity
of the community McCann et al., 1998; Ratzke et al., 2020. Thus, we hypothesized
that the strength of the Streptococcus-Selenomonas interaction within individual assem-
blages might have an impact on diversity. Consequently, for each sputum sample, we
measured the strength of the antagonistic interaction between these two genera as the
absolute value of the log-ratio of their abundances. Large values indicate large differ-
ences in their relative abundance and therefore large antagonistic effects of one taxon on
the other, while small values indicate co-existence and therefore weak antagonism. To
measure diversity within individual microbial assemblages, we computed Faith’s phylo-
genetic diversity (PD). We found a negative correlation between PD and the strength
of the Streptococcus-Selenomonas interaction (rho = −0.62, p < 0.001). Consisting
with a recent study Ratzke et al., 2020, this result suggest that a strong Streptococ-
cus-Selenomonas interaction in sputum microbial assemblages impacts negatively the
diversity of the community.
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The genus-level interaction network also revealed a group of isolated nodes in the
network whose accumulation in sputum samples was positively correlated with PD
(rho = 0.83, p < 0.001). These isolated nodes represent genera whose presence is
not consistent across all sputum samples or whose abundance was not associated to the
abundance of other genera. These genera belonged to different phyla, which supports
their effect on increasing PD when they accumulate within a sputum sample. Consisting
with our finding that PD was negatively correlated with the strength of the Streptococ-
cus-Selenomonas interaction, we also found a negative correlation between the later and
the accumulation of these potentially transient genera (rho = −0.63, p < 0.001).

Putting together these findings suggests a key role of the Streptococcus-Selenomonas
interaction in shaping the composition and structure of the microbial communities in
the sputum of TB patients.

5.4.4. Microbial composition of sputum and manifestations of
pulmonary TB

Weight loss determines the association between compositional variation and
abnormal CXRs

We performed a transformation-based redundancy analysis (tb-RDA) of genus-level
abundance profiles (clr-transformed) to investigate if inter-patient variation (β diver-
sity) was associated with multiple aspects of clinical manifestations in pulmonary TB.
We built two tb-RDA models. One model to simultaneously assess the marginal effects
of abnormal CXR-findings and high mycobacterial load of sputum; a decision based on
our previous analysis indicating that these clinical manifestations were not associated
with each other. The model was adjusted for age, sex, physical health status parameters
(underweight, anemia, smoking, and alcohol abuse), co-infections (HIV, helminths, viral,
and bacterial pathogens), season, delay in diagnosis, non-TB medications, sequencing
depth and sequencing batch. Two-way interactions of CXR-findings or mycobacterial
sputum burden with age, sex, physical health status parameters, co-infections and sea-
son were evaluated by step-forward selection. The second model tested the marginal
effect of clinical severity (as assessed by a TB score) while adjusting for high mycobac-
terial load, delay in diagnosis, and the covariates included in the first model; except for
BMI and anemia which are parameters used to compute the TB score. These models re-
vealed that inter-patient variation of genus-level clr-transformed abundance profiles was
neither associated with high mycobacterial load in the sputum of TB patients nor with
severe clinical findings. However, underweight status determined an association with
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abnormal CXR findings (p = 0.001; tb-RDA). More specifically, differences in genus-
level log-ratio abundances were associated with abnormal CXRs in underweight TB
cases (p = 0.002, PERMANOVA) but not in those with BMI above 18.5. As expected,
this association was mediated by the Streptoccocus-to-Selenomonas log-ratio (p = 0.005;
ANOVA; adjusted for age, sex, HIV, sequencing depth, and batch).

The Streptococcus-Selenomonas antagonism favours Selenomonas in lung
parenchymal infiltrates

Abnormal CXRs in this cohort comprised five types of CXR signs: parenchymal lesions
(infiltrates/consolidations), cavities, pleural effusion, lymphadenopathy, and micronod-
ules. Parenchymal lesions were the most frequent (63.3%, n=157)) type of CXR signs in
this cohort and were present alone (32%, n=50) or together with the other CXR signs
(see Fig. 5.7-A). For instance, 86 out of the 89 (97%) patients with lung cavities had
also parenchymal lesions. To further characterize the association of abnormal CXRs
with differences in the Streptoccocus-to-Selenomonas log-ratio among underweight TB
patients, we re-categorized abnormal CXRs into 5 groups: i) parenchymal lesions (only),
no additional CXR signs; ii) parenchymal lesions with cavities but no additional CXR
signs; iii) parenchymal lesions and other, where ’other’ refers to any additional CXR sign
accompanied or not by cavities; iv) pleural effusion (only), no additional lesions; and
v) other, which aggregates patients without parenchymal lesions and one patient with
pleural effusion and cavities. We found that among underweight TB cases, and in com-
parison to those with normal CXRs, the association of abnormal CXRs with differences
of the Streptoccocus-to-Selenomonas log-ratio was driven by a significant decrease of the
log-ratio in TB patients with parenchymal lesions (p < 0.001; ANOVA; adjusted for age,
sex, HIV, sequencing depth, and batch ); except those where parenchymal lesions were
accompanied by cavities as the sole type of additional CXR sign (see Fig. 5.7-C). The
decrease of the log-ratio was also accompanied by an increase in phylogenetic diversity
(p < 0.001; ANOVA, adjusted for age, sex, HIV, sequencing depth, and batch; see Fig.
5.7-D) and accumulation of transient genera (p < 0.001; ANOVA, adjusted for age, sex,
HIV, sequencing depth, and batch; see Fig. 5.7-E).

Our results suggest that a change of the local lung environment in underweight TB
patients, towards anaerobic conditions, is associated with a shift in the composition
and diversity of the sputum. This shift is mediated by an increase in the abundance of
anaerobic genus Selenomonas with concomitant depletion of genus Streptococcus.
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Figure 5.7.: Underweight status determines associations with chest X-ray findings. A. Venn
diagram of types of CXR findings; B. Compositional biplot of underweight TB patients;
C. Streptococcus-Selenomonas trade-off by CXR findings and underweight status; D. Phy-
logenedic diversity by CXR findings and underweight status; E. Accumulation of non-
connected genera by CXR findings and underweight status. T-test applied for pairwise
comparison of means (reference: ’Normal’ CXRs), p-value adjusted for multiple compar-
isons with Holm-Bonferroni Method: ns (p > 0.05), * (p ≤ 0.05), ** (p ≤ 0.01), ***
(p ≤ 0.001), and **** (p≤0.0001)
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5.5. Discussion
Patients with pulmonary TB show remarkable disease heterogeneity (Lin et al., 2018).
Likewise, inter-individual variability of the microbial communities in the airways of
TB patients is also large (Zhou et al., 2015; Hong et al., 2016). Whether those two
sources of variation among TB patients are related should be explored in large human
cohorts, where potential confounding factors can also be considered. Here, we present
such a study. In a large human cohort of patients with pulmonary TB, stratified by
three types of disease manifestations, we first assessed the distribution of potential con-
founding factors: demographics, physical/nutritional status, co-infections, and previous
medication intake. We then characterized the composition and structure of the mi-
crobial communities in the sputa. And finally, we assessed if the overall variability in
community structure could be explained by differences in disease manifestations or by
other co-factors or interactions with them.

As previously reported for the human microbiome and more recently for the airway
microbiome (Einarsson et al., 2019; Faust et al., 2012), we found numerous interactions
among members of microbial communities in the respiratory tract of TB patients. We,
however, are reporting for the first time a key microbial interaction that is involved
in shaping the structure of microbial assemblages found in the sputa of patients with
pulmonary TB. In particular, our results showed that a trade-off between genus Strep-
tococcus and Selenomonas was an important driver of compositional variation; sputum
microbial communities could be separated into groups where one taxa dominated over
the other. This finding is not entirely surprising, considering well known phylum-level
trade-offs (e.g Bacteroidetes/Firmicutes ) described for the gut microbiome in relation
to obesity (Turnbaugh et al., 2009). Interestingly and in agreement with a recent study
(Ratzke et al., 2020), the Streptococcus-to-Selenomonas trade-off was also an important
driver of phylogenetic diversity (PD); PD reached highest levels when both taxa co-
existed at equal proportions (approximately 1% relative abundance for both taxa, and
dropped as Selenomonas or Streptococcus became extinct (see Fig. 5.6). This result is
an example of the effect that the strength of a single microbial interaction can have on
the overall diversity of the community (Ratzke et al., 2020).

In the lower airways, neither a high or a low diversity are considered beneficial. For
the lower airways, constant microaspiration and inhaling of microbes is balanced out by
mucociliary clearance and local immunity, to maintain a low microbial biomass (Dickson
et al., 2015b). However when this immigration/elimination balance is disrupted, two
scenarios become plausible: i) otherwise transient immigrants accumulate and conse-
quently lead to an increase in diversity, and ii) if changes of the local lung environment
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favours certain opportunists, they might overtake the community thus causing extinc-
tion of other members and a drop in diversity (Dickson et al., 2015b; Dickson et al.,
2015a). Our results support both scenarios. The first scenario is supported by our
finding that phylogenetic diversity increased with the random accumulation of transient
genera in the sputum of TB patients. In principle, sputum originates in the lower air-
ways but its passage through the upper airway during expectoration would inevitably
result in contamination with microbes from the oral cavity. Thus, we can not argue
that the observed accumulation of transient genera is uniquely the result of higher im-
migration rates from the upper airways. On the other hand, the second scenario is
supported by situations where the Streptococcus-to-Selenomonas trade-off reached ex-
treme states where Streptococcus became dominant and covered more than 50% of the
bacterial content. Thus, we can argue that there should be an optimal window for the
Streptococcus-to-Selenomonas trade-off and deviations from it would indicate dysbiotic
(unbalanced) states. This argument should be explored in healthy cohorts to identify
such optimal window.

It was striking to find that only among TB patients with low BMI (<18.5, under-
weight), abnormal CXRs but neither high mycobacterial load in sputum nor severe
clinical findings were associated with changes of the Streptococcus-to-Selenomonas trade-
off, and therefore with overall compositional variation and phylogenetic diversity. This
finding is interesting but not unexpected, considering that abnormal CXRs represent
pulmonary damage which is a dramatic change of the local lung environment. It is even
more interesting to find that the Streptococcus-to-Selenomonas balance shifted towards
increased levels of Selenomonas in patients with lung parenchymal infiltrates when no
cavities were observed in CXRs (see Fig 5.7). Lung parenchymal infiltrates/consolida-
tions in adult patients with pulmonary TB have been show to be severely hypoxic, which
exacerbates tissue destruction (Belton et al., 2016). This anaerobic environment plus
the availability of nutrients as a result of concomitant tissue destruction are potentially
the factors for increased levels of Selenomonas, a fastidious gram-negative anaerobe, in
parenchymal infiltrates.

At first sight, our findings might disagree with a recent study of MTB-infected
cynomolgus macaques where no association of compositional changes in the airways
microbiome with lung inflammation or involvement was observed (Cadena et al., 2018).
However in that study, subjects were not stratified by BMI. Among participants with
normal BMI, we also did not observe compositional changes associated to lung damage.
However, in underweight patients, increased levels of Selenomonas was associated to
parenchymal lesions. A potential explanation for the interaction with BMI, might be
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provided by the gut-lung axis cross-talk in TB. Based on previous studies, increased
levels of certain anaerobes in the gut of underweight TB patients can result in increased
levels of short-chain fatty acids (SCFAs) (Maji et al., 2018), which are by-products
of anaerobic bacterial metabolism. SCFAs are immuno-modulators that can reach the
blood stream and act as anti-inflammatory signaling molecules (Tilg et al., 2015). Fur-
thermore SCFAs in the lungs can suppress the production of pro-inflammatory cytokines
and increase the risk of developing TB in HIV patients with a latent TB infection (Segal
et al., 2017). Thus, it is plausible that an unbalanced gut microbiome in underweight
TB patients might set the immunological tone that favours proliferation of not only
MTB but also of certain anaerobes in hypoxic lungs. This hypothesis is supported by a
previous study reporting an association of impaired cytokine response with low BMI in
patients with latent TB (Anuradha et al., 2016).

In our inferred network, Selenomonas positively interacted with seven other anaerobes
(Fusobacterium, Campylobacter, Treponema, Schwartzia, Leptotrichia, Magasphera, un-
classified Veillonellaceae, and Bulleidia), thus forming an anaerobic consortium where
Selenomas is a central hub (see Fig A.3.1-7). This finding is in line with previous net-
work inferences reporting Selenomonas as a central hub in microbial communities from
the oral cavity (i.e dental plaque) (Faust et al., 2012) and the upper airways (Einarsson
et al., 2019). Also, similar anaerobic consortia have been found in colorectal carcinomas
(Warren et al., 2013). Even more relevant, Selenomonas together with Veillonella have
been proposed as salivary biomarkers of lung cancer (Yan et al., 2015). Furthermore,
in a seminal study, Kolenbrander and colleagues (Kolenbrander et al., 1989) demon-
strated that Selenomonas organisms (S. sputigena, S. flueggei, S. infelix, and S. noxia)
co-aggregated with Fusobacterium nucleatum through cell-to-cell interactions; except
for S.infelix, we found these species in the sputum of TB patients. Recently, it has been
shown that S. sputigena has a heavily glycosylated flagella (Rath et al., 2018) which
likely contributes to the capability of Selenomonas spp. to form multispecies aggregates
(biofilms) with members of other genera in dental plaque. Putting together our findings
with those of previous studies, there is compelling evidence supporting a key role for
Selenomonas in shaping the structure of microbial communities in the sputum of TB pa-
tients. The implication being that Selenomonas spp. potentially migrates to the lower
airways as a multispecies co-aggregate of anaerobes which together might tone-down
immune responses, probably through production of SCFAs (Segal et al., 2017; Mirkovi
et al., 2015).

