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ABSTRACT 
 

Background: Tuberculosis (TB) is an ancient malady that remains a modern global health 

concern. The ancient relationship between Mycobacterium tuberculosis (Mtb) and Homo sapiens 

has evolved into a spectrum of co-existence pattern which, from the human perspective, ranges 

from a complete and fatal susceptibility to TB to a total resistance to infection and/or progression 

to disease. Essentially, therefore, infection by Mtb, although necessary, is not a sufficient cause 

for TB disease and numerous studies have demonstrated that this spectrum of host-pathogen 

interaction outcome is mediated in part by the genetic constitution of individuals that impact 

their potential for innate and adaptive immunity against TB. However, there is a conspicuous 

lack of replication of results and the hunt for novel associations in different populations 

continues unabated. It has been suggested that the lack of power in the investigative process to 

identify genetic risk factors to TB emanate mainly from the lack of precision in the 'Definition of 

the Phenotype'. Because of the complexity of TB, a precise and consistent definition of the 

disease is a major challenge and it has been difficult to provide reliable TB phenotype definition 

criteria amenable for genetic epidemiological analysis. There is also the possibility of 

unaccounted differences in the genetic architecture of the studied populations and the potentially 

differential or minor effects of either rare or common variants identified in the studies. The 

primary aim of this genetic epidemiological study was 1) to investigate the role of genetic 

variations within candidate genes towards susceptibility to TB by resequencing genes which 

previously showed an association signal in another Sub-Saharan African cohort (Ugandan 

population), as well as 2) testing an original candidate gene hypothesis in Ethiopian populations. 

The study focused on three innately expressed genes: NOD1 [Nucleotide-binding Oligmerization 

Domain containing 1] and TICAM2 [Toll/Interleukin-1 Receptor Domain-Containing Adaptor 
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Molecule 2], based on a recent finding in an East African population that indicated significant 

statistical association and another study demonstrating a biological plausibility of TICAM2-

NOD1 synergistic action and, thus, were deemed to warrant an effort to replicate those findings 

in an independent population; and, FMO2 (Flavin-Containing-Monooxygenase-2) that 

demonstrates some curious characteristics vis-à-vis TB that come from some immunologic, 

pharmacogenetic, and population/evolutionary genetics observations. First, FMO2 is highly 

expressed in activated pulmonary-macrophages regulating oxidative-stress level, an essential 

mechanism of innate immunity against TB. In contrast, FMO2 is regarded as potentially 

deleterious because it causes adverse reactions to anti-TB drug treatment. Furthermore, FMO2 

possesses a unique polymorphism, FMO2*1/FMO2*2 (rs6661174), with differential ethno-

geographic distribution. The functional ancestral-variant, FMO2*1, is only found in African and 

some Hispanic populations with highest frequency in Sub-Saharan-Africa while Caucasians and 

Asians are homozygous for the dysfunctional derived-allele, FMO2*2. However, there are no 

reported investigations into the potential involvement of FMO2 in the pathogenesis of diseases 

exerting population-specific selective pressures.   

 

Method: This study focused on finding a method of unraveling the TB-phenotype complexity by 

drawing TB-trait definitions closely based on its known natural progression stages from infection 

to disease onset. This ensures that intermediate stages of the disease are included as phenotypes 

of interest rather than just analyzing the final binary-trait outcome: 'Active-TB vs. No-active-TB' 

(presence/absence). An intermediate stage may be a distinct phenotype having its own 

immunogenetic profile that could otherwise be missed.  TB cases and household controls 

(n=292) were ascertained from 3 different ethnic groups.  Latent Mtb infection was determined 
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using Quantiferon to develop reliable TB progression phenotypes.  Exonic regions of TICAM2, 

NOD1, and FMO2 genes were sequenced. Various statistical tests of association were done that 

accounted for possible confounding by sex, age, and population stratification.  

 

Result: Multiple SNPs in FMO2, TICAM2 and NOD1 were associated with TB. Among the 

most significant findings were two SNPs in NOD1 achieving a study-wide significance 

threshold: rs751770147 [p=7.28x10-05] and chr7:30477156(T), a novel variant, [p=1.04x10-04].  

Three SNPs in TICAM2 were nominally associated with TB, including rs2288384 [p=0.003].  

Haplotype-based association tests supported the SNP-based results.  The study also identified for 

the first time an association between FMO2 and TB both at the SNP and haplotype level. Two 

novel SNPs achieved a study-wide significance [chr1:171181877(A), p=3.15E-07, OR=4.644 

and chr1:171165749(T), p=3.32E-06, OR=6.825] while several SNPs (twenty two) showed 

nominal signals of association. The pattern of association suggested a protective effect of FMO2 

against both active and latent TB with distinct genetic variants underlying the TB-progression 

pathway. Haplotype-based tests confirmed the SNP-based results with a single haplotype bearing 

the ancestral-and-functional FMO2*1 "C" allele ("AGCTCTACAATCCCCTCGTTGCGC") 

explaining the overall association (haplotype-specific-p=0.000103). Strikingly, not only was 

FMO2*1 associated with reduced risk to "Active TB" (p=0.0118, OR=0.496) but it also does not 

co-segregate with the other 5'-3' flanking top high-TB-risk alleles.  

 

Conclusion: The study design not only helped to replicate previous association signals of 

TICAM2 and NOD1 with TB but also identified novel genetic variants associated with TB in 

Ethiopian populations thus further validating the genes' involvement in TB pathogenesis. The 
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study also identified for the first time the association of FMO2 gene with TB and provided an 

evidence for the existence of an evolutionary adaptation to an ancient disease based on the 

ancestral FMO2*1 polymorphism. The study sheds light on the possible impact of host-pathogen 

co-evolution on the present differential ethno-geographic distribution of the FMO2*1 variant that 

coincides with the origin of both humans and Mtb in Sub-Saharan Africa. The novel discovery 

calls for a revision of the notion that FMO2*1 is "potentially deleterious". Rather, the study 

indicates that FMO2*1 is associated with reduced risk to TB progression acting in a haplotypic 

framework. The finding also puts into question the prudence of prescribing thiourea based anti-

TB drug treatment regimens for populations harbouring high proportions of FMO2*1 without 

genetic screening. The study examined multiple ethnic groups in Ethiopia, and found that the 

association results are robust to population stratification.  As Ethiopia is considered to be the 

origin of both humanity and Mtb, these findings are of particular significance for understanding 

Mtb-human co-evolution and the genetic underpinnings of TB in general. 
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III. INTRODUCTION 

Tuberculosis (TB): Disease description 

 

TB is one of the oldest known infectious human diseases and it is an understatement to report 

that it a major cause of morbidity and mortality globally. Observations from different fields of 

studies ranging from anthropology to genomics show that few diseases have had an association 

with human beings as ancient and impactful as that of TB (Comas, et al, 2013). TB is lethal in 

two thirds of patients who do not receive proper treatment killing, on average, another three 

people every minute (WHO, 2016). The co-existence of Mycobacterium tuberculosis (Mtb) with 

humans for such a long time has provided the bacterium opportunity to evolve and develop 

mechanisms that enable it to evade both our natural immune responses and clinical treatment 

efforts (Galagan, 2014). Despite the widespread use of an attenuated live vaccine Bacille 

Calmette-Guérin (BCG) and several antibiotics like isoniazid, rifampin, ethambutol, and 

pyrazinamide, TB remains a major public health concern requiring improved treatment 

approaches and more specific and rapid diagnostics (Issar, 2003; Zhang, 2005). The problem is 

further compouned by the looming danger of the spread of drug-resistant Mtb strains [causing 

multidrug-resistant TB, (MDR-TB), extensively drug-resistant TB (XDR-TB), totally drug-

resistant TB (TDR-TB)] that threaten to overcome the available tools of TB control (Ernst, 

2007). 