Another important finding of this study was that the sputum microbial assemblages
of TB patients with HIV were more likely to contain herpesviruses ( Epstein-Barr virus)
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and anelloviruses (Torque Teno virus); in some cases these viruses even dominated the
microbial assemblage. This group of viruses are common in human populations, acquired
early in life, and are usually non-infectious during a lifetime (Reid et al., 2016). How-
ever, these viruses can expand in immuno-compromised individuals, such HIV patients
(Monaco et al., 2016; Thom et al., 2007; Miller et al., 2006) and those receiving im-
munosupressives (Abbas et al., 2017). It is unclear what effect these two types of viruses
have on HIV infection particularly in the context of HIV-TB co-infection. Therefore,
our finding drives attention to a so far neglected aspect of HIV-TB coinfection, which
is the viral component of the airway microbiome.

Our study has an important limitation. A large proportion (94%) of TB patients in the
cohort reported previous intake of non-TB medications. However, patients mostly took
penicillin-derivatives (78%), and the distribution of non-TB medication neither differed
among the levels of the TB-disease manifestations nor were they associated to compo-
sitional variation of the sputum microbial communities. Therefore, we are confident
that non-TB medication intake did not bias the observed associations. If anything, the
widespread usage of penicillin-derivatives in this cohort is potentially masking larger
disease-related variation of the microbial communities in the sputum of TB patients.
Clinical microbiome studies generally are intended to answer the question of how the
host’s microbiome relates to multiple aspects of a disease, be it onset, progression, man-
ifestation, or treatment outcomes. Given the well known impact of medications on hu-
man microbiomes, it is generally recommended to exclude self-medicated or pre-treated
participants in clinical microbiome studies. However, self-medication or miss-treatment
due to miss-diagnosis is widespread and pose a serious burden in low and middle-income
countries. Therefore, by excluding participants that received previous medications, we
might be neglecting the role of previous medication-intake as a potential mediator or
modifying factor in the microbiome-disease interplay in particular study settings. Thus,
we think the original recommendation should be revisited, and recommend instead to
consider previous medication-intake in the study design.

In summary, this study sheds light on the relationship between pulmonary TB and
the host’s airway microbiome. We have identified specific microbial interactions respon-
sible for structuring the microbial communities in the sputum of TB patients. More
importantly, our results suggest low BMI, specifically underweight nutritional status, as
a determinant factor for microbial changes in lungs affected by hypoxic lesions during
pulmonary TB. Thus, our hypothesis that variations in TB disease manifestations are
associated with microbial composition variation in the airways of TB patients, is partly
true; the association is restricted to pulmonary damage and is determined by under-
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weight status. Last but not least, an unexplored link between TB and HIV is pointed
out, the airways virome. These new insights should guide further research to unravel
underlying mechanisms behind the observations presented here.

5.6. Conclusion
In a large human cohort of patients with active pulmonary TB, we found that inter-
patient variation of both diversity and composition of sputum microbial assemblages
was driven by a trade-off between two genera, Streptococcus and Selenomonas. Fur-
thermore, when TB patients were underweight (BMI < 18.5 kg m−2), the Streptococcus-
Selenomonas trade-off shifted towards increased levels of Selenomonas in patients with
lung parenchymal infiltrates, as compared to patients with normal CXRs. However,
when TB patients had normal weight, Selenomonas levels did not differ across CXR
findings. In addition, the detection of viruses, generally carried latently or at low viral
load, in microbial assemblages was linked to HIV co-infections.
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6.

GRanMPa: Graph-based Ranking of
Mutated Pathways

This chapter introduces GRanMPa, a python implementation of a graph-based method
for raking pathways affected by genetic mutations. GRanMPa was used in chapter 7.

6.1. Introduction
Advances in high-throughput sequencing (HTS) technologies have reduced the cost and
time to obtain whole genome sequences of microbial organisms. Nowadays, it is feasible
to perform genome-wide screenings of microbial genetic variation at population scales.
This is particularly important for understanding how microbial pathogens evolve in
human populations. For instance, we can identify the pathogen’s genetic variants asso-
ciated with virulence in a particular human population. However, in order to understand
the mechanisms underlying the identified associations, genetic variants need to be ana-
lyzed in the context of the biological processes that they affect.

Pathways provide the biological context to understand the effect of genetic changes
at cellular or organism levels. Biological pathways are representation units of intricate
interactions in the cell. Individually, a pathway describes a specific set of interactions
among its biological entities (small molecules or metabolites, proteins, ncRNA, etc.)
that results in an specific outcome or change in the cell. Collectively, pathways are in
constant cross-talk to ensure the correct functioning of the cell. Under this perspective,
mutations can be regarded as sources of perturbation at the gene level, they generate
cascade effects that can disrupt multiple pathways and cause complex phenotypes. Thus,
to understand the mechanisms underlying such phenotypes, research trends have moved
from identifying associated gene-level perturbations to more holistic approaches focused
on how genome-wide perturbations affect cellular pathways.
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In this context, there has been active development of methods for pathway ranking,
alternatively known as pathway enrichment analysis or pathway relevance analysis. For
instance, "Gene Set Enrichment Analysis" (GSEA) is one of the first developed meth-
ods for pathway ranking and it is still the most popular one. Originally, GSEA was
developed for microarray expression data to identify which gene sets (pathways or other
functional aggregations of genes, e.g. gene ontology terms) are enriched with significant
differential expression levels when comparing two biological conditions (i.e phenotypes).
The method was later adapted to mutation data from genome wide association studies
(GWAS).

The current trend for pathway ranking, specially in cancer research, is to determine
relevant pathways for a particular phenotype by integrating multiple types of omic
datasets. The idea behind is that each type of omics data provides a different piece of
information about alternative forms of molecular/genetic perturbations that together
contribute to affect a pathway and therefore they should be taken into account when
computing the score that ranks the relevance of a pathway.

One interesting approach was developed by Verbeke et al, their method identifies
multiple types of cancer based on how distinctly cellular pathways were affected by
genetic mutations, gene copy number variation, altered gene expression, or methylation
patterns. Briefly, the method creates a comprehensive graph or network representation
where: i) altered states of genes and individual patient samples are represented as
nodes; ii) patient samples carrying altered gene states are represented as edges; and
iii) a-priori knowledge of functional interactions between genes are also incorporated as
edges. Graph-theory is then applied to compute node distances between samples and
genes, which are then used to compute pathway ranking scores.

The capability of Verbeke et al’s method to integrate multiple omics datasets comes
with a cost, the effects of all mutations lying in a gene are collapsed to a single binary
state (mutated/non-mutated). Thus, it is unable to discriminate between samples car-
rying different mutations in the same gene and consequently it ignores that different
combinations of mutations across genes can alter pathways in different ways. In this
chapter, we adapted Verbeke et al’s method to consider observed gene mutations/poly-
morphisms as alternative states of a gene.

6.2. Implementation

GRanMPa adopts the approach of Verbeke et al.’s method, but it is focused on uniquely
using mutation data (SNPs). In contrast to Verbeke’s method, GRanMPa represents
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every SNP found in a set of samples (i.e genomes) as an alternative mutational state of
a gene. As in Verbeke’s method, GRanMPa performs the following steps:

1. Construct an undirected graph where samples, SNPs, and genes are represented
as nodes. Node-connecting edges in the graph either represent a sample carrying
a particular SNP, a SNP affecting a particular gene, or gene-gene interactions.

2. GRanMPa then obtains a matrix representation of this graph, the symmetric
adjacency matrix (A), to which a Kernel function is applied to compute similarity
values among all nodes. This results in a similarity matrix (S).

3. To compute the score of a pathway for a set of samples, GRanMPa first computes
a per-sample score. Thus, given a sample and a pathway composed of a set
of genes, the average of the similarities between the sample and each gene in
the pathway corresponds to the pathway importance score for that sample. The
pathway importance score for a set of samples is then obtained by averaging the
per-sample scores.

4. To get the probability of obtaining by chance an importance score at least as
extreme as the one obtained, a random score distribution is obtained for the path-
way. This random distribution is obtained by repeatedly calculating the pathway
importance score from sets of genes randomly sampled from the similarity matrix.
The size of the randomly sampled gene sets is equal to the size of the pathway
gene set. Thus the pathway importance score is ultimately converted to a p-value.

6.2.1. Kernels on graph

To compute the similarities among nodes in the graph, the Laplacian Exponential Dif-
fusion (LED) kernel, as in the original approach, and the Exponential Diffusion (ED)
kernel were implemented in GRanMPa. Their equations, as defined in REF, are shown
below.

Exponential diffusion kernel (KED)

KED =
∞∑

n=1

αkAk

k! = exp(αA)

Where A is the adjacency matrix of the undirected, unweighted graph G and exp is the
matrix exponential. The elements aij of A are defined as aij = 1 if there is an edge
linking node i to node j and aij = 0 otherwise. A to the power of k gives a matrix
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with elements ak
ij which are the number of paths between nodes i and j with exactly k

transitions or steps. The contribution of each path is weighted by factor αk

k! .

Laplacian exponential diffusion kernel (KLED)

KLED = exp(−αL)

Where L = D − A is the Laplacian matrix; A is the adjacency matrix with elements
aij; D is the degree matrix, a diagonal matrix with diagonal entries dii = [D]ii =

n∑
j=1

aij

for a graph G with n nodes in total.

6.2.2. Installation
GRanMPa is implemented as a Python package available for downloading at https://
git.scicore.unibas.ch/TBRU/pathways. Once downloaded, it can be easily installed
with pip. We strongly recommend to install GRanMPa in a Conda environment that
has the Intel® distribution for Python.

6.2.3. Usage
GRanMPa requires four inputs:

• A Gene-Gene interactions file: This is a two-column table where each row repre-
sents a functional or physical interaction between two genes (the entries in each
column).

• A Mutation-IN-Gene table: This an N-by-M table if we have a dataset with N
mutations and M genes affected by those mutations. Entries in the table are
either 1 if the mutation i (row i) is within the scope of the gene j (column j) or
0 otherwise.

• A Mutation-IN-Sample table: This is a N-by-R table if we have a dataset with R
samples, among which the N mutations were identified. Entries in the table are
either 1 if the mutation i (row i) is carried by sample j (column j) or 0 otherwise.

• A Gene-IN-Pathway table: This is a U-by-Z table if the organism under study has
U genes organized in Z pathways. Entries are 1 if gene i is part of pathway j, 0
otherwise.

Once these tables are uploaded in the Python environment as Pandas data frames,
you will need to execute the foolowing steps:
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1. First, create the graph representation of our dataset with function create_global_graph;

2. Second, apply a kernel on the just created global graph with function (get_kernel);

3. Third, get the scores for each pathway with function score_pathways. This func-
tion will require you to pass the global graph and the kernel matrix from the
two previous steps, plus the Gene-IN-Pathway table, a threshold for the minimum
length of a pathway to be included in the ranking, and the number of permutations
to be used when assessing the probability of obtaining the value for the pathway
score by chance. Optionally, you can also specify a subset of samples if you want
the score calculations to be restricted to those samples; and

4. Fourth, use functions plot_pathways and plot_genes_in_significant_pathways to
get a visual representation of the top pathways in the ranking and the contribution
of their genes to their scores.

6.3. Results and Discussions
We demonstrate the usage of GRanMPa under one study case that is fully extented in
Chapter 7.

6.3.1. Pathways relevant for compensation of fitness-cost in
Rifampicin-resistant MTB

In this case study, we applied GRanMPa to rank pathways in Mycobacterium tuberculosis
(MTB) based on their enrichment with mutations compensating for the fitness cost
of mutations conferring resistance to rifampicin. Rifampicin together with isoniazid,
ethanbutol and pyrazinamide is part of the first-line treatment of tuberculosis.