 

TB is a complex disease with heterogenous manifestations. Although primarily a pulmonary 

disease (PTB) that is initiated by the deposition of Mtb contained in aerosol droplets onto lung 

alveolar surfaces, it also affects several organ systems. And, from the point of infection, the 
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progression of the disease can have several outcomes, determined by both intrinsic factors such 

as the immuno-genetic constitution of individuals and extrinsic factors like the nutritional status 

of the individual and co-infections and treatments that suppress or compromise the host's 

immune and physiological systems (Issar, 2003).   

 

Therefore, it is essential to differentiate infection from TB disease. Infection simply means the 

presence of Mtb in a host, whether it leads to active disease or not. A survey of the TB literature 

shows that there is a general agreement on the course of TB pathogenesis despite some difficulty 

in delineating where one stage ends and another begins mortality (Issar, 2003; Van Crevel, et al, 

2002), (Ma, et al, 2014). A recent review of the progression and resolution of the disease defines 

TB at least into two stages (Figure-1) (Pai, et al, 2016): latent infection and active disease. In the 

first stage, Mtb is transmitted by inhalation into the lungs where it is phagocytosed by 

macrophages which are thought to be the predominant host cells for the majority of its infectious 

life cycle. Internalization by macrophages triggers an immune response, the recruitment of 

additional monocytes and, ultimately, the formation of a tuberculous granuloma (which lends the 

disease its modern name) that effectively contains the infected cells. The success of Mtb is partly 

due to its ability to survive in a granuloma for a long time in an asymptotic latent state. In the 

second stage, the granuloma disintegrates, Mtb reactivates, disseminates and the patient 

progresses to active disease. In other words, for active disease and transmission to occur Mtb 

containment in the granuloma must either fail due to changes in the host immune status or be 

overcome by the pathogen (Chao, et al, 2010; Galagan, 2014). However, there is variation in TB 

progression in that after the first exposure of uninfected individuals to infectious TB cases not all 

subjects exposed to TB become infected: 5-10% eliminate primary infection. And, in the second 
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stage, only 5-10% of Mtb-infected individuals progress to active TB disease. Generally, it is 

reported that 90-95% of people infected with Mtb will contain the initial infection without 

symptoms and develop a latent infection, while the remaining 5-10% will develop active TB 

disease after exposure, with symptoms such as cough, fever, weight loss and night sweats. 

Another manifestation of variation in TB is that it is characterized by a variable course of disease 

(incubation time, dormant infection, or latency), disease site, and severity. These observations 

have led to the hypothesis that these two stages may have different immunogenetic 

underpinnings. In addition, the pathogen may play a role in disease progression since some   

human-adapted strains in the Mycobacterium Tuberculosis Complex (MTBC) are reportedly 

more virulent than others, as defined by increased transmissibility, rapid pathogenesis, higher 

morbidity and mortality in infected individuals (reviewed by Brites, et al, 2015; Gagneux, 2012). 

It has also been shown that that distinct geographic regions of the world have variable 

distributions of mycobacterial lineages, with certain regions having a major lineage that is a 

minor contributor elsewhere (Ernst, et al, 2007; Filliol, et al, 2006; Firdessa, et al, 2013). For 

example, associations were found between mycobacterial genotypes and phenotypes in humans 

and that the transmission of phylogeographic lineages of Mtb is non-randomly associated with 

various ethnic populations  

 

Therefore, although Mtb is necessary for TB, it is not sufficient to cause the disease. In other 

words, active TB disease is not exactly an inevitable outcome of exposure to, or infection by, 

Mtb. In recent decades the role of host genetics in susceptibility or resistance to infectious 

diseases such as TB has received more attention (Hill, 2006; Sirugo, et al 2008; Moller, et al, 

2009). In this regard Africa, as the ultimate source of modern humans harboring higher genetic 
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variation than any other continent, has become a focus of studies of the patterns of genetic 

variation that are crucial to understanding how genes affect phenotypic variation, including 

disease predisposition to TB (Gurdasani, et al, 2014).  

 

 

 

Figure 1: Summary of TB progression (Source: Pai, et al, 2016) 

 

Infection begins when Mtb enters the lungs via inhalation, reaches the alveolar space and encounters the resident 
alveolar macrophages. If this first line of defence fails to eliminate the bacteria, Mtb invades the lung interstitial 
tissue, either by the bacteria directly infecting the alveolar epithelium or the infected alveolar macrophages 
migrating to the lung parenchyma. Subsequently, either dendritic cells or inflammatory monocytes transport Mtb 
to pulmonary lymph nodes for T cell priming. This event leads to the recruitment of immune cells, including T cells 
and B cells, to the lung parenchyma to form a granuloma. b | The bacteria replicate within the growing granuloma. 
If the bacterial load becomes too great, the granuloma will fail to contain the infection75 and bacteria will 
disseminate eventually to other organs, including the brain. At this phase, the bacteria can enter the bloodstream 

or re‑enter the respiratory tract to be released — the infected host is now infectious, symptomatic and is said to 
have active TB disease. 
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Finally, from a public health point of view, pulmonary TB is the most important form of the 

disease because of its infectious nature. By contrast, extrapulmonary TB is generally non-

infectious and therefore has a lower public health priority (Gagneux, 2012). 

 

Components of innate and adaptive immunity to TB 

 

The constant battle against invading microorganisms necessitates an immune system capable of 

providing mechanisms both for the recognition and destruction of harmful microorganisms. 

Generally, upon encountering pathogenic microorganisms, an immuno-competent host activates 

two distinct effector mechanisms to ensure effective elimination of the pathogen: the innate and 

the adaptive immune systems (Philips, et al, 2011; Halff, 2013; Kawai, et al, 2010). Innate 

immunity provides the "first line of defense" and ensures a rapid but nonspecific and short-lived 

response, involving for instance the release of antimicrobial antigens, activation of the 

complement system, and the secretion of cytokines that induce inflammation and attract 

phagocytes. Innate immune cells also stimulate the activation of the long-lasting adaptive 

immune response by the presentation of pathogen-derived antigens leading to the generation of 

antibodies by B-cells and activation of antigen-specific cytotoxic T-lymphocytes. This results in 

the specific recognition and clearance of pathogens, the elimination of infected cells, and the 

development of immune memory.  

 

After the uptake of Mtb in alveolar macrophages several possible scenarios may be envisaged 

(Van Crevel, et al, 2002; Philips, et al, 2011): 
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Pre-innate immune response: since Mtb captured in intracellular membrane-bound vesicles 

(endosome) are not exposed to cytosolic proteases and these vesicles do not always bind to 

lysosomes, Mtb is able to avoid degradation by the immune system. Therefore, in the first three 

weeks after infection in a non-sensitized individual, the bacteremia is largely unchecked by 

innate immunity and the mycobacteria can seed multiple sites and airspaces. 