Mutations in the rpoB gene confer rifampicin resistance in MTB but at the cost
of reduced fitness in the absence of the drug. This would suggest that even though
rifampicin-resitant (Rif-R) MTB has a selective advantage in patients undergoing treat-
ment, it will not succeed at spreading to new hosts in the population; because it is
less likely to survive in absence of the selective force, rifampicin, within new hosts or
because it will be out-competed by susceptible MTB strains. This expectation is how-
ever not true. A recent population-based study by Gygli et al (under review) has found
that in the Republic of Georgia, transmission explains at least 41% of TB cases with
Rif-R MTB, specifically multi-drug resistant (MDR, defined as resistant to rifampicin
and isoniazid) strains.
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Gygli et al also reported that transmitted MDR MTB was more likely to carry sec-
ondary/compensatory mutations in genes rpoA/B/C ; mutations that can restore or
increase fitness of MDR MTB. So far, compensatory evolution in Rif-R MTB has only
been described at the gene level (rpoA/B/C ). We however argue that compensation in
Rif-R MTB is targeting functional pathways. Here, we describe how we used GRanMPa
in our preliminary attempt to test this hypothesis.

From the genome-wide mutation data in Gygli et al’s study, we identified muta-
tions shared by MTB genomes isolated from Rif-R and MDR TB cases in transmissions
clusters; keeping only mutations specific to each transmission cluster. We excluded mu-
tations found in strains not assigned to a transmission cluster or found in susceptible
strains. We also removed mutations known to confer drug resistance and any mutation
found in gene pncA; mutations in pncA will likely cause resistance to pyrazinamide.
Transmission in this dataset is associated with MTB lineage 2; we therefore excluded
non-lineage 2 samples.
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Figure 6.1.: Pathways enriched with putative compensatory mutations in Rif-R MTB, ac-
cording to three gene-gene interaction networks. Only pathways with a score value
at least the −log(p-value = 0.05) are displayed.
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Figure 6.1 shows the top ranked pathways at a significance level of p-value < 0.05.
Among these, the RNA polymerase pathway together with ABC transporters and ascor-
bate and aldarate metabolism pathways are among the top three most relevant path-
ways. The RNA polymerase pathway is constituted of genes rpoA/B/C which are
already known as targets of compensation. Therefore, identification of the RNA poly-
merase pathway as a relevant pathway for Rif-R conmpensation is an expected result
that confirms the validity of the method implemented in GRanMPa.

Since the analysis relies on a-priori knowledge of interactions among genes, we eval-
uated the stability of our results by using three reference protein/gene interaction net-
works: i) ’KEGG-reconstructed’ whose interactions were derived from KEGG pathways
itself; ii) STRING-physical includes only direct binding/physical interactions down-
loaded from the STRING database; and iii) STRING-functional includes physical and
functional interactions with high confidence score (≥ 0.7) in the STRING database.
RNA polymerase, ABC transporters and ascorbate and aldarate metabolism pathways
were always among the top three in the ranking. However a longer list of pathways is ob-
tained when using reference network STRING-functional. This can be explained by the
higher number of MTB genes (3,779) and interactions (24,889) included in the network;
a higher power to identify relevant pathways might be achieved by using STRING-
functional.

We should point out the comparable results obtained between KEGG-reconstructed
and STRING-physical. This would suggest that in absence of a reliable reference inter-
action network for a particular organism, reference networks reconstructed or derived
from KEGG pathways are a safe alternative.

6.4. Conclusion
We have implemented and adaptation of Verbeke and colleagues pathway-ranking method
(Verbeke et al., 2015) to include genome-wide mutations as alternative stated of genes.
Instead of considering binary mutated/non-mutated states for a gene, as in the original
approach, we consider each mutation affecting a gene as an alternative state.
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7.1. Abstract

The incidence of multi-drug resistant (MDR) tuberculosis (TB) caused by Mycobac-
terium tuberculosis (MTB) is on the rise. This trend contrasts previous projections that
MDR MTB would not transmit due their lower average fitness in comparison to drug
susceptible strains. TB transmission occurs as an interplay between MTB physiology,
host immunity and environmental factors related to poor living conditions, prisons and
the efficiency of the health-care system to diagnose and successfully treat TB patients.
Multiple studies to date have reported that MDR strains can acquire additional muta-
tions that compensate the fitness cost caused by drug resistance mutations, therefore
increasing their propensity to transmit. The clearest example of compensatory mu-
tations affect rifampicin resistance (Rif-R) and occurs within the same enzyme -RNA
polymerase- as the original drug resistance mutation. However, compensatory muta-
tions could also occur in interacting genes to mitigate the disruption of the metabolic
pathways affected by the DR mutations. In this study, we aimed to identify metabolic
pathways relevant for the transmission of MDR MTB strains using a network-based ap-
proach that takes gene-gene interactions into account. We first identified genome-wide
single nucleotide variants (SNV) private to transmission clusters of MDR strains from a
nationwide retrospective study in Georgia. We then mapped these SNVs to a reference
gene-gene interaction network to rank the relevance of a set of pathways. Additionally,
to evaluate if pathway-level targets of compensation identified in a single population of
MDR MTB strains could be generalized to lineage levels, we repeated the pathway rel-
evance analysis using a global collection of Rif-R MTB genomes. The RNA polymerase
pathway, a canonical target for Rif-R compensation, together with pathways involved
in nucleotide biosynthesis were ranked as the most relevant in clustered strains.

7.2. Introduction

Since 2011, tuberculosis (TB) has been the leading cause of death from a single infectious
agent, Mycobacterium tuberculosis (MTB), with estimations of 10 million new cases and
1.5 million deaths in 2018 (WHO, 2019). Efforts to control TB are threatened by the
emergence of resistance against rifampicin, the most effective first-line antibiotic against
MTB used in combination therapy with isoniazid, ethambutol, and pyrayinamide. Re-
sistance to rifampicin and isoniazid defines mutidrug-resistant (MDR) TB. Globally,
the average burden of Rif-R/MDR-TB seems to be low, 3.5% among new TB cases
and 18% among previously treated cases. However, in countries with high MDR-TB
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burden, estimated Rif-R TB incidences can be as high as 37% among new TB cases or
71% among previously treated cases (WHO, 2019). Treating MDR-TB or rifampicin-
resistant (Rif-R) TB requires 9-to-20-months treatment with second-line drugs, but its
cure or treatment completion is low, 56 % compared to the 85 % of susceptible TB
(WHO, 2019).

Rifampicin blocks DNA transcription through binding to the β subunit of the enzyme
RNA polymerase. Consequently, resistance to rifampicin in MTB, and many other
bacteria, is acquired by mutations in the rpoB gene which codes for the β-subunit of
RNA polymerase. Most of these mutations are found in codons 435, 445, and 450 (Comas
et al., 2012). Given the essential role of RNA polymerase, these mutations, however,
come with a fitness cost in drug-free environments (e.g new hosts). This cost is measured
as a decrease in in vitro growth rate or a reduced ability to survive within the host and
less capability to transmit to new hosts (Björkman et al., 2000). Despite this fitness
cost, Rif-R/MDR MTB has managed to persist in human populations (Luciani et al.,
2009). For instance, 37% of new TB cases in Belarus were already Rif-R/MDR during
2018 (WHO, 2019), and were primarily due to host-to-host transmission (Wollenberg
et al., 2017). Therefore, transmission of MDR TB challenges the dogma that fitness
cost in drug-resistant MTB will prevent transmission (Dye et al., 2001; Dye et al., 2002;
Grandjean et al., 2015).

There are two potential molecular mechanism behind the spread of Rif-R/MDR MTB:
i) Different Rif-R mutations (rpoB mutations) do not have the same fitness cost; and
ii) MTB further adapts by acquiring secondary mutations to compensate for the cost
imposed by primary Rif-R mutations (Gagneux et al., 2006b). Evidence supports an
interplay between these two mechanisms. In-vitro, spontaneous Rif-R mutants carry
rpoB mutations with varying fitness cost (Gagneux et al., 2006b). However, when com-
pared to their clinical counterparts (clinical isolates carrying the same rpoB mutations),
these mutations do not show a fitness cost when accompanied by secondary/compen-
satory mutations in genes rpoA and rpoC (Comas et al., 2012); these genes encode the
other subunits of RNA-polymerase. A recent population-based study in the Republic of
Georgia (Gygli et al, unpublished), a setting with high MDR TB burden, showed that
rpoA/B/C compensatory mutations contribute to transmission.

Given the central role of RNA-polymerase in bacterial transcription, it is plausible to
expect that Rif-R mutations reduce fitness due to pleiotropic effects. This expectation is
supported by a recent unpublished study by Trauner and colleagues from Dr. Gagneux’s
lab (University of Basel) showing that Rif-R mutations in MTB cause large changes in
gene or protein expression, which result in a metabolic burden for allocation of resources
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during bacterial growth. Moreover, it has also been reported that Rif-R mutations
are associated to altered cell-wall thickness, increased permeability and reduced redox
potential (Campodónico et al., 2018). These observations raise the possibility that there
might be selection pressure to restore not only the efficiency of the RNA-polymerase,
but also the efficiency of downstream affected pathways. Consequently, compensatory
mutations might not only occur in rpoA/B/C genes but also in genes, or their regulatory
regions, that are directly binding to the RNA-polymerase or are functionally interacting
with it. We investigate this possibility by a network based approach that takes into
account gene-gene interactions to rank pathways enriched with putative compensatory
mutations.

In this study, we extended the definition of putative compensatory mutations for
Rif-R/MDR to mutations associated to transmission of Rif-R/MDR MTB, as the trans-
mitted strains are per definition successful and might harbor compensatory mutations.
We further expect convergent evolution of not only mutations, but more broadly of genes
within pathways to restore deficient cellular processes caused by Rif-R mutations.

7.3. Methods

7.3.1. Genomic datasets

Rif-R/MDR MTB collection from Georgia

We included the whole genome sequences of 637 MDR MTB clinical strains, previously
used by Gygli and colleagues (Gygli, 2018) in a molecular epidemiological study of MDR
TB in Georgia. As previously described and briefly here, these strains represent 53 %
of all culture-confirmed MDR MTB strains isolated between 2011 and 2013 in Georgia.

Global MTB collection

All MTB genomes available until August 2019 were downloaded from the sequence read
archive repository (SRA) and processed as described below (see section 7.3.2). We then
kept 12,054 genomes classified as members of the lineage 2 (L2) and lineage 4 (L4).
Using a previously compiled list of drug resistant mutations (Gygli, 2018), we defined
the drug resistance profiles of each genome. Based on the drug resistance profiles, we
defined four global collections of genomes, as follows:

1. all L2 genomes carrying mutations conferring Rif-R. This collection included 2,050
genomes.
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2. all L4 genomes carrying mutations conferring Rif-R. This collection included 1,358
genomes.

3. all L2 genomes with no mutations conferring resistance, and therefore classified as
susceptible; it included 1,923 genomes. And,

4. all L4 genomes classified as drug susceptible; it included 6,723 genomes.

7.3.2. Sequence analysis

We processed the sequencing reads following an standardized in-house pipeline, previ-
ously described in detail (Menardo et al., 2019; Menardo et al., 2018). Briefly, reads were
merged with SeqPrep, after trimming adaptors and low quality ends with Trimmomatic
v0.33, and excluding reads with less than 20 bp. Merged reads were then mapped to a
reconstructed ancestral sequence of the MTB complex with BWA v0.7.13, followed by
flagging of duplicates with Picard v2.9.1, local-realignment around InDels with GATK
v3.4.0, and removal of reads with poor alignment scores with Pysam v0.9.0. Finally,
single-nucleotide polymorphisms (SNVs ) were called with Samtools v1.2 and VarSan
v2.4.1.

7.3.3. Genetic distance and inference of transmission clusters

The distribution of pairwise genetic distances, measured by the number of SNVs, be-
tween MTB strains isolated from patients in a transmission chain was investigated pre-
viously (Walker et al., 2013; Sobkowiak et al., 2020). Walker and colleagues showed
that genetic distances between MTB strains isolated from patients with a demonstrated
epidemiological link, in a recent transmission chain, will likely lie within a range of
zero to five SNVs; thus suggesting that the epidemiological link becomes unlikely be-
yond that range. Similar values have been reported in settings with high transmission
rates (Sobkowiak et al., 2020). Therefore, we implemented a clustering approach that
computed the genetic distance, performed bottom-up hierarchical clustering, and deter-
mined transmission clusters with a minimum of three MTB genomes and a maximum
distance of 5 SNVs (“complete” linkage method).

To compute the genetic distance among genomes, we first created a data table with
a row per genome and a column per variable genomic position identified in the unified
dataset; each entry corresponds to the base of a genome in a particular variable position.
Each genome is now represented as a vector of characters (i.e. DNA bases). Considering
that MTB groups highly related lineages (99.9% nucleotide identity), computing the

97



7.3 Methods

genetic distance means finding the number of nucleotide substitutions to convert genome
gi into genome gj. Thus computing the genetic distance between MTB genomes is
computationally equivalent to compute the Hamming distance between two character
vectors. Positions with missing values were ignored and the Hamming distance (h) was
adjusted by the number of missing positions for every pair of genomes as follows. Given
two genome vectors gi, gj ∈ Gn, where Gn represents a genomic space with n variable
positions, and mi and mj missing values per genome, we define the adjusted Hamming
distance between gi and gj, hadj(gi,gj), as:

hadj(gi, gj) = h(gi, gj) × 2n

(n − mi) + (n − mj)

Where h(gi, gj) is the number of positions where gi and gj differ, after excluding positions
with missing values. A fast paralleled python implementation is available at https:
//git.scicore.unibas.ch/TBRU/tacos.

7.3.4. Identification of mutations involved in transmission

The success of transmissible Rif-R strains is potentially linked to the emergence of sec-
ondary mutations that restored the Rif-R-related fitness cost. These mutations should
have evolved in the ancestral source of infection before the transmission chain started,
and therefore must be shared by all members in a transmission cluster. These muta-
tions are then considered as private to the transmission cluster. Using the hierarchical
linkage tree, built to define the transmission clusters, we implemented a tree-walking
approach to obtain the SNVs lying in the branches leading to nodes representing trans-
mission clusters. To find the closest non-epidemiologically linked ancestor node of a
transmission cluster, we set the walking-tree to find ancestral nodes until it reaches a
distance threshold that rules out recent transmission. Here we set this threshold to 12
SNVs, because previous studies have reported that above a 12 SNVs difference, recent
transmission is highly unlikely (Walker et al., 2013; Sobkowiak et al., 2020). However,
due to incomplete sampling, not every cluster node will have a parent node within the
defined threshold. In those situations, the parent node was included if it was within a
more relaxed distance (< 20 SNVs). The walking-tree approach was implemented as
follows. Given the hierarchical linkage tree defined earlier, with n transmission clusters,
for each cluster ci:

1. Start at the node representing transmission cluster ci.

2. Find the parent node, pi, check the linkage distance. If the distance is above 20,
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stop, else continue. If distance is above 12 SNVs, stop and go to step 4. This step
avoids walking up the tree for cluster nodes containing MTB genomes with too
distant ancestors and therefore prevents from including phylogenetic SNPs.

3. Keep walking up the tree until an ancestor node of cluster ci (aij), with a linkage
distance within the given threshold (≤ 12 SNVs) is reached.

4. Obtain the SNVs shared by all genomes aggregated within ancestor node aij, SNV
set Aij. If stepping in directly from step 2, ancestor node aij corresponds to parent
node pi.

5. Obtain the SNVs shared by all genomes in transmission cluster ci, SNV set Ci.

6. Get the set difference Si = Ci − Aij. Set Si will contain all SNVs private to
transmission cluster ci.

The union set of SNVs private to transmission clusters were then filtered to exclude
drug resistance mutations. We used a previously compiled list of drug resistant muta-
tions (Gygli, 2018). We also removed any SNV found in genes ethA (Rv3854c), pncA
(Rv2043c), and Rv0678; since those genes are involved in resistance to ethionamide,
pyrazinamide, and bedaquiline, respectively. Considering that compensatory mutations
evolve after the emergence of Rif-R mutations, we expect compensatory mutations not
to be present in susceptible MTB strains. Therefore, we also removed all SNVs found
in our global collection of susceptible MTB strains.

7.3.5. Pathway ranking

The filtered list of mutations private to transmission clusters of Rif-R/MDR MTB strains
was used to identify putative compensatory mutations whose effect converged at the
pathway level. To this end, we used the tool developed in chapter 6, GRanMPa, which
is an adaptation of Verbeke and colleagues network-based approach (Verbeke et al.,
2015). Briefly, GRanMPa ranks pathways using a graph model that incorporates func-
tional or physical interactions between genes or their products, proteins. Genomes,
SNVs, and genes are represented as nodes in the graph model where edges between
nodes are drawn if a genome has a particular SNV, a SNV affects a particular gene, or
if a gene interacts physically or functionally with another gene. Similarity scores among
nodes are computed by applying a kernel function on the graph; here we applied the
Laplacian Exponential Diffusion (LED) kernel. The importance score of a pathway for
a particular genome is computed as the average of the similarities between the node
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representing that genome and each node representing the genes within that pathway.
The importance score of the pathway for a given set of genomes is computed by averag-
ing the pathway importance scores of those genomes. Finally, to test the significance of
the obtained pathway importance score, given the structure of the global graph, a ran-
dom distribution of importance scores for the given pathway is obtained by repeatedly
computing the importance score after re-shuffling the labels of nodes representing genes.
The list of pathways for MTB was obtained from the pathway database of the Kyoto
Encyclopedia for Genes and Genomes (KEGG). A network of gene-gene interactions for
MTB was derived from the STRING database by downloading the interaction data for
MTB H37Rv; we only considered physically binding interactions with a high confidence
score (≥ 0.7).

7.4. Results and Discussion

7.4.1. Mutations relevant for transmission of MDR MTB in
Georgia converge at the pathway level

Identification of recent transmission events is crucial to identify mutations relevant for
transmission of Rif-R/MDR MTB. The most common and simple approach uses SNV
thresholds; MTB strains within a specific genetic distance are considered to be part
of the same recent transmission chain. This approach, however, is sensitive to missing
transmission events due to incomplete sampling. To reduce such limitation, we used a
nationwide, retrospective collection of MDR MTB strains from the Republic of Georgia
(hereafter, MDR-Georgia) that covered 53 % of all culture-confirmed MDR MTB strains
isolated between 2011 and 2013. This dataset constituted 16% of our global collection
of publicly available L2 and L4 Rif-R MTB genomes.

Of the 637 strains from the MDR-Georgia dataset, 619 corresponded to L2 MTB,
and 116 corresponded to L4 MTB. Among L2 MDR-Georgia strains, we identified 43
transmission clusters with a total of 279 genomes. However, among the L4 MDR-Georgia
strains, we only identified four clusters, with a total of 14 genomes. Considering these
numbers, we excluded L4 MDR-Georgia MTB strains from further analysis. Of the 43
L2 MDR-Georgia transmission clusters, 38 had a parent node within a 20 SNV distance
threshold. Using these 38 transmission clusters, our tree-walking approach identified
a total of 414 SNVs private to transmission clusters. However, after filtering SNVs
associated with drug resistance, and those found in our collection of susceptible L2/L4
MTB strains, only 182 SNVs remained. Most of those variants (n=119, 65%) were
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exclusive to a single transmission cluster (Fig. 7.1). This is an indication that our tree-
walking approach coupled to our filtering strategy succeeded at identifying mutations
private to transmission clusters.

The identified 182 SNVs, private to transmission clusters of Rif-R/MDR MTB affected
138 genes. However, only eight genes highly contributed (95%) to the relevance scores
of four pathways which were significantly affected by these mutations (p < 0.05, Fig.
7.3). A total of 29 SNVs, from our list of mutations private to transmission clusters,
affected those genes.
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Figure 7.1.: SNVs occurrences in transmission clusters defined on the MDR-L2 MTB col-
lection from Georgia. SNVs private to transmission clusters, using multiple distance
thresholds for our tree-walking approach.
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Figure 7.2.: Pathways ranked as relevant for transmission in the MDR-L2 MTB collection
from Georgia. List of SNVs private to transmission clusters were obtained by using
multiple distance thresholds for our tree-walking approach.
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Canonical targets of Rif-R compensation identified

Genes of the RNA-polymerase pathway (rpoA/B/C ) are recognized targets of Rif-R
compensation (Gagneux et al., 2006b; Comas et al., 2012). Therefore was not surpris-
ing to find the RNA-polymerase pathway significantly affected by SNVs associated to
transmission clusters. This finding supports the validity of our approach. We identi-
fied two SNVs in gene rpoB and one in gene rpoC. These SNVs were present in two
transmission clusters that together aggregated seven genomes. It was unexpected to
find that only a few clusters carried mutations in genes rpo/B/C, considering that Gygli
and colleagues (Gygli, 2018) found that most strains in the MDR-Georgia dataset car-
ried mutations in those genes rpoA/B/C. This discrepancy might indicate that setting
a 12-SNV distance threshold for our walking-tree approach might be too stringent.

A larger threshold is supported by findings from Eldholm and colleagues who followed
the evolution of drug resistance mutations within a single patient. They found that
the emergence of resistance leads to an increased substitution rate per genome per
year which then leads to larger differences between isolates descending from the same
transmission event (Eldholm et al., 2014). We evaluated the effect of changing the
distance threshold to find the closest non-epidemiologically linked ancestral node of
each transmission cluster. We tested a more stringent threshold (consider only clusters
with parent node within 12 SNVs distance) and also a more relaxed one (walk-up the
tree until an ancestor node within 24 SNVs distance). Relaxing the distance threshold
increased the inclusion of SNVs mostly found in one to two transmission clusters (Fig.
7.1). This result indicates that the tree-walking approach is still capturing mutations
private to transmission clusters. Conversely, the more stringent threshold lost mutations
private to one or two clusters, including those found in genes rpoA/B/C ; therefore the
RNA polymerase pathway was not ranked as relevant anymore (Fig. 7.2). These results
indicate that compensatory mutations in genes rpoA/B/C were acquired much earlier
in an ancestral strain preceding the recent transmission cluster.

Despite the stringency of our tree-walking approach to identify mutations relevant for
transmission of Rif-R/MDR MTB and potentially compensating for the fitness cost of
the mutations conferring resistance, our pathway relevance approach was able to detect
the canonical targets of compensation for Rif-R.

ABC transporters

The ABC transporters pathways are composed of 75 genes. However, only four genes
were affected by 20 SNVs; these SNVs represented the majority (69%) in our list of muta-
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tions linked to transmission clusters whose effect converged at the pathway level. Genes
Rv2326c and Rv2325c, in this pathway, were affected by 13 SNVs and five deletions,
respectively. Both genes form part of a two-gene operon down-regulated by Rv0494,
a starvation-inducible transcriptional regulator (Yousuf et al., 2015). Considering that
the mutations found in these genes are all deletions, those genes are potentially non-
functional, and therefore set to a functional state similar to the one induced by Rv0494
during starvation. We can argue that these mutations might lead to less metabolically
demanding strains that are able to out-compete more metabolically demanding ones, or
are able to survive under stressful conditions (e.g. new hosts).

Despite these SNVs being present in our global collection of Rif-R L2 MTB genomes
(Fig. 7.3), the relevance score of the ABC transporters pathway was not significant
for the global Rif-R L2 MTB collection; when we performed pathway relevance analysis
with a larger list of mutations linked to transmission clusters in this larger global dataset
(Fig. 7.4). This finding opens the possibility that mutations in ABC transporters might
be particularly relevant for the setting in Georgia where 46.1 % of the MDR strains
were also pre-extensively drug-resistant (pXDR: MDR with additional resistance to ei-
ther aminoglycosides/cyclic peptides or fluoroquinolones) (Gygli, 2018). Mutations in
the ABC transporters were still captured after increasing the stringency of the distance
threshold for our tree-walking approach (Fig 7.2). This is an indication that muta-
tions in the ABC transporters were more recent, potentially acquired after resistance to
additional drugs emerged. Consistent with this observation, Meumann and colleagues
reported that mutations in genes Rv2326c and bacA (also an ABC transporter) evolved
after MTB had acquired resistance to rifampicin, isoniazid, pyrazinamide, ethambutol,
ciprofloxacin, and ethionimide in a single patient over a 10-year period (Meumann et
al., 2015). The authors proposed that mutations in the ABC transporters might have
contributed to MTB’s persistence for eight more years in the same patient.

AmiB2, an amidase linked to a large transmission cluster

Of the five genes in the styrene degradation pathway, we found two SNVs affecting
two genes (amiB2 and Rv3175), both encoding amidases. These SNVs were found
in branches leading to three cluster nodes. However, visualization of the distribution
of these SNVs across the MDR-Georgia genomes (Fig. 7.3) showed a SNV in gene
amiB2 being shared by a large number of samples from three clusters. The contiguity
of these clusters in the hierarchical dendrogram indicates that they actually form one
large cluster aggregating 97 genomes. This large cluster includes the large pXDR cluster
reported by Gygli and colleagues (Gygli, 2018) in this dataset.
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Gene amiB2 encodes a putative membrane amidase, AmiB2, which contains an ATP-
binding site and was proposed to be part of an ABC transporter family that adsorb-
s/releases amidase substrates/products (Chebrou et al., 1996). Interestingly, in Strepto-
coccus pneumoniae, bacterial killing efficiency of quinolones is influenced by a cell wall
amidase, LytA, that triggers autolysis after quinolones caused double DNA breaks; con-
sequently mutations in lytA might cause quinolone-tolerance (Okumura et al., 2009).
Based on these observations, the identified mutation in amiB2 might have been implied
in the acquisition of resistance to fluoroquinolones in the large pXDR cluster.