 

Initiation of innate immune response: once infection is established, however, a focal 

nonspecific inflammatory response follows. This response is regulated by a network of 

proinflamatory (for example, TNF-α, IL-1β, IL-6, IL-12, IL-18, IFN-γ)  and anti-inflammatory 

(for example, IL-10, TGFβ, IL-4) cytokines and  chemokine (for example, IL-8, MCP-1, 

RANTES) responses. The activities of the innate host defense mechanism include, the cellular 

uptake of Mtb, which involves different cellular receptors and humoral factors. This initial 

response determines the local outgrowth of Mtb (sometimes dissemination) or containment of 

infection. Various receptors, including Toll-like and Nod-like receptors, play a crucial role in 

immune recognition of Mtb, which is the next step. The subsequent inflammatory response is 

regulated by production of pro- and anti-inflammatory cytokines and chemokines. The innate 

host response is also necessary for induction of adaptive immunity to TB in which phagocytic 

cells play a key role in antigen presentation and the initiation of T-cell immunity which follows. 

On the other hand, Mtb may be destroyed immediately, in which case no adaptive T-cell 

response is developed. 

 Adaptive immune response: Roughly three weeks following Mtb infection, the host starts to 

mount an adaptive response by inducing the differentiation of T cells into two main types of CD4 

expressing T helper cells, TH1 and TH2. TH1 cells control infections by intracellular pathogens 
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while TH2 cells are responsible for extracellular pathogens and they induce B cells to produce 

antibodies. Upon Mtb digestion and peptide presentation with major histocompatibility complex 

(MHC) class II molecules, Toll-like receptor 2 (TLR2) binding to dendritic cells stimulates an 

IL-12 response which in turn activates the differentiation of TH1 CD4 T cells. The mature TH1 

cells mount an interferon gamma (IFN-γ) response and activate phagolysosomes in Mtb 

containing macrophages, and induce the production of nitric oxide and reactive oxygen species. 

These activated macrophages also use tumor necrosis factor (TNF) signaling in a localized 

inflammatory response that leads to the formation of granuloma. The granuloma consists of a 

central core of macrophages, organized into progressively necrotic multinucleated giant cells, 

and surrounded by CD4 T cells.  

 

Generally, both innate and adaptive immunity mechanisms are involved in determining the 

outcome of TB infection and, as the outcome determines survival, the immunity genes behind 

TB susceptibility or resistance phenotypes are subjected to natural selection (Quintana-Murci, et 

al, 2007; Barreiro, et al, 2005). In this respect, different gene polymorphisms have been found 

which are associated with increased susceptibility to and severity of TB (Azad, et al, 2012) 

(Figure-2). Some of these polymorphisms are functional, but for many of these no functional 

(immunologic) changes have been demonstrated yet, and these associations need further 

confirmation and investigation. 
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Figure 2: Human genes and pathways implicated in host resistance or 

susceptibility to TB (Source: Azad, et al, 2012)  

 

Impact of TB-HIV co-infection on TB prognosis 

 

Although individuals co-infected with TB and HIV (Human Immunodeficiency Virus) were 

excluded from analysis in this study, it is worthwhile to note its impact briefly. The factors that 

govern the development of tuberculosis disease are complex and various factors have been 

clearly associated with increased susceptibility to tuberculosis. HIV infection is one of the most 

important (Toossi, et al, 2001; Nahid, et al, 2007). The impact of HIV-TB co-infection can be 

assessed from several aspects related to the synergistic effect of the dual infection on TB 

pathogenesis and vice versa. In general, however, TB appears to be the first opportunistic 

infection in an HIV-infected person, while active TB has been shown to induce HIV virus-

replication, thus accelerating the progression to AIDS. HIV-TB interaction dramatically 

increases the progression of both. Latent TB-infection in HIV-positive persons seems to 

reactivate at a rate of 10% per year (as opposed to 10% in a lifetime for HIV-negative persons). 
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The clinical presentation of TB may be altered in HIV-positive patients, especially in progressed 

stages of HIV-infection when immunity is considerably compromised. HIV-induced 

immunosuppression is a substantial contributor to TB reactivation. Smear-negative and extra-

pulmonary forms of TB are then more common and X-ray abnormalities are atypical. 

 

Although the underlying causal mechanisms and immunological aspects remain poorly 

understood, the synergy of HIV and TB takes several forms (Vermund, et al, 2007). HIV-

induced immunosuppression increases the likelihood that quiescent TB will reactivate. In other 

words, the newly active TB patient is now infectious for TB whereas without the HIV co-

infection, the patient might have remained uninfectious. TB itself up-modulates the host 

immune system; an activated T cell that is activated in response to infection from Mtb (or a 

number of other infections such as helminthes or herpeviruses) produces more HIV than a 

quiescent cell such that HIV expression increases in the face of co-infections. Furthermore, the 

cytokine profile of the tuberculous microenvironment is conducive to induction of HIV-1 

replication. Development of TB during HIV-1 infection is associated with intense immune 

activation and an increase in HIV-1 enhancing proinflammatory cytokines, such as IL-1β, IL-6 

and ΤNF-α.  

 

Overview of TB diagnosis in Ethiopia 

 

WHO has a recommended international strategy for control of TB called “DOTS” (Directly 

Observed Therapy, Short-course) which is implemented in Ethiopia. Among the main elements 

of DOTS are mechanisms for promptly diagnosing and treating people who have TB disease 

(Caws, et al, 2008). Diagnosis of TB is thought of as having two aspects, which are also both 
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stage-specific and purpose-specific: diagnosis of TB infection and diagnosis of active disease 

(Glassroth, 2005). The relative importance of the different characteristics of a diagnostic test 

depends upon the setting in which the test is to be performed and the intended use of the results 

(Steingart, et al, 2007). In Ethiopia, the diagnosis of TB is based on the recommendations of the 

National TB and Leprosy Control Programme (NTLC) which is revised and updated periodically 

(FMoH, 2011). Briefly, however, there are two diagnostic algorithms developed to detect PTB 

and lymph node TB (Mengistu, et al, 2005). Since other diagnostic services such as 

Mycobacterial cultures and pathological services are not available for routine purposes, the 

NTLC advocates adherence to these diagnostic algorithms: Patients presenting with symptoms 

suggestive of PTB who had productive cough for three weeks or more with at least two positive 

sputum smears or one positive smear and x-ray findings consistent with active PTB are classified 

as smear-positive PTB cases.  Patients presenting with cough of three weeks or more with initial 

three negative smears and no clinical response to a course of broad-spectrum antibiotics, three 

negative smear results after a course of broad-spectrum antibiotics, x-ray findings consistent with 

active PTB and decided by a clinician to be treated with anti-TB chemotherapy are classified as 

smear-negative PTB cases. Patients presenting with dry cough of three weeks or more are 

diagnosed based on strong clinical evidence and x-ray findings consistent with active TB.  

Patients presenting with symptoms suggestive of TB other than the lungs, which do not respond 

to a course of broad-spectrum antibiotics and decided by a clinician to be treated with anti-TB 

chemotherapy are classified as EPTB cases.  In children, TB is diagnosed if there are symptoms 

and signs suggestive of TB, contact history with a known TB patient and x-ray findings 

consistent with active TB. The diagnosis of smear-negative PTB primarily relies on patients' 
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clinical conditions, response to broad spectrum antibiotics and chest radiographic evidences. 