Mutations affecting a binding site of PhoP

Most of the SNVs affected single genes but nine were intergenic and were found before
the starting codons of the two flanking genes. About half of the intergenic SNVs (n=4)
were deletions located between genes kgtP (Rv3476c) and PE31 (Rv3477) and found in
six genomes assigned to two contiguous transmission clusters. Although our pathway
relevance approach did not highlight relevant pathways affected by mutations in these
genes, the intergenic location of SNVs within the kgtP-PE31 region is interesting. The
product of gene kgtP is an integral membrane protein involved in active transport of
dicarboxylic acid, while PE31 product is a PE family protein part of the PE31 -PPE60
operon. Interestingly, both genes are up-regulated by the two-component signal trans-
duction system (TCSS) PhoPR through binding of PhoP to the intergenic region(Solans
et al., 2014). This might indicate that the intergenic mutations between genes kgtP and
PE31 affects PhoP-mediated transcriptional regulation of these genes and of PPE60.
PPE60 is one of the few members of the PE/PPE family that can activate T-cell dif-
ferentiation (Su et al., 2018), consequently transcriptional down-regulation of PPE60
might tone down host immune responses.

7.4.2. Global pathway-level targets of compensation

To evaluate if pathway-level targets of compensation identified in a single population of
MDR MTB strains could be generalized to the lineage level, we repeated the pathway
relevance analysis using our global collection of Rif-R L2 MTB genomes and included
also the MDR-Georgia genomes (Fig. 7.4). Transmission clusters were redefined and a
larger list of mutations private to those transmission clusters was obtained. We found
137 transmission clusters which included 765 genomes. And we compiled a list of 589
SNVs private to the identified transmission clusters (after filtering mutations associated
to resistance and also mutations found in our collection of susceptible MTB strains).
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These SNVs affected 389 genes, however only 16 genes affected by 41 SNVs were the main
contributors to the relevance scores of four pathways found significantly affected (p <

0.05, 7.4). These pathways were: RNA polymerase, pyrimidine metabolism, nucleotide
excision repair, and the ascorbate and aldarate metabolism.
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RNA polymerase: an inter-lineage target of Rif-R compensation

As expected, we found the RNA polymerase pathway significantly affected. Genes
rpoB/C were affected by 13 mutations from our list of SNVs found in branches leading to
transmission clusters in the global Rif-R L2 MTB collection of genomes. We found these
SNVs distributed across 17 transmission clusters that aggregated a total of 62 genomes,
and seven of these SNVs were also found in the global collection of Rif-R L4 MTB
genomes. Thus confirming the rpoA/B/C genes as the main targets for compensation
Rif-R related fitness cost.

Pyrimidine metabolism: a compensation target for Rif-R in lineage 2?

The pyrimidine metabolism pathway is composed of 39 genes. We found 21 transmission-
linked SNVs in nine of those genes, making pyrimidine metabolism the second most
relevant pathway in our global Rif-R L2 MTB collection. We found these SNVs dis-
tributed across 29 transmission clusters that aggregated 128 genomes. However, none
of these SNVs were found in our global collection of Rif-R L4 MTB genomes. Thus
suggesting that Rif-R compensation might target the pyrimidine metabolism pathway
only in lineage 2. Furthermore, mutations affecting this pathway were also identified
in the nationwide collection of MDR strains from Georgia when the distance threshold
was relaxed to include earlier ancestral nodes; this observation implies that like for the
RNA polymerase pathway, compensatory mutations affecting pyrimidine metabolism
were also acquired early.

In Escherichia coli, Rif-R RNA polymerase has reduced binding affinity for nucleotides
during the elongation process, which results in slower elongation rates, for RNA synthesis
(Jin et al., 1991). Previous and recent unpublished work by Stefan and colleagues
from Dr Garacia’s lab (University of Michigan) have demonstrated similar defects in
MTB strains carrying Rif-R mutation (Stefan et al., 2018). Although they have shown
that compensatory mutations in rpoB/C genes can mitigate defects in elongation rate
(Stefan et al., 2018), the same compensatory mutations can not alleviate a reduced
nucleotide affinity (unpublished work, Drs. Maxwell Stefan and George Garcia, p.c.).
An alternative mechanism of compensation might target the metabolism of nucleotides,
shifting nucleotide production towards the new requirements of a Rif-R polymerase.
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7.5. Conclusion
In this study, we explored the possibility of MTB targeting a wider genomic landscape
during adaptation to drug-resistance-related fitness costs. In particular, adaptation to
fitness costs due to mutations conferring resistance to rifampicin, one of the most potent
drugs against MTB. Restoring the efficiency of the affected molecular process is one of
the most expected paths in the genomic landscape of adaptation to the harmful effects
of deleterious mutations. However, experimental studies of compensatory evolution in
other organisms suggest a larger target size for compensatory mutations that is influ-
enced by the fitness cost of the deleterious mutation (Szamecz et al., 2014). Alternative
targets for compensation can even include genes beyond the functional pathways af-
fected by the disrupted gene carrying the deleterious mutation (Harcombe et al., 2009).
Here we present the preliminary results of our exploration of this possibility for MTB’s
adaptation to Rif-R mutations within human hosts.

To identify compensatory mutations for Rif-R that emerged in human hosts, we pro-
posed a multi-step stringent approach. First, we identified mutations relevant for trans-
mission of Rif-R/MDR MTB strains in a nationwide retrospective collection from Geor-
gia. We assumed transmitted Rif-R/MDR MTB strains were successful at transmitting
to new hosts because of restored fitness and therefore should carry compensatory muta-
tions. Second, since it has been shown that compensatory mutations are only beneficial
under the presence of the deleterious mutation they are compensating for (Szamecz
et al., 2014), we excluded mutations found in a large collection of susceptible MTB
genomes. We then used a network based approach that takes into account gene-gene
interactions to rank pathways enriched with putative compensatory mutations. And fi-
nally, we evaluated if the pathways identified as relevant in a single population of MDR
MTB could be generalized to MTB lineages.

Our results confirm the subunits of the RNA polymerase as the main target for com-
pensation of fitness cost related to Rif-R. However, our results also suggest additional
targets that are potentially restricted to particular settings or to the MTB lineage 2.
In particular, genes in the pyrimidine metabolism pathway seem to be a target of com-
pensation in lineage 2, while ABC transporters seem to be relevant in settings where
resistance to additional drugs has emerged. Due to the combination therapy for TB, Rif-
R rarely appears alone, and therefore putative compensatory mutations targeting the
identified pathways might be adaptations to overlapping pleiotropic effects of resistance
to multiple drugs. Alternatively, the identified pathways might also pinpoint poten-
tial mechanisms underlying the emergence of resistance, for instance a potential role
of mutations in amidases in the emergence of resistance to fluoroquinolones. Addition-
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ally, considering that compensatory evolution is strongly dependent on the underlying
environment (Szamecz et al., 2014), it is not surprising to observe compensatory adap-
tations specific to particular settings where typical treatment regimens might have bee
modified.
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8.

General Discussion

TB is a complex disease resulting from an intricate interplay among the host, the
pathogen, and extrinsic environmental factors which modulate host immune responses.
In our fight against TB, there is an urgent need for novel preventive and therapeutic
approaches. However, such novel approaches can only be developed if we gain new
knowledge on multiple aspects of both the host and the pathogen biology. This PhD
thesis aimed at improving our understanding of relatively under-explored aspects of
both the host and pathogen biology.

On the host side, this thesis studied the relationship between the host airway micro-
biome and pulmonary TB in a large human cohort. We examined the composition of
the microbial commensal communities in the airways of patients with pulmonary TB
disease and in exposed household contacts without the disease. The main objectives
were to identify microbial signatures in the airway microbiome specific to pulmonary
TB disease (Chapter 4), and also those associated to TB disease manifestations (Chap-
ter 5), while controlling for potential confounding effects of TB risk factors. And on the
pathogen side, we applied an innovative approach (Chapter 6) to investigate potential
unrecognized mechanisms of adaptation to the deleterious effect of mutations conferring
drug resistance in MTB, with implications in transmission (Chapter 7).

In the next sections of this chapter, we summarize key findings and discuss limitations
and implications for future studies.
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8.1. Pulmonary tuberculosis and the airway microbiome

8.1.1. BMI, the airway microbiome, and lung damage in pulmonary
TB

There is a long well known relationship between low BMI and pulmonary TB. However,
the details of that relationship are not clear. In Chapter 5, our results shed light on the
underpinnings behind this relationship that are potentially mediated by the host micro-
biome. Our results indicate that low BMI determines shifts in community composition,
towards increased levels of anaerobic genus Selenomonas in patients presenting lung
parenchymal infiltrates. If we place our results in the context of previous studies, the
following hypothesis arises: Systemic immune dysregulation in underweight TB patients
(Anuradha et al., 2016), triggered by metabolic by-products of an altered gut micro-
biome (Maji et al., 2018; Tilg et al., 2015), leads to pulmonary damage in TB which then
favours increased levels of anaerobes in the lungs that further exacerbates pulmonary
disease (Segal et al., 2017). This hypothesis lays the foundation to design future clinical
and experimental studies to test its validity. If proven true, novel therapeutics can be
designed to prevent lung damage in pulmonary TB.

8.1.2. The challenges of finding the microbial signatures of airway
microbiome dysbiosis linked to human pulmonary TB

In Chapter 4, we performed a comparative analysis of the microbial composition in
the sputum of newly diagnosed TB patients, naive to TB treatment, and of healthy
household contacts from a high TB burden setting in Tanzania. We controlled for
several factors that could associate with differences in the microbial composition of
the sputa, including age, sex, season, body-mass index (BMI), anemia, smoking, co-
infections and genetic background of MTB. Our results showed that, in comparison to
healthy household contacts, there was a distinct microbial composition in the sputum
of TB patients. Specifically, we reported that TB patients had decreased levels of
genus Streptococcus, while genus Neisseria and certain anaerobes had increased levels.
Furthermore, differences in taxa abundances where affected by season.

Despite the rigor in controlling for potential confounding factors, there were two
important limitations in our results: i) the comparability of the sputum samples, healthy
controls are not expected to produce sputum as sputum is typically a result of infections
in the lower respiratory tract; and ii) the widespread practice of self-medication among
TB cases. Both limitations are difficult to overcome if not impossible, not only for this
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study but also for past and future clinical microbiome studies that compare healthy
controls with diseased cases to find microbial signatures associated with the disease.
Although, we could not overcome these limitations in this study, I however discuss here
how future studies can be designed to overcome such limitations.

On the quest for finding comparable study specimens for healthy controls

Among recently published studies of the airway microbiome, cross-sectional comparisons
using sputum were the most common (Carney et al., 2019). An alternative sample, more
representative of the lower airways, can be obtained through bronchoscopy but this is
an invasive procedure that even if claimed safe (Dickson et al., 2017), it cannot easily be
justified for usage in healthy individuals. Thus, if "sputum" produced by healthy controls
is not comparable to actual sputum produced by infected cases, and bronchoscopy is
unethical for healthy controls, what would be an adequate/feasible sample to identify
signatures of airway microbiome dysbiosis linked to pulmonary TB? Considering that
the ultimate goal is to identify airway microbiome biomarkers implicated in TB disease
outcomes, including response to treatments, we propose to identify more accessible sites
of the airways as proxies of the microbiome in the lower airways.

A potential candidate is oropharyngeal (throat) swabs because they can provide con-
sistent and comparable samples across healthy and sick individuals. Furthermore, in
healthy individuals, it was shown that there is a strong overlap between microbial com-
munities from the oropharynx and from the lower airways due to microaspiration (Dick-
son et al., 2017). In addition, the levels of certain cytokines in the lungs correlates with
community composition of microbial communities in the oral cavity (Dickson et al.,
2018). Thus suggesting that local lung immune responses triggered during pulmonary
TB might have an effect on microbial communities of the upper airways. These observa-
tions support the validity of inspecting compositional changes of microbial communities
in the oropharynx as a proxy for immunological and microbial changes in the lower
airways linked to pulmonary TB. Nonetheless, such validity needs to be formally tested
by taking paired sputum-throat swabs and by measuring cytokine markers; correlations
with immunological disease markers will provide strong evidence of the airway micro-
biome involvement in pulmonary TB. In fact, Botero and colleagues showed that in TB
patients, microbial composition of the sputum and of oropharyngeal swabs are compa-
rable, except for Actinobacteria which has higher levels in sputum (Botero et al., 2014).
However, evaluation of correlations with immunological markers is still missing. Use of
throat swabs will be also more suitable for longitudinal studies of TB-exposed household
contact controls who might develop TB later; considering that before the onset of the
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disease, sputum production is scant.