Until recently, the tuberculin skin test (TST) was the only available method for diagnosing LTBI.  

 

TB epidemiology in Ethiopia 

 

While epidemiological reports of TB (incidence/prevalence) from around the world paint a grim 

picture of human failure to cope with the disease which has been declared a global emergency by 

the WHO, there is an urgent need to find more effective ways of containment or eradication of 

TB especially in poorer regions of the world, like Ethiopia, where the disease strikes hard (Ernst, 

et al, 2007). Furthermore, with the uneven geographical distribution of TB there is a risk that it 

would be relegated to the status of the "poor-man's disease" and ignored by richer countries 

which have managed to control TB in their population, mainly by arresting transmission rather 

than treatment, and which might have the resources to contribute a lot.  

 

According to a publication by the Federal Ministry of Health of Ethiopia (FMoHE, 2011) 

released around the beginning of this study (Table-1), the national routine surveillance of TB 

data revealed that during 2000/01-2009/10 more than 100,000 all forms of TB cases were 

detected every year and a total of 1,231,145 cases were reported, out of which, 392,319 cases 

(32%) wear smear positive pulmonary TB and 430,274 (35%) were extra-pulmonary TB. During 

this decade the number of cases detected increased annually showing an increment of 40% in 

2009/10 as compared to 2000/01. Latent TB infection is also high in Ethiopia: one study reported 

that more than 65% of all Tuberculin Skin Tested (TST) Ethiopians are positive (Tegbaru, et al, 

2006).  
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Table 1: Notification of new smear positive and all forms of TB cases by region: 2009/10 
(Source: FMoHE, 2011) 

 
Regions New Smear Positive TB New all forms of TB cases All TB forms CDR 

(/100,000) Annual estimate 

(163/100,000) 

Cases 

detected 

CDR Annual estimate 

(378/100,000) 

Cases 

detected 

CDR 

Tigray 7,573 2,112 28 4,646,197 10,812 62 233 

Amhara 29,514 7,732 26 18,106,982 33,728 49 186 

SNNPR 26,715 10,534 39 16,389,550 23,100 37 141 

National 129,740 46,634 36 79,594,841 149,508 50 188 

Estimates are based on 2009 WHO report 

 

TB-HIV co-infection remains a complicating factor. During the 1990s Ethiopia experienced a 

severe HIV epidemic. A TB epidemic has coincided with this development, and in 1999, 

Ethiopia was ranked number 8 among the 23 countries with the highest total TB burden. In 1997, 

about 30% of all new TB cases were believed to occur in HIV-positive individuals (Bruchfeld, et 

al, 2002). According to the 2014 WHO report, the prevalence and incidence of all forms of TB 

were 211 and 224 per 100,000 of the population, respectively. In 2013, TB mortality was 

estimated to be 32 per 100,000 excluding HIV related deaths. These figures were used to 

demonstrate that the Millennium Development Goal on reducing TB incidence rate has been 

achieved in Ethiopia. For example, by 2013 the national TB incidence rate had fallen to 224 per 

100,000 as compared to 369 in 1990 and TB prevalence and mortality rates have also reduced by 

50%. But, still, and according to the same WHO report, 22 high burden countries account for 

80% of the of the global TB cases and Ethiopia has the tenth highest TB burden in the world and 

is also one of the 27 high MDR-TB burden countries.  
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Role of Mtb-human co-evolution in TB 

 

In an insightful and inspirational comparative reviews (Gagneux, 2012; Mulugeta, et al, 2014; 

Brites, et al 2015, Comas, et al, 2013) of the accumulated knowledge on Mtb and human genetic 

diversity the authors elaborate on the possible patterns of co-evolution and its role in TB 

pathogenesis based on molecular phylogenetic and epidemiologic data. First, it is pointed out 

that Africa harbours the largest diversity of MTBC in the world since it has been discovered that 

Africa is the only region of the world that harbours all of the main human-adapted MTBC 

lineages. Second, this diversity and distribution parallels and follows the foot-steps of Homo 

sapiens as described in th "Out-of Africa-and-back" migration model. And, third, human-adapted 

MTBC exhibits a phylogeographic population structure with different lineages associated with 

different human populations, i.e., host-specific adaptation of MTBC lineages consistent with 

host–pathogen co-evolution. This scenario led to the postulate that human MTBC originated in 

Africa and accompanied the Out-of-Africa migrations of modern humans and, consequently, it is 

possible that the biology and the epidemiology of human TB have been shaped by the long-

standing association between MTBC and its human host (Figure-3). Accordingly, TB has been 

characterized as a disease caused by a pathogen that has co-evolved to gain the capacity to 

survive within the human cells of the immune system that are designed to eradicate microbial 

pathogens, the macrophages.   
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Figure 3: ‘Out-of-and-back-to-Africa’ scenario for the evolutionary history of 

human TB (Gagneux, 2012). 
 (a) MTBC originated in Africa and some lineages accompanied the Out-of-Africa migrations of modern 
humans. (b) The three evolutionarily ‘modern’ MTBC lineages seeded Europe, India and China, 
respectively, and expanded as a consequence of the sharp increases in human populations in these regions 
starting a few centuries ago (each dark grey dot corresponds to 1 million people). These lineages then 
spread throughout the world via exploration, trade and conquest. 
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The role of human genetic diversity in TB pathogenesis 

 

One of the most important questions in TB research is why only approximately 10% of latently 

infected individuals develop active disease any time during their lifetime. If we knew the answer 

to this question, we would be in a much better position to design an effective TB vaccine. After 

several studies, the evidence for a human genetic component in the commonly observed inter-

individual variation in susceptibility to TB is considered incontrovertible (Galagan, 2014; 

Moller, et al, 2010). However, the evidences suggest that, except for a few extreme and very rare 

cases of Mendelian disorders, TB is a classical example of a complex disease in which each 

individual TB-associated genetic locus contributes a small proportion of the observed variation 

in disease susceptibility. In other words, since TB is a complex disease, it is unlikely that any 

single factor with a major effect can adequately explain TB risk and, therefore, new candidate 

genes and genomic regions need to be explored. However, there are also evidences that suggest 

susceptibility to TB may depend on the ability of Mtb to modulate epigenetic (stable and 

heritable changes occuring in cells without change in DNA sequence by various modifications of 

nucleotides, associated histones and untranslated RNA pool) mediators and repress host immune 

response genes and presents a new challenge to understanding the function of epigenetics and its 

regulators in the patho-physiology of TB (Warner, et al, 2014; Bierne, et al, 2012), (Yadav, et al, 

2015). 

 

Overview of human genetic polymorphisms associated with TB 

 

The application of genetic epidemiological tools to the study of the genetic aspects of TB 

susceptibility and pathogenesis is considered to have taken a turning point by the discovery of 
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polymorphisms in NRAMP1, now named SLC11A1, which were found to impact 

resistance/susceptibility to a spectrum of Mtb infections (Abel, et al, 2000). SLC11A1 is a 

transmembrane protein in the lysosomal and endosomal membranes that functions as a divalent 

ion pump removing them into the cytosol. It was postulated that in doing so, it deprives bacteria 

such as Mtb of essential elements such as iron, thereby inhibiting growth. Polymorphisms that 

impair proper function of SLC11A1 inhibit the ability of an infected macrophage to clear the 

infection, and individuals carrying such mutations are more likely to develop TB disease. This 

murine finding has been recapitulated in human population studies. The methodology used to 

study SLC11A1 was based on the analysis of an extended pedigree rather than a large 

population: a model-based linkage method (classical LOD score) with both a recessive and a 

dominant mode of inheritance assumed; and, to model gene-environment interactions, 

individuals were assigned to risk (liability) classes on the basis of age, BCG vaccination, 

tuberculin skin-test results, and previous disease information. The specification of liability 

classes was considered to be crucial to obtaining evidence for linkage, which stresses the 

importance of properly accounting for the epidemiological context in this type of analysis. 

 

In Africa, several genetic association or linkage analyses with TB have been carried out which 

reported positive, suggestive or no linkage/association results (Sirugo, et al, 2008; Azad, et al, 

2012). Using the complementary approach of candidate gene analysis, case–control studies of 

West African samples have identified associations with variants in several genes; for example 

SLC11A1, (Bellamy, et al, 1998); vitamin D receptor (Bornman, et al, 2004; Lombard, et al, 

2006); CD209 (DC-SIGN), PTX3 (Olesen, et al, 2007); and P2X7 genes (Li, et al, 2002) to 

mention a few, have all been associated with TB. In East Africa, a combined linkage and 
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association study of Ugandans has shown that IL10, interferon gamma receptor 1 (IFNGR1), and 

TNF alpha receptor 1 (TNFR1) variants are linked and associated to TB, but not with 

susceptibility to latent infection (Stein, et al, 2005). And, in the first genome-wide linkage scan 

for a major infectious disease in Africans, evidence of linkage was found on chromosomes Xq27 

and 15q11 (Bellamy, et al, 2000), further supporting the conclusion that TB susceptibility loci 

exist. Another recent analysis of affected sibling pairs from South Africa (of mixed ancestry) and 

from Malawi, along with a case–control study in West Africans have identified two putative loci 

for susceptibility, one at 6p21-q23 and one at 20q13.31-33. At the latter locus, variation in the 

melanocortin 3 receptor (MC3R) and cathepsin Z (CTSZ) genes were implicated in the 

pathogenesis of TB (Cooke, et al, 2008). And a recent study of innate and adaptive immunity 

genes in TB identified TICAM2 and NOD1 among others (Hall, et al, 2015). 

 

TB is a multifactorial infectious disease which has been shown to have a strong genetic 

component through twin studies, genome-wide linkage and association studies, and candidate 

gene association studies. Candidate gene studies have focused on genes that mediate both innate 

and adaptive immune pathways and particularly on pathogen pattern recognition receptor 

pathways and have added to our understanding of the multigenic basis of variable resistance to 

TB (Kawai, et al, 2010). However, since the immune response to Mtb infection, progression to 

disease, and the molecular signaling pattern and the extent of tissue involvement change over the 

course of disease it is unlikely that any single factor can adequately explain susceptibility to TB. 

Numerous genetic variants have been variably associated with susceptibility to TB (Hill, 2006; 

Sirugo, et al, 2008; Moller, et al 2009; Moller, et al 2010; Azad, et al, 2012). Although there are 

apparent variations in the reported associations that could be attributed to variable evolutionary 
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selection pressures as a result of long-term host-pathogen interactions (Caws, et al, 2008) in 

certain populations as well as differences in study designs, the overall conclusion is that 

polymorphisms involved in the initial innate recognition of the presence of pathogen and the 

induction of downstream innate and adaptive immune responses are critical for the efficient 

elimination of infection (Kawai, et al, 2010).  
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IV. GENETIC EPIDEMIOLOGICAL APPROACHES TO THE STUDY OF 
 TUBERCULOSIS AS A COMPLEX DISEASE 

Overview of genetic epidemiological methodologies 

 

Genetic epidemiological studies are motivated by the potential existence of genetic components 

behind the numerous observations of differential susceptibility to infectious and non-infectious 

diseases between individuals or populations (Azad, et al, 2012). In Africa, where both high 

human genetic polymorphism and infectious diseases are still prevalent, genetic epidemiological 

investigations are crucial to improve health conditions (Hill, 2006; Sirugo, et al, 2008); and, if 

such studies discover genetic variants with strong effect sizes that impact 

susceptibility/resistance to disease, they could guide public health policy. In simple terms, 

genetic epidemiology (GE) is the study of genetic factors that determine the distributions and 

dynamics of diseases in populations. The primary objective of GE is finding genes and 

nucleotide variants underlying human diseases and characterizing them (Weiss, 1993; Thomas 

2004). The most common differences in DNA sequence between individuals are single 

nucleotide polymorphisms (SNPs), that is, changes in a single DNA base pair. The study designs 

and statistical approaches used in genetic epidemiology can be grouped into generalized 

categories (Stein, 2011): 

1. Familial aggregation: used to evaluate whether individuals with a family history of a given 

disease have a greater risk of disease than individuals without such a family history. 

2. Familial segregation: used to determine the transmission pattern of a disease trait within 

families. It involves first, determining whether there is transmission from the parents to the 

children in a manner consistent with Mendelian laws; second, estimating the disease model; 
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third, and more generally, estimating parameters of a Mendelian model, including the disease 

allele frequency and penetrances. 

3. Familial co-segregation with a genetic marker: used to locate a disease locus on the 

genome based on the familial co-segregation of a trait of interest with one or several genetic 

markers. It forms the basis of linkage analysis. 

4. Association with a genetic variant: once the approximate location of a disease gene has 

been found by linkage analysis, genetic association analysis can be conducted in that region 

alone to pinpoint the gene and allelic variants involved. These studies take advantage of 

linkage disequilibrium (LD), i.e., the fact that throughout the genome, alleles at tightly linked 

loci are associated in the population; and, thus, the markers analyzed need not be functional, 

but may simply be in LD or be in 'indirect association' with the functional variant and serve 

as 'proxies'. This enables genome-wide association studies (GWAS) that encompass the 

entire genome and do not require a priori hypothesis about biological plausibility/function. 

Candidate-gene gene association studies involve far fewer SNPs than GWAS.  

 

The results of GE studies of TB have mainly pointed to the extremes of a TB causal-spectrum. 

As discussed by (Abel, et al, 2000; Azad, et al, 2012) population-based studies focusing on 

candidate genes selected on the basis of their known or suspected role in innate or adaptive anti-

mycobacterial immunity, have reported associations with TB. However, the reported 

predisposing alleles having only moderate effects and the molecular basis of the genetic control 

of TB remains to be validated. In contrast, there is clearly a causal relationship between certain 

rare Mendelian immunodeficiencies affecting T cells or phagocytes and severe TB. However, 

these rare mutations alone cannot account for the millions of TB cases reported annually 
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worldwide. There is, therefore, a gap between causal susceptibility in rare individuals and 

uncertain predisposition in the general population. However, it is possible that these two aspects 

of genetic predisposition to TB do not conflict but, rather, represent the two ends of a continuous 

causal spectrum. In this context, the study of NRAMP1 provided an opportunity to reconcile 

these two extreme poles of TB genetics: predisposition to tuberculosis was shown to be 

associated with a major gene effect that is neither fully monogenic nor polygenic. The major-

gene control reported supports the hypothesis of a continuous spectrum in the genetic control of 

clinical TB, since it bridges the gap between simple Mendelian susceptibility and complex 

polygenic predisposition to TB. These insights into the genetic component of TB help towards 

advancing hypotheses to be tested by various GE-based study designs.  