Assessing the impact of self-medication

Following up TB-exposed household contacts until disease onset is potentially the best
study design to identify signatures of dysbiosis of the airway microbiome linked to
active pulmonary TB. More importantly, a longitudinal study of household contacts
enables the study of the airway microbiome involvement in disease progression from
latent or sub-clinical states which is actually one of the aspects of TB that we know
less. There is also the recognized aspect of self-medication among TB cases in countries
with high TB burden, where less controlled access to antibiotics poses also a threat to
public health. In comparative microbiome studies like the one presented in Chapter
4, previous intake of medications was an exclusion criteria. However, this practice
delays our understanding of the role of self medication as a driver of heterogeneity
among microbial communities in the airways of TB patients and also as a potential
factor influencing TB disease outcomes. Considering that self-medication can be highly
prevalent among TB cases (94% in the cohort used in this study), we cannot evaluate
its impact in case-control studies because it will confound differences between groups.
However, longitudinal studies of TB-exposed household contacts, followed until disease
onset and after, offer the possibility to evaluate both the impact of self-medication on
the host microbiome and on TB disease outcomes. This is particularly possible for TB,
because incubation periods are quite long, making it possible to detect temporal changes
of the airway microbiome. And because participants in longitudinal studies are under
regular vigilance by health-care workers, the self-medicating behaviour, when symptoms
of TB disease appear, will become less prevalent.

Comparability of sputum samples among TB cases

Although sputum samples are not adequate when comparing TB cases to healthy con-
trols, this type of specimen is still valid for comparisons among TB cases following
certain considerations. Sputum quality is variable across TB patients and is a known
factor that influences MTB detection by acid-fast bacilli microscopy for TB diagnosis.
Consequently, it is expected that differences in sputum quality might be a source of
bias when comparing microbial communities from sputum samples. In Chapter 4 and
Chapter 5, we put effort to ensure that expectorated sputum samples were produced and
collected in a consistent manner; we used instructional videos, asked participants to col-
lect their sputum in the early morning, and recorded qualitative features of the specimen
at time of collection. These practices have proven to improve sputum detection of MTB
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(Mhalu et al., 2015) and we assumed they will also improve the detection of microbial
communities from the lower airways. However, there are still some improvements that
could be implemented in future studies to not only assess sputum quality but also to
quantify cellular and molecular markers of immune response. For instance, quantitative
measurements such as PH, presence of squamous epithelium cells, leukocytes, and levels
of cytokines can be gathered (Wong et al., 1982).

8.2. Compensation of fitness cost in drug-resistant
MTB

Contrary to the expectation that the fitness-cost associated to mutations conferring
drug resistance in MTB will prevent drug-resistant TB from becoming an epidemic
(Dye et al., 2001), drug-resistant TB has reached alarming levels in some countries
(WHO, 2019); host-to-host transmission being the main factor driving the epidemics.
Current strategies to control drug-resistant TB are focused on improving detection and
treatment. These strategies, however, neglect that some drug-resistant clones of MTB
have evolved to restore their fitness and might be particularly successful at transmit-
ting, therefore posing a threat to public health. To efficiently design control programs
that will actually prevent drug-resistant MTB from transmitting, we need to understand
MTB’s molecular adaptations that restored fitness. In Chapter 7, we presented prelim-
inary results of such adaptations in the context of rifampicin resistance; particularly
putative compensatory mutations targeting not only the RNA polymerase enzyme, but
also pyrimidine metabolism and ABC transporters, among others. Some adaptations
appear to be setting(country)-dependent, thus supporting the view that country-based
surveillance programs of drug-resistant TB are needed. These programs should identify
particular drug-resistant clones that are successful at transmitting and design molecular
diagnostic test accordingly.

8.3. Conclusions

This PhD thesis provides new insights on different aspects of pulmonary TB. On the one
hand, we provided evidence of the involvement of the host microbiome in TB disease
pathology; an involvement linked to one of the most important risk factors for TB, low
BMI. And on the other hand, we presented evidence of the pathogen, MTB, adaptation
to drug resistance that is relevant for transmission. These are contributions that can
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guide further research with the ultimate goal of improving therapeutics and diagnostics.
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A.1 Supplement to Chapter 3

Appendix

A.1. Supplement to Chapter 3

A.1.1. Installation of MetaSnk

# step 1: Download latest release to a chosen location,

# replace <path/to/MetaSnk> with your own’s choice

$ git clone https://git.scicore.unibas.ch/TBRU/MetagenomicSnake.git <
↪→ path/to/MetaSnk>

$ cd <path/to/MetaSnk>
# step 2: Set the $metasnk and $METASNK_DBS enviromental variables

$ echo -e "#MetaSnk␣directory\nmetasnk=$(pwd)\nexport␣metasnk" >> $HOME
↪→ /.bashrc

$ export METASNK_DBS=$HOME/MetaSnk_dbs
$ mkdir $METASNK_DBS
$ echo -e "#MetaSnk␣DBs␣directory\nMETASNK_DBS=$HOME/MetaSnk_dbs\

↪→ nexport␣METASNK_DBS">>$HOME/.bashrc
$ source $HOME/.bashrc
# step 3: Create a minimal virtual environment

$ conda env create -f ./envs/MetaSnk.yaml
$ conda activate MetaSnk
# step 4: Download singularity containers and reference databases

$ snakemake --profile ./profiles/local pullSIFS
$ snakemake --profile ./profiles/local buildDBS
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A.2. Supplement to Chapter 4

A.2.1. TB-DAR procedures

TB-DAR is a prospective cohort of adult (age≥18 years) TB patients and household
contact controls to study the clinical and molecular epidemiological risk factors for TB
in the densely populated urban setting of the Temeke district, Dar es Salaam, Tanzania.
Participants are being recruited since November 2013. A patient is considered as having
TB when any of the two submitted sputum samples were positive for acid-fast bacilli
(AFB) by staining sputum smears using the Ziehl-Nielsen (ZN) method. Sputum smear
microscopy is done at the Temeke district hospital under continuous quality control
by the central tuberculosis reference laboratory (Dar es Salaam, Tanzania). To rule
out TB, an additional sputum sample from TB patients and controls was sent to the
TB laboratory at the Bagamoyo Research and Training Center (BRTC), for GeneXpert
MTB/RIF (controls) and for culture on Löwenstein-Jensen media (TB patients and
controls). TB in controls is ruled out if both GeneXpert MTB/RIF and culture results
are negative. Study data were captured by electronic case report forms using the open-
source data collection software ODK on Android PC tablets. Data management was
done using the eManagement tool “odk_planner”, as previously described Steiner et al.,
2016.

Acid-Fast Bacilli (AFB) sputum smear grading

is based on the counts of AFB obtained by fluorescent light-emitting diode (LED) mi-
croscopy and national guidelines from Tanzania Manual for the Management of Tuber-
culosis and Leprosy 2013: “scanty” with 1-9 AFB per 100 oil immersion fields; “1+”
with 10-99 AFB per 100 immersion fields; “2+” with 1-10 AFB per 1 immersion field;
and “3+” with > 10 AFB per immersion field.

Detection of respiratory pathogens

Nasopharyngeal swabs (Copan Diagnostics, USA) were collected at time of enrollment
and for TB patients before initiation of treatment, transported at temperatures between
2°C and 8°C, and stored at -80°C until further processed. To detect a panel of 16
respiratory viruses and 7 bacterial species, nasopharyngeal swabs were submitted for
a multiplex real-time PCR (Seegenes AnyplexTM II RV16 Detection and AllplexTM
Respiratory Panel 4, South Korea)Mhimbira et al., 2019.
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HIV diagnosis

As previously described Hella et al., 2018, TB cases and controls were screened for HIV
with Alere Determine HIV rapid test (Alere; San Diego, USA) and if positive, HIV was
confirmed with the Uni-gold HIV rapid test (Trinity Biotech; Wicklow, Ireland). Among
HIV positive patients, CD4+ T cell counts (cells/L) were determined by flow cytometry
(FACS Calibur, Becton Dickinson Biosciences; San Jose, USA).

Detection of intestinal helminths

As previously described Sikalengo et al., 2018; Mhimbira et al., 2017,stool and urine
samples were collected at time of enrollment and before initiation of TB treatment for
diagnosis of 8 intestinal helminth species (Ascaris lumbricoides, Enterobius vermicularis,
hookworm, Hymenolepis diminuta, Schistosoma haematobium, Schistosoma mansoni,
Strongyloides stercoralis and Trichuris trichiura). To diagnose A. lumbricoides, hook-
worm, S. mansoni, and T. trichiura infections, the Kato-Katz (triplicate thick smears
per stool sample) and the FLOTAC methods were used. To diagnose S. stercoralis
infections, the Baermann method was used. To diagnose E. vermicularis, the adhe-
sive tape test was used. In addition, a rapid point-of-care circulating cathodic antigen
(POC-CCA) urine cassette test was employed for the diagnosis of S. mansoni. The urine
filtration method was applied to detect S. haematobium infections. For quality control,
10% of Kato-Katz slides were randomly selected and re-examined by a second reader.

A.2.2. Pre-processing of sequencing reads for taxonomic profiling
To accept a joined paired-end read sequence using the method SeqPrep, a threshold
fraction of 80% of matching bases in the alignment had to be reached. Stringent quality
filtering Bokulich et al., 2013 trimmed sequences after 3 consecutive bases with Phred
quality scores below 20, discarded sequences with a length 0.75 the original length and
removed chimeric sequences with UCHIME Edgar et al., 2011.
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A.2.3. Supplementary Tables

Table A.2.3-1.: Characteristics of PTB cases stratified by lung pathology.
X-ray findings

Normal Mild/moderate Severe Total P-valuea

Age group 18-24 6 (14.6) 7 (10.1) 10 (28.6) 23 (15.9)
25-34 16 (39) 29 (42) 9 (25.7) 54 (37.2)
35-44 12 (29.3) 18 (26.1) 14 (40) 44 (30.3)
>44 7 (17.1) 15 (21.7) 2 (5.7) 24 (16.6)
Total 41 69 35 145 0.065

Sex female 11 (26.8) 21 (30.4) 14 (40) 46 (31.7)
male 30 (73.2) 48 (69.6) 21 (60) 99 (68.3)
Total 41 69 35 145 0.446

BMI (kg m−2) category Underweight <18.5 20 (48.8) 37 (53.6) 21 (60) 78 (53.8)
Normal/obese ≥18.5 21 (51.2) 32 (46.4) 14 (40) 67 (46.2)
Total 41 69 35 145 0.619

Hemoglobin level (g dL−1) <10 8 (23.5) 20 (30.3) 15 (42.9) 43 (31.9)
≥10 26 (76.5) 46 (69.7) 20 (57.1) 92 (68.1)
Total 34 66 35 135 0.211

Co-Infections
HIV negative 20 (52.6) 51 (77.3) 26 (74.3) 97 (69.8)

positive 18 (47.4) 15 (22.7) 9 (25.7) 42 (30.2)
Total 38 66 35 139 0.025

Respiratory virusesb no 33 (80.5) 48 (72.7) 28 (84.8) 109 (77.9)
yes 8 (19.5) 18 (27.3) 5 (15.2) 31 (22.1)
Total 41 66 33 140 0.349

Respiratory bacteriab no 23 (62.2) 33 (60) 21 (70) 77 (63.1)
yes 14 (37.8) 22 (40) 9 (30) 45 (36.9)
Total 37 55 30 122 0.652

Helminthsc negative 25 (61) 51 (73.9) 26 (74.3) 102 (70.3)
positive 16 (39) 18 (26.1) 9 (25.7) 43 (29.7)
Total 41 69 35 145 0.300

Smoking status no 36 (87.8) 65 (94.2) 31 (88.6) 132 (91)
yes 5 (12.2) 4 (5.8) 4 (11.4) 13 (9)
Total 41 69 35 145 0.442

Season Short Rain (Oct. - Feb.) 13 (31.7) 27 (39.1) 15 (42.9) 55 (37.9)
Long Rain (March - May) 6 (14.6) 10 (14.5) 4 (11.4) 20 (13.8)
Dry (June - Sept.) 22 (53.7) 32 (46.4) 16 (45.7) 70 (48.3)
Total 41 69 35 145 0.878

Mycobacterial loadd Low 21 (51.2) 28 (40.6) 18 (51.4) 67 (46.2)
High 20 (48.8) 41 (59.4) 17 (48.6) 78 (53.8)
Total 41 69 35 145 0.432

Mtb lineage L1 3 (20) 6 (13) 7 (26.9) 16 (18.4)
L2 1 (6.7) 0 (0) 1 (3.8) 2 (2.3)
L3 6 (40) 20 (43.5) 9 (34.6) 35 (40.2)
L4 5 (33.3) 20 (43.5) 9 (34.6) 34 (39.1)
Total 15 46 26 87 0.525

Diagnostic delaye Delay ≤ 3 weeks 12 (29.3) 12 (17.4) 14 (40) 38 (26.2)
Delay >3 weeks 29 (70.7) 57 (82.6) 21 (60) 107 (73.8)
Total 41 69 35 145 0.040

Prior purchase of medication no 3 (7.3) 2 (2.9) 5 (14.3) 10 (6.9)
yes 38 (92.7) 67 (97.1) 30 (85.7) 135 (93.1)
Total 41 69 35 145 0.095

CD4+ T cell counts (cells/ul) <200 5 (38.5) 3 (60) 4 (66.7) 12 (50)
200 - 499 7 (53.8) 1 (20) 2 (33.3) 10 (41.7)
≥500 1 (7.7) 1 (20) 0 (0) 2 (8.3)
Total 13 5 6 24 0.520