 

Literature review of TB-related investigations identified only one published study on genetic 

susceptibility to TB in Ethiopian populations (Malik, et al, 2005). The authors investigated 

polymorphisms in the SFTPA1 and SFTPA2 genes, both expressed in the lungs, in Ethiopian 

families and identified four polymorphisms that modify the risk of TB susceptibility  

 

Problems associated with testing TB-related GE hypothesis 

 

It has been hypothesized that, for populations that have not been extensively exposed to a lethal 

pathogen like Mtb, and before antibiotics were available, highly susceptible individuals who died 

early from the disease carried high-risk genotypes. Under this hypothesis, relatively rare 

susceptibility alleles (especially dominant ones) would have probably disappeared rapidly from 

the population.However, other alleles with milder effects may remain and predispose individuals 
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to TB in a less-pronounced manner (Abel. et al 2000; Weiss, 1993). This view of TB has major 

implications for understanding the biology of anti-mycobacterial immunity in general and has led 

to the formulation of some baseline models for the study of genetic influences on TB: rare 

Mendelian immune defects in particular patients with severe/uncommon clinical features; major-

gene effects in certain specific kindred and populations with no ancestral history of Mtb 

exposure; and, more-common polymorphisms with less-pronounced effects in populations with a 

longer history of exposure to Mtb.  

 

However, the testing of such hypotheses has been hindered by the complex nature of TB and a 

conclusive or comprehensive genetic model has not yet emerged. Some of the likely sources of 

the limitations for, and inconsistencies between, TB genetic studies are discussed in (Stein, 

2007): 

Disease heterogeneity: Most studies analyzed only the binary trait TB (presence, absence), 

which does not reflect the complexity of the disease trait. TB may be expressed with varying 

severity in a number of organ systems after a long and variable latency period and, therefore, 

phenotype definition is not trivial. 

Shared environment: Most studies have failed to account for the influence of shared 

environment within households on TB risk, which may spuriously inflate estimates of 

heritability. 

Co-morbidity: Most studies have not accounted for co-infections/-morbidities which increase 

the risk of TB, such as HIV. 

Diagnosis: Previous genetic studies have also differed dramatically in TB diagnostic criteria and 

characterization of controls.  
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Genotype characterization: Few studies have examined the linkage disequilibrium (LD) 

structure within the genes of interest, and thus, were unable to account for untyped 

polymorphisms that may influence TB risk. 

 

Generally, therefore, the major problem in testing these and other mechanistic or probabilistic 

hypotheses about the genetic of TB is the heterogeneous, complex, or multi-factorial nature of 

TB itself as well as disease diagnosis and definition. Moreover, there are studies with results 

consistent with the conclusion that unique environmental and natural selective factors may have 

resulted in the development of population-/ethnic-specific host genetic factors associated with 

TB susceptibility and resistance (Delgado, et al, 2002; Coussens, et al, 2013). Therefore, 

considering the longstanding host–pathogen interaction, it is important to account for the 

possibility that some degree of co-evolution (broadly defined as „reciprocal, adaptive genetic 

changes in interacting host and pathogen species‟) might have occurred between MTBC and its 

human host in a an ethno-geographic-dependant manner (Gagneux, 2012). And, even with 

proper attention to TB phenotype definitions and Mtb strain effects, it should be realized that the 

standard genetic epidemiological methods based on nucleotide sequence data alone cannot be 

employed to assess the potential role of epigenetics in host immune responses.  
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V. HYPOTHESES AND OBJECTIVES OF THE PRESENT STUDY 

Hypotheses  

 

The primary hypothesis of this study was derived from an extensive review of the TB literature 

that revealed firm biological and statistical evidences for the existence of genetic polymorphisms 

that have a significant role in TB pathogenesis. Such polymorphisms potentially affect the 

expression, structure and function of immunity genes leading to variations in anti-Mtb immune 

responses. There is also a correspondingly overwhelming epidemiologic evidence for the 

existence of variation in TB progression: in some individuals primary infection is eliminated; in 

some individuals progression is arrested at the LTBI stage; and, in some individuals latency can 

transition to Active TB. The basic premises and the central hypothesis of this study can be 

summarized as: 

Premise-1: There is a commonly observed inter-individual variation in the immune response to 

Mtb exposure and infection. In other words, not all individuals exposed to Mtb get infected, and 

not all Mtb-infected individuals progress to active TB. 

Premise-2: Exposure to, and infection by, Mtb is a necessary but not a sufficient cause for TB 

disease. 

Central Hypothesis: Polymorphisms in human immunity genes contribute to variation in the 

immune response to Mtb exposure and infection. 

 

Reviews of the TB literature also revealed that while numerous immunogenetic polymorphisms 

have been demonstrated to have a significant role in TB pathogenesis, there has also been a 

distinctive failure to replicate these associations across different populations which, in turn, 

raises questions about the validity of the findings. This observation led to another hypothesis of 
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the present study that the reasons for the non-replication of TB genetic association results may be 

explained by the lack of precise definition of TB phenotypes that frustrates the discovery of 

underlying gene-disease associations or lead to spurious conclusions. Because of the complexity 

of TB, a precise and consistent definition of the disease is a major challenge and it has been 

difficult to provide reliable TB phenotype definition criteria amenable for genetic 

epidemiological analysis. Clearly defined traits can help increase power to detect disease-

predisposing loci and thus more informative than studying a heterogeneous lump of a complex 

phenotype.  

 

It is also hypothesized in this study that TB progression stages may represent distinct TB 

phenotypes with respective stage-specific immunogenetic risk profiles and, thus, formulating 

test-models with a clear definition of the TB trait based on its known natural history from 

exposure, to infection, and progression to active disease, can ensure that intermediate stages of 

the disease are included as phenotypes of interest. Furthermore, intermediate phenotypes may be 

more closely tied to the level of gene expression that could otherwise be missed.  

 

General and specific objectives of the study 

 

General Objective: The general objective of this study is to contribute knowledge in TB-

genetics by, first, investigating the influence of polymorphisms in candidate innate immunity 

genes on TB susceptibility and, second, by studying whether TB progression has a stage-specific 

genetic risk profile.  
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Specific Objectives:  

1. Replication study: to replicate a previous finding of TB genetic association signals 

(TICAM2 and NOD1 genes in Ugandan population) in an independent population 

(Ethiopian population); and, to test the validity of both the association signals and the 

study design 

2. Original study: to test a novel hypothesis of TB-candidate gene (FMO2) association 

based on firm biological evidences 

3. Population genetics: to assess if there are common or population-specific signatures of 

genetic association with TB-phenotypes; and, to genetically characterize and compare the 

Ethiopian populations studied with respect to the selected candidate genes (frequency and 

distribution of polymorphisms, patterns of linkage disequilibrium and haplotypes). 