Prior ART no 15 (83.3) 13 (86.7) 7 (77.8) 35 (83.3)
yes 3 (16.7) 2 (13.3) 2 (22.2) 7 (16.7)
Total 18 15 9 42 0.852

a Fisher test if both factors have only two levels, a Chi-squared test otherwise. In italic font, values below
non-adjusted significance criteria (α = 0.05). In bold, values below Bonferroni-adjusted significance criteria
(α = 0.05/16); b AnyplexT M II RV16 and AllplexT M Respiratory Panel 4, Seegene. 16 respiratory viruses and 6
bacterial species; c 8 helminth parasites:Ascaris lumbricoides, Enterobius vermicularis, hookworm, Hymenolepis
diminuta, Schistosoma haematobium, Schistosoma mansoni, Strongyloides stercoralis and Trichuris trichiura; d

Mycobacterial load in the lungs was derived from Acid-Fast Bacilli (AFB) sputum smear grading (scanty, 1+,
2+, 3+) and categorized into ’Low’ (scanty or 1+) and ’High’ (2+ or 3+); e Duration of diagnostic delay was
calculated based on the longest reported TB-related symptom and categorized into: ’≤3 weeks’ and ’>3 weeks’;
f CD4+ T cell counts were recorded only for PTB cases diagnosed with HIV at recruitment; PTB, pulmonary
tuberculosis; ART, anti-retroviral therapy
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Table A.2.3-2.: Characteristics of PTB cases, stratified by disease severity.
TB score

Mild Severe Total P-valuea

Age group 18-24 20 (13.5) 13 (19.1) 33 (15.3)
25-34 59 (39.9) 29 (42.6) 88 (40.7)
35-44 42 (28.4) 17 (25) 59 (27.3)
>44 27 (18.2) 9 (13.2) 36 (16.7)
Total 148 68 216 0.585

Sex female 37 (25) 23 (33.8) 60 (27.8)
male 111 (75) 45 (66.2) 156 (72.2)
Total 148 68 216 0.193

BMI (kg m−2) category Underweight <18.5 55 (37.2) 68 (100) 123 (56.9)
Normal/obese ≥18.5 93 (62.8) 0 (0) 93 (43.1)
Total 148 68 216 < 0.001

Hemoglobin level (g dL−1) <10 36 (26.5) 26 (40) 62 (30.8)
≥10 100 (73.5) 39 (60) 139 (69.2)
Total 136 65 201 0.072

Co-Infections
HIV status negative 101 (70.6) 51 (81) 152 (73.8)

positive 42 (29.4) 12 (19) 54 (26.2)
Total 143 63 206 0.168

Viral respiratory infectionb no 116 (80.6) 48 (73.8) 164 (78.5)
yes 28 (19.4) 17 (26.2) 45 (21.5)
Total 144 65 209 0.281

Bacterial respiratory infectionb no 72 (62.1) 41 (64.1) 113 (62.8)
yes 44 (37.9) 23 (35.9) 67 (37.2)
Total 116 64 180 0.872

Helminth infectionc negative 99 (66.9) 45 (66.2) 144 (66.7)
positive 49 (33.1) 23 (33.8) 72 (33.3)
Total 148 68 216 1.000

Smoking status no 127 (85.8) 57 (83.8) 184 (85.2)
yes 21 (14.2) 11 (16.2) 32 (14.8)
Total 148 68 216 0.685

Season Short Rain (Oct. - Feb.) 59 (40.1) 17 (25) 76 (35.3)
Long Rain (March - May) 22 (15) 7 (10.3) 29 (13.5)
Dry (June - Sept.) 66 (44.9) 44 (64.7) 110 (51.2)
Total 147 68 215 0.026

Mycobacterial loadd Low 61 (41.2) 33 (48.5) 94 (43.5)
High 87 (58.8) 35 (51.5) 122 (56.5)
Total 148 68 216 0.376

Mtb lineage L1 13 (15.7) 7 (17.1) 20 (16.1)
L2 1 (1.2) 3 (7.3) 4 (3.2)
L3 38 (45.8) 16 (39) 54 (43.5)
L4 31 (37.3) 15 (36.6) 46 (37.1)
Total 83 41 124 0.320

Diagnostic delaye Delay ≤ 3 weeks 45 (30.4) 10 (14.7) 55 (25.5)
Delay >3 weeks 103 (69.6) 58 (85.3) 161 (74.5)
Total 148 68 216 0.018

Prior purchase of medication no 14 (9.5) 0 (0) 14 (6.5)
yes 134 (90.5) 68 (100) 202 (93.5)
Total 148 68 216 0.006

CD4+ T cell counts (cells/ul)f <200 10 (40) 4 (66.7) 14 (45.2)
200 - 499 13 (52) 1 (16.7) 14 (45.2)
≥500 2 (8) 1 (16.7) 3 (9.7)
Total 25 6 31 0.290

Prior ART no 33 (80.5) 11 (91.7) 44 (83)
yes 8 (19.5) 1 (8.3) 9 (17)
Total 41 12 53 0.665

a Fisher test if both factors have only two levels, a Chi-squared test otherwise. In italic font, values below
non-adjusted significance criteria (α = 0.05). In bold, values below Bonferroni-adjusted significance criteria
(α = 0.05/16); b AnyplexT M II RV16 and AllplexT M Respiratory Panel 4, Seegene. 16 respiratory viruses
and 6 bacterial species; c 8 helminth parasites:Ascaris lumbricoides, Enterobius vermicularis, hookworm, Hy-
menolepis diminuta, Schistosoma haematobium, Schistosoma mansoni, Strongyloides stercoralis and Trichuris
trichiura; d Mycobacterial load in the lungs was derived from Acid-Fast Bacilli (AFB) sputum smear grading
(scanty, 1+, 2+, 3+) and categorized into ’Low’ (scanty or 1+) and ’High’ (2+ or 3+); e Duration of diagnostic
delay was calculated based on the longest reported TB-related symptom and categorized into: ’≤3 weeks’
and ’>3 weeks’; f CD4+ T cell counts were recorded only for PTB cases diagnosed with HIV at recruitment;
PTB, pulmonary tuberculosis; ART, anti-retroviral therapy
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Table A.2.3-3.: Multivariate distance matrix regression (MDMR) testing associations of alpha-diversity
profiles of sputum communities with PTB while considering host-associated factors,
co-infections, smoking and season and interactions of PTB with these factors.

Multi-factor One-factor
DF Pseudo R2 P value Pseudo R2 P value

Full model 17 0.102 < .001
PTB status 1 0.000 0.8559 0.001 0.6777
Sex 1 0.000 0.7788 0.000 0.9019
Age group 3 0.005 0.5686 0.005 0.5976
BMI category 1 0.002 0.4454 0.000 0.8008
Hemoglobin level 1 0.001 0.4805 0.001 0.7257
HIV 1 0.001 0.5295 0.000 0.9530
Viral respiratory infection 1 0.003 0.2953 0.002 0.4004
Helminth infection 1 0.002 0.3954 0.001 0.5495
Smoking status 1 0.003 0.2913 0.002 0.4094
Season 2 0.018 0.0300 0.011 0.1321
Read pairs 1 0.056 < .001 0.051 < .001
PTB status x Age group 3 0.021 0.0541
MDMR models were fit to alpha-diversity profiles based on Euclidean distances computed
using both Shannon entropy and Gini-Simpson index. MDMR models ignored bacterial
respiratory infections; P-value calculated with 999 permutations.

Table A.2.3-4.: Ancova analysis of Shannon diversity index of sputum microbiota from PTB cases and
controls.

Multi-factor One-factor
Sum Sq Df F value Pr(>F) pes Pr(>F) pes

Intercept 0.25 1 0.27 0.604 0.001
PTB status 0.15 1 0.16 0.688 0.000 0.497 0.001
Sex 0.03 1 0.03 0.865 0.000 0.733 0.000
Age group 2.43 3 0.88 0.454 0.008 0.487 0.007
BMI category 0.48 1 0.52 0.473 0.002 0.891 0.000
Hemoglobin level 0.21 1 0.23 0.630 0.001 0.918 0.000
HIV 0.15 1 0.16 0.689 0.000 0.906 0.000
Viral respiratory infection 1.65 1 1.79 0.182 0.005 0.321 0.003
Helminth infection 0.42 1 0.46 0.499 0.001 0.679 0.000
Smoking status 0.07 1 0.07 0.788 0.000 0.832 0.000
Season 6.97 2 3.77 0.024 0.022 0.108 0.013
Read pairs 24.43 1 26.41 0.000 0.072 0.000 0.064
PTB status x Age group 9.76 3 3.52 0.015 0.030
Residuals 313.47 339
pes, partial eta squared calculated from multi-factor ANCOVA and one-
factor ANOVAs.
357 observations were included.
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Table A.2.3-5.: MDMR analysis of sputum microbial communities from PTB cases testing associations
of alpha-diversity profiles with X-ray findings (i.e lung pathology)

PTB cases (considering Mtb lineage) = 63
Multi-factor One-factor

DF Pseudo R2 P-value Pseudo R2 P-value
Full model 21 0.2806 0.7417
X-ray findings 2 0.0925 0.0751 0.0851 0.0521
Mycobacterial load 1 0.0006 0.9289 0.0000 0.9980
Mtb lineage 3 0.0159 0.8649 0.0274 0.6657
Diagnostic delay 1 0.0003 0.9690 0.0048 0.6186
Sex 1 0.0165 0.3143 0.0061 0.5586
Age group 3 0.0035 0.9900 0.0236 0.7457
BMI category 1 0.0134 0.3834 0.0072 0.5485
Hemoglobin level 1 0.0151 0.3554 0.0068 0.5315
HIV 1 0.0100 0.4625 0.0041 0.6737
Viral respiratory infection 1 0.0529 0.0821 0.0104 0.4394
Helminth infection 1 0.0214 0.2553 0.0108 0.4565
Bacterial respiratory infection 1 0.0076 0.5215 0.0030 0.7297
Smoking status 1 0.0162 0.3353 0.0024 0.7808
Season 2 0.0517 0.2472 0.0251 0.4825
Read pairs 1 0.0074 0.5325 0.0260 0.1982

PTB cases (ignoring Mtb lineage) = 106
Multi-factor One-factor

DF Pseudo R2 P-value Pseudo R2 P-value
Full model1 18 0.1264 0.8238
X-ray findings 2 0.0324 0.1942 0.0311 0.1942
Mycobacterial load 1 0.0051 0.4695 0.0100 0.2973
Diagnostic delay 1 0.0004 0.9209 0.0086 0.3534
Sex 1 0.0006 0.8949 0.0002 0.9510
Age group 3 0.0093 0.8458 0.0125 0.7668
BMI category 1 0.0007 0.8879 0.0002 0.9630
Hemoglobin level 1 0.0019 0.7197 0.0034 0.5866
HIV 1 0.0030 0.5956 0.0012 0.8018
Viral respiratory infection 1 0.0133 0.2573 0.0027 0.6456
Helminth infection 1 0.0128 0.2593 0.0088 0.3393
Bacterial respiratory infection 1 0.0060 0.4535 0.0032 0.6216
Smoking status 1 0.0044 0.5345 0.0004 0.9179
Season 2 0.0271 0.2472 0.0239 0.3043
Read pairs 1 0.0125 0.2603 0.0153 0.2102
MDMR models were fit to alpha-diversity profiles based on Euclidean distances computed
using both Shannon entropy and Gini-Simpson index. MDMR model at the bottom ignored
Mtb genetic background (lineage); P-value calculated with 999 permutations.

153



A.2 Supplement to Chapter 4

Table A.2.3-6.: MDMR analysis of sputum microbial communities from PTB cases testing associations
of alpha-diversity profiles with TB-score (i.e disease severity).

PTB cases (considering Mtb lineage) = 89
Multi-factor One-factor

DF Pseudo R2 P-value Pseudo R2 P-value
Full model 20 0.2384 0.4224
TB score 1 0.0320 0.0731 0.0452 0.0480
Mycobacterial load 1 0.0041 0.5826 0.0021 0.7528
Mtb lineage 3 0.0153 0.7237 0.0321 0.4314
Diagnostic delay 1 0.0207 0.1862 0.0279 0.1131
Sex 1 0.0064 0.4434 0.0120 0.3013
Age group 3 0.0177 0.6837 0.0391 0.3183
BMI category 1 0.0165 0.2222 0.0082 0.4114
Hemoglobin level 1 0.0178 0.2212 0.0017 0.7778
HIV 1 0.0000 0.9950 0.0006 0.9169
Viral respiratory infection 1 0.0318 0.0911 0.0006 0.9069
Helminth infection 1 0.0103 0.3524 0.0065 0.5025
Bacterial respiratory infection 1 0.0033 0.6096 0.0037 0.6026
Smoking status 1 0.0169 0.2122 0.0292 0.1101
Season 2 0.0480 0.1281 0.0399 0.1542
Read pairs 1 0.0056 0.4845 0.0279 0.1021

PTB cases (ignoring Mtb lineage) = 156
Multi-factor One-factor

DF Pseudo R2 P-value Pseudo R2 P-value
Full model 17 0.1446 0.1491
TB score 1 0.0214 0.0581 0.0175 0.0981
Mycobacterial load 1 0.0002 0.9379 0.0005 0.8739
Diagnostic delay 1 0.0153 0.1161 0.0280 0.0370
Sex1 1 0.0005 0.8639 0.0013 0.7097
Age group 3 0.0266 0.2232 0.0162 0.4925
BMI category 1 0.0101 0.1962 0.0011 0.7387
Hemoglobin level 1 0.0056 0.3824 0.0025 0.5786
HIV1 1 0.0003 0.9229 0.0009 0.7888
Viral respiratory infection1 1 0.0047 0.4054 0.0009 0.7858
Helminth infection 1 0.0116 0.1632 0.0051 0.3784
Bacterial respiratory infection1 1 0.0023 0.5986 0.0030 0.5225
Smoking status 1 0.0021 0.6016 0.0030 0.5125
Season 2 0.0315 0.0861 0.0378 0.0400
Read pairs 1 0.0177 0.1121 0.0271 0.0370
MDMR models were fit to alpha-diversity profiles based on Euclidean distances computed using both
Shannon entropy and Gini-Simpson index. MDMR model at the bottom ignored Mtb genetic back-
ground (lineage); P-value calculated with 999 permutations.
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Table A.2.3-7.: MDMR analysis of sputum microbial communities from PTB cases testing associations
of community composition profiles with chest X-ray findings (i.e lung pathology). Anal-
ysis based on Jaccard distances and Bray-Curtis dissimilarities of Hellinger transformed
abundances, either considering OTUs with a frequency of at least 5% or only considering
the core set.

Only PTB cases = 63
OTUs >5% Frequency (1653) Core OTUs (236)
Jaccard Bray-Curtis Jaccard Bray-Curtis

Variables DF Pseudo R2 p-value Pseudo R2 p-value Pseudo R2 p-value Pseudo R2 p-value
Full Model 23 0.398 0.0010 0.414 0.0130 0.409 0.0641 0.427 0.0260
X-ray findings 2 0.034 0.1702 0.036 0.1481 0.042 0.0971 0.040 0.1201
Mycobacterial load 1 0.014 0.6787 0.014 0.5195 0.010 0.8388 0.015 0.4214
Mtb lineage 3 0.045 0.5856 0.047 0.4124 0.044 0.5105 0.048 0.3213
Diagnostic delay 1 0.016 0.3213 0.018 0.2082 0.018 0.2513 0.021 0.1341
Sex 1 0.014 0.7968 0.013 0.6046 0.010 0.8458 0.014 0.4545
Age group 3 0.047 0.4384 0.044 0.4835 0.035 0.8488 0.042 0.5005
BMI category 1 0.016 0.3854 0.014 0.4605 0.010 0.8378 0.011 0.6717
Hb level 1 0.018 0.1071 0.017 0.2523 0.019 0.1852 0.015 0.3744
HIV 1 0.015 0.5095 0.015 0.4164 0.014 0.5095 0.015 0.3894
Viral respiratory infection 1 0.016 0.2893 0.015 0.4164 0.010 0.8018 0.013 0.5055
Helminth infection 1 0.013 0.8328 0.011 0.8278 0.008 0.9309 0.010 0.7838
Bacterial respiratory infection 1 0.017 0.2322 0.017 0.2553 0.020 0.1512 0.018 0.2302
Smoking status 1 0.018 0.1632 0.018 0.2092 0.010 0.8148 0.014 0.4294
Season 2 0.036 0.0691 0.041 0.0801 0.039 0.1572 0.047 0.0621
Read pairs 1 0.023 0.0070 0.016 0.3323 0.023 0.1071 0.013 0.5095
X-ray findings x BMI category 2 0.041 0.0140 0.051 0.0120 0.045 0.0691 0.057 0.0110

Only PTB cases = 106 (ignoring Mtb genetic background)
OTUs >5% Frequency (1653) Core OTUs (236)
Jaccard Bray-Curtis Jaccard Bray-Curtis

Variables DF Pseudo R2 p-value Pseudo R2 p-value Pseudo R2 p-value Pseudo R2 p-value
Full Model 20 0.219 0.0000 0.230 0.0010 0.242 0.0000 0.238 0.0100
X-ray findings 2 0.022 0.0501 0.024 0.0891 0.032 0.0270 0.027 0.0911
Mycobacterial load 1 0.009 0.6156 0.007 0.6847 0.008 0.5125 0.007 0.6206
Diagnostic delay 1 0.010 0.2232 0.011 0.1371 0.010 0.3013 0.014 0.1251
Sex 1 0.009 0.5395 0.009 0.4805 0.007 0.6807 0.008 0.4054
Age group 3 0.029 0.2773 0.029 0.3303 0.028 0.3554 0.028 0.3473
BMI category 1 0.009 0.5716 0.007 0.8188 0.008 0.4635 0.006 0.8318
Hb level 1 0.011 0.0741 0.013 0.1041 0.013 0.1231 0.013 0.1131
HIV 1 0.009 0.5475 0.010 0.2953 0.008 0.4815 0.010 0.2462
Viral respiratory infection 1 0.010 0.2292 0.009 0.3714 0.006 0.8639 0.008 0.5475
Helminth infection 1 0.009 0.4975 0.008 0.6276 0.007 0.7417 0.006 0.7167
Bacterial respiratory infection 1 0.009 0.4044 0.010 0.2963 0.008 0.4695 0.010 0.3223
Smoking status 1 0.008 0.7628 0.007 0.7798 0.004 0.9710 0.005 0.8869
Season 2 0.025 0.0080 0.032 0.0080 0.033 0.0230 0.040 0.0080
Read pairs 1 0.018 0.0010 0.010 0.2983 0.015 0.0751 0.006 0.8228
X-ray findings x BMI category 2 0.026 0.0060 0.033 0.0060 0.032 0.0310 0.036 0.0150
P value: 999 permutations
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Table A.2.3-8.: MDMR analysis of sputum microbial communities from PTB cases testing associations
of community composition profiles with TB-score (i.e disease severity). Analysis based
on Jaccard distances and Bray-Curtis dissimilarities of Hellinger transformed abun-
dances, either considering OTUs with a frequency of at least 5% or only considering the
core set.

Only PTB cases = 89
OTUs >5% Frequency (1653) Core OTUs (236)
Jaccard Bray-Curtis Jaccard Bray-Curtis

Variables DF Pseudo R2 p-value Pseudo R2 p-value Pseudo R2 p-value Pseudo R2 p-value
Full model 19 0.238 0.0000 0.246 0.0140 0.253 0.0270 0.254 0.0310
TB score 1 0.011 0.3914 0.011 0.4164 0.012 0.2993 0.011 0.3584
Mycobacterial load 1 0.011 0.5195 0.010 0.5906 0.011 0.3273 0.010 0.4364
Mtb lineage 3 0.036 0.1652 0.039 0.1401 0.036 0.3023 0.041 0.1241
Diagnostic delay 1 0.012 0.2012 0.013 0.1812 0.013 0.1982 0.015 0.1782
Sex 1 0.011 0.4885 0.008 0.7487 0.009 0.6476 0.007 0.8198
Age group 3 0.033 0.4635 0.032 0.5395 0.030 0.5646 0.031 0.5245
Hb level 1 0.012 0.1932 0.011 0.4294 0.009 0.6366 0.007 0.8418
HIV 1 0.014 0.0480 0.019 0.0330 0.023 0.0310 0.024 0.0160
Viral respiratory infection 1 0.011 0.4585 0.010 0.5365 0.007 0.8709 0.009 0.6426
Helminth infection 1 0.010 0.7868 0.010 0.5015 0.006 0.9129 0.010 0.4915
Bacterial respiratory infection 1 0.010 0.5996 0.011 0.3894 0.012 0.2503 0.013 0.2503
Smoking status 1 0.013 0.1041 0.015 0.0961 0.011 0.3574 0.015 0.1471
Season 2 0.034 0.0020 0.048 0.0020 0.053 0.0000 0.061 0.0020
Read pairs 1 0.019 0.0040 0.013 0.2362 0.017 0.0941 0.009 0.5996

Only PTB cases = 156 (ignoring Mtb genetic background)
OTUs >5% Frequency (1653) Core OTUs (236)
Jaccard Bray-Curtis Jaccard Bray-Curtis

Variables DF Pseudo R2 p-value Pseudo R2 p-value Pseudo R2 p-value Pseudo R2 p-value
Full model 16 0.118 0.0000 0.120 0.0230 0.120 0.0661 0.121 0.0801
TB score 1 0.007 0.2783 0.007 0.3003 0.009 0.1311 0.007 0.2603
Mycobacterial load 1 0.006 0.6276 0.005 0.6026 0.007 0.3343 0.006 0.4975
Diagnostic delay 1 0.006 0.3734 0.007 0.3483 0.007 0.2973 0.007 0.3213
Sex 1 0.006 0.8138 0.004 0.9209 0.004 0.7487 0.003 0.9339
Age group 3 0.018 0.6496 0.018 0.5295 0.015 0.8158 0.017 0.6166
Hb level 1 0.006 0.5235 0.005 0.6176 0.005 0.7337 0.004 0.7848
HIV 1 0.006 0.4224 0.007 0.2322 0.007 0.2613 0.007 0.2362
Viral respiratory infection 1 0.007 0.1311 0.009 0.1191 0.006 0.4705 0.008 0.1992
Helminth infection 1 0.006 0.7638 0.005 0.5986 0.005 0.7467 0.005 0.5536
Bacterial respiratory infection 1 0.006 0.4244 0.007 0.2272 0.006 0.4825 0.008 0.1982
Smoking status 1 0.006 0.7287 0.005 0.6597 0.003 0.9720 0.004 0.7357
Season 2 0.018 0.0020 0.026 0.0000 0.025 0.0080 0.032 0.0020
Read pairs 1 0.016 0.0000 0.009 0.0841 0.013 0.0260 0.005 0.5475
P value: 999 permutations
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A.2.4. Supplementary Figures
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Figure A.2.4-1.: Phylum-level composition of sputum microbial communities from PTB
cases and household contact controls, stratified by PTB status and sea-
son. Bars represent nonparametric studendized boostrap 95% confidence intervals for
the means.
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Figure A.2.4-2.: Differences in abundances of the top 20 core OTUs driving an association
with PTB status, stratified by season. From top to bottom, OTUs are sorted by
decreasing effect size (MDMR delta score) and identified by their IDs in the greengenes
database and either their species, genus (g) or order (o) classification. The labels are
colored by their classification as common-core (black), controls-core (blue) or cases-core
(red). Bars represent 95% confidence intervals (CIs) for the means. Non-overlapping
CIs indicate significant differences. 9 of these OTUs have increased abundances in
PTB cases, regardless of season periods, and are either anaerobic bacteria (Fusobac-
terium spp., Veillonella spp., Lautropia spp. and Bulleidia spp.) or prefer low-oxygen
environments (Campylobacter spp.).
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Figure A.2.4-3.: Differences in relative abundance of cases-core OTUs by PTB status and
season periods. OTUs are identified by their IDs in the greengenes database and
either their species, genus (g) or order (o) classification. The labels are colored by their
classification as cases-core (red). Bars represent 95% confidence intervals (CIs) for the
means. Non-overlapping CIs indicate significant differences.
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Figure A.2.4-4.: Phylum-level composition of sputum communities among PTB cases, strat-
ified by lung pathology and BMI. Top 10 most abundant phyla. Bars represent
non-parametric studendized boostrap 95% confidence intervals for the means. Non-
overlapping CIs indicate significant differences.
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Figure A.2.4-5.: Genus-level composition of sputum communities among PTB cases, strati-
fied by lung pathology and BMI. Top 16 most abundant genera. Bars represent
non-parametric studendized boostrap 95% confidence intervals for the means. Non-
overlapping CIs indicate significant differences.
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NS; paired t−test
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Figure A.2.4-6.: Effect of co-housing and self-medication on beta-diversity of sputum com-
munities. (A) Distribution of pairwise Bray-Curtis dissimilarities among PTB cases
(left), between a PTB case and a household contact control matched by house ID
(middle), and between the same PTB case and a randomly assigned control (right);
77 pairs were included in each case. (B) Distribution of pairwise Bray-Curtis dissim-
ilarities among controls (left), among non-self-medicated PTB cases (NPPM), among
self-medicated PTB cases (PPM), and between a non-self-medicated PTB case and a
self-medicated PTB case (right).
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143.g__Moraxella

144.g__Agrobacterium

145.f__Fusobacteriaceae; NA
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Figure A.3.1-7.: SPIEC-EASI Genus-level interaction network. Derived from 16S-rRNA-gene
amplicon seuqencing data.
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