 

To summarize, the objective of the present research was to disentangle some of the inherent 

complexities in studying the genetic underpinnings of variations in the immune response to TB 

by putting forward a genetic epidemiological hypothesis based on an intermediate phenotype 

model. 
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VI. RATIONAL FOR SELECTION OF CANDIDATE GENES IN THIS STUDY 

Description of TB candidate genes: TICAM2, NOD1 AND FMO2 

 

In this study, three innate immunity genes were selected after extensive literature review on the 

genetics of TB, results of significant associations with TB as well as firm biological evidences of 

involvement in TB pathogenesis, including anti-TB drug treatment outcome: TICAM2 

(Toll/Interleukin-1 Receptor Domain-Containing Adaptor Molecule 2), NOD1 (Nucleotide-

binding Oligmerization Domain Containing 1), and FMO2 (Flavin-containing Monooxygenase 

2). 

 

Overview of the synergistic role of pattern recognition receptors in innate 
immunity: TICAM2 of TLRs and NOD1 of NLRs 

 

Pattern recognition receptors (PRRs) recognize PAMPs (highly conserved microbial-specific 

motifs, pathogen-associated molecular patterns) and/or DAMPs (damage/danger-associated 

molecular patterns comprising signals that indicate the existence of internal errors, such as 

reactive oxygen species (ROS) or a change in intracellular ion levels, as well as molecules that 

are released by dying and injured cells such as ATP), with their corresponding specific set of 

innate germ-line-encoded PRRs. PAMPs are conserved structures essential for the survival of the 

pathogenic microorganism that are non-existent in the host. They constitute a wide variety of 

molecules such as bacterial cell wall components (e.g. lipopolysaccharides and peptidoglycans), 

pathogen-specific proteins, and nucleic acid structures derived from bacteria and viruses such as 

unmethylated CpG motifs and dsRNA respectively (Halff, 2013). PRRs can be found in the 

extracellular space, integrated in cellular membranes or in the cytosol. The innate immune 

system comprises several classes of PRRs. TLRs recognize microbes on the cell surface and 
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within endosomes, whereas NLRs sense microbial molecules in the cytosol. Among these, the 

Toll-like receptors (TLRs) and Nucleotide-binding Oligomerization domain-containing 

Receptors (NLRs) have been extensively investigated (Moreira, et al, 2012; Franchi, et al, 2008).  

 

Currently, the field of study on the putative agonists/ligands, interaction partners, signaling 

pathways, and associated genetic polymorphisms of TLRs and NLRs is very dynamic, rapidly 

expanding and different studies may report contradicting outcomes. Thus, many aspects related 

to their role are not fully understood and much work remains to be done (Halff, 2013). In this 

regard, one study (Tada, et al, 2005) serves very well to demonstrate the synergistic activities of 

members of the TLRs and NRLs in the immune system. The researchers reviewed that Freund‟s 

complete adjuvant, which contains killed mycobacterial cells, has been widely used as a 

powerful adjuvant to induce cell-mediated immunity, represented by delayed-type 

hypersensitivity, as well as to enhance humoral immunity against test antigens in laboratory 

animals. And that a series of studies have identified peptidoglycan (PGN), arabinogalactan, and 

mycolic acid as being the mycobacterial component responsible for the unique adjuvant activity 

of Freund‟s complete adjuvant and thereafter the PGN moieties of various bacteria were revealed 

to also be active in this respect. Then, in the mid-1970s, the minimal essential structure of PGN 

for adjuvant activity was demonstrated to be muramyldipeptide (MDP; N-acetylmuramyl-

Lalanyl-D-isoglutamine) by use of a chemically synthesized compound. MDP was also shown to 

reproduce various bioactivities of PGN by activating macrophages via TLR2 (Figure-4). The 

research authors also cite that dendritic cells (DCs) are initiators and modulators of immune 

responses. Peripheral DCs are characterized by the ability to capture and process antigens, their 

migration to lymphoid organs, and the expression of various costimulatory molecules for 
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antigen-specific lymphocyte activation. Cytokines secreted by DCs initiate and enhance both 

innate and acquired immunity. Many studies suggest that the activation of DCs by microbial 

components leads to the secretion of IL-12, which subsequently induces Th1 development and 

gamma interferon (IFN-ɣ) production by T cells. Various TLR agonists differentially modulate 

IL-12 production in DCs and are involved in determining the Th1/Th2 balance. In the peripheral 

blood, NOD2 is highly expressed on DCs as well as on monocytes and granulocytes. And, 

NOD1 and NOD2 were revealed to be receptors for MDP as well as demonstrated to recognize a 

PGN motif. With these background, the researchers employed various powerful synthetic NOD1, 

NOD2 and TLR adjuvants or agonists like MDP that mimic the bacterial peptidoglycan moiety 

to stimulate human dendritic cell (DC) cultures and examine whether cell-mediated immunity 

through T helper type 1 (Th1) responses, especially delayed-type hypersensitivity. The results 

showed that immature DCs derived from human monocytes expressed mRNAs for NOD1, 

NOD2, TLR2, TLR3, TLR4, and TLR9 and synergistically induced various cytokines and 

interferon production in DCs to initiate Th1-lineage immune responses. The study demonstrated 

that agonists of NOD1 and NOD2 in combination with TLR4 and TLR9 agonists synergistically 

induced IL-12 production in human DCs in culture and that the IL-12 thus generated promoted T 

cells to produce IFN-ɣ. These findings strongly suggest that the combinatory stimulation of DCs 

via the NOD pathway and the TLR pathway synergistically promotes Th1-lineage immune 

responses. In bacterium-host interactions, host cells should be stimulated with bacterial PGN 

fragments, namely, a NOD1 and/or NOD2 agonist(s), in addition to various TLR agonists. 

Therefore, the above synergism should generally occur in host-bacterium interactions 

particularly in facultative intracellular parasitic bacteria, represented by mycobacteria.  
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Figure 4: Synergistic signalling pathways induced by TLR and NLR activation, and 

their crosstalk (Halff, 2013). 
Some TLRs and NLRs specifically recognize extracellular and intracellular molecules that are derived from bacteria 
or viruses, such as fragments of the bacterial cell wall or DNA/RNA. Others notice damage to the cell by recognizing 
molecules that only occur in damaged but not in healthy cells such molecules are proteins that leak from 
mitochondria into the cytosol when the cell is infected. As soon as the presence of such danger signals are detected, 
TLRs and NLRs cause the cell to either secrete molecules that help the immune system to recognize and clear the 
infection or they activate the protein caspase-1 that in turn induces a specific cell death mechanism called 
pyroptosis. The death and clearance of the infected cell ensures that the infection cannot spread any further.  

 

TICAM2 of TLRs 

Among the first described PRRs were the membrane-spanning TLRs, discovered as recently as 

in 1994, which sense PAMPs in the extracellular environment as well as in endosomes. TLRs are 

primarily expressed in immune cells, such as macrophages, monocytes, B-lymphocytes, and 

dendritic cells. TICAM2, also known as TRAM, is a member of the TLRs residing on cell 

membranes and, unlike NLRs, mediate innate extracellular recognition of microbes (Elson, 2007; 

Takeda, et al, 2005). TICAM2 was first discovered and named by a study (Seya, et al, 2005) that 

reported the identification of a protein that directly binds TLR4 and harbored a TIR (Toll-IL-1 

receptor) domain that has significant homology to TICAM-1, and conferred heterophilic 



31 

 

dimerization with TICAM-1 and supports TLR 3, 4-mediated immune responses by facilitating 

the expression of IFN-inducible genes. Its physical structure and interaction properties has been 

elucidated recently (Enokizonoa, et al, 2013). Based on its functional and physical association 

analyses, it was demonstrated that TICAM-2 was an adapter that physically bridges TLR4 and 

TICAM-1 helping them to bind LPS (lipopolysaccharide) and functionally transmits LPS-TLR4 

signaling to TICAM-1, which in turn activates interferonregulatory factor (IRF-3) followed by 

expression of IFN-ɣ. LPS is a constituent of the outer membrane of bacteria and its recognition 

as an agonist for TLR4 activates macrophages and dendritic cells (DCs) in the innate immune 

system and expresses many genes including Nuclear factor-B (NF-B)- and IRF-3/IFN-inducible 

genes. A definitive association between TB phenotypes and genetic polymorphisms in TICAM2 

gene was discovered for the first time only recently by (Hall, et al, 2015) and was also shown to 

be associated with a candidate TB vaccine trial outcome (Matsumiya, et al, 2013).  

 

NOD1 of NLRs 

Only just over a decade ago, the cytosolic NLRs were discovered as a novel class of PRRs, 

complementing the function of TLRs by their intracellular localization. They were named after 

NOD1, the first family member to be discovered. NLRs are primarily expressed in immune cells 

and epithelial cells. Not only do they sense invasive PAMPs but also endogenous DAMPs. 

NOD1 is a member of the intracellular pattern recognition receptors, NLRs, which are important 

for the recognition of unique muropeptides of bacterial peptidoglycan fragments (derived 

predominantly from the cell walls of Mtb) or damage-associated molecular patterns that localize 

to the cytosol. Following microbial sensing, NOD1 directly recruits factors which initiate 

intracellular signaling cascade that lead to the activation of transcriptional responses culminating 
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in the expression of a subset of innate immunity genes involved in inflammation (e.g., 

production of proinflammatory cytokines and chemokines), antimicrobial mechanisms and 

autophagy in cells responsible for eliminating Mtb including epithelial cells, alveolar 

macrophages and monocyte-derived macrophages (Moreira, et al, 2012). Mutations in several 

NLR members were found to be associated with the development of inflammatory disorders. 

Further understanding of NLRs should provide new insights into the mechanisms of host defense 

and the pathogenesis of inflammatory diseases (Franchi, et al, 2008). Recent studies using human 

and murine models revealed that the resolution of respiratory infections proceeds in a NOD1-

dependent manner and that their genetic polymorphisms are linked to disease susceptibility and 

severity. For example, a study by (Esmeralda, et al, 2014) investigated the presence of NOD1 in 

human alveolar macrophages and examined its involvement with inflammatory cytokines and the 

induction of antimicrobial autophagy. NOD1 was expressed in alveolar macrophages (AMs), 

monocyte-derived macrophages (MDMs) and to a lesser extent monocytes (MNs). NOD1 up-

regulation led to a significant production of IL1β, IL6, IL8, and TNFα in AMs and MDMs. 

Autophagy activity determined by expression of proteins was also induced in a NOD1-dependent 

manner in AMs and MDMs but not in MNs. In addition, recruitment of NOD1 and autophagy 

proteins to the Mtb localization site was observed in infected AMs. AMs are responsible for 

microbial lung clearance by orchestrating inflammatory responses that stimulate epithelial lung 

cells to produce additional chemokines and antimicrobial peptides, which amplify innate 

responses and help recruit other cells, such as monocytes and neutrophils. AMs are also the cells 

responsible for eliminating Mtb. MNs and MDMs, as human monocytic cells, have been reported 

to initiate proinflammatory responses following NOD1 ligand recognition. The study concluded 

that NOD1 is involved in the innate responses of both alveolar and monocyte-derived 
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macrophages, where it is upregulated and induces pro-inflammatory cytokines, autophagy, and 

signaling the transcriptional induction of genes involved in immune responses with potential 

implications in the killing of Mtb in humans. Similar conclusions were made by another study 

(Lee, et al, 2014) that investigated the role of NOD1 with respect to cytokine production by bone 

marrow-derived macrophages in response to Mtb infection.  

 

Overview of the immune effector function of FMO2 of FMOs 

 

FMO2 is a member of a super family of monooxygenase genes. In humans, eleven distinct 

FMO genes exist: five encoding active oxygenases (FMO1–5) and six pseudogenes (Hernandez, 

et al, 2004). The former are expressed in a developmental-, sex-, and tissue-specific manner 

(Zhang, et al, 2006). FMO2 is the major isoform predominantly and highly expressed in human 

lung (aka, Pulmonary FMO). The lung plays an important role in the metabolism of inhaled 

foreign chemicals, environmental toxicants, carcinogens, and drugs as well as being the main 

port of entry, deposition and establishment of inhaled infectious pathogens like Mtb (Henderson, 

et al, 2008). Human FMO2 possesses an FMO2*1(C)/FMO2*2(T) polymorphism: (g.23238C>T, 

dbSNP #rs6661174). The ancestral FMO2*1(C) allele encodes for a full-length functionally 

active enzyme whilst the derived alternate allele, FMO2*2(T), produces a truncated polypeptide 

that is functionally inactive due to a single-nucleotide transition mutation that converts a 

glutamine codon to a premature TAG stop codon in exon 9 (Dolphin, et al, 1988).  

FMO2 oxygenase activity, oxidative stress and anti-mycobacterial innate 
immunity 

Several studies have demonstrated the essential role of modulating oxidative stress levels in the 

innate antimycobacterial immune defense as it affects Mtb survival, persistence and subsequent 
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reactivation (Verma, et al, 2014; Bhimrao, et al 2011; Akiibinu, et al, 2011; Oyedeji, et al, 2013; 

Gebrehiwot, et al, 2015). Oxygenases in activated macrophages induce oxidative stress through 

generation of hypoxic conditions and highly reactive oxidants such as reactive oxygen species 

(ROS). Oxidative stress arises when oxidant load exceeds the endogenous antioxidant capacity. 

The process occurs in two major stages:1) Oxygenase mediated oxygen uptake leading to oxygen 

depletion (hypoxia) and, 2) oxygenase mediated generation of oxidizing species leading to the 

production of cytotoxic free radicals. Hypoxia keeps the aerobic Mtb in the latent stage and 

prevents its proliferation. The free radicals damage almost every part of the target cell (both host 

and pathogen) through instability and fragmentation of DNAs, proteins and lipids; dysfunction of 

enzymes; impairment of membrane functions (decreased fluidity, inactivation of membrane-

bound receptors, and increased permeability to ions). Although the cytotoxic response of 

phagocytes causes damage to host tissue (e.g. necrosis), the non-specificity of oxidants is an 

advantage since it prevents a pathogen from escaping this part of the immune response by 

mutation of a single molecular target. In this regard, human FMO2 has been demonstrated to 

regulate the level of oxidative stress by the generation of metabolites that enhance the release of 

ROS in the form of H2O2 Siddens eatl 2014). Furthermore, it has been shown that a marked 

difference exists in ROS leakage from common allelic FMO2 variants. Another source of 

evidence for the involvement of FMO2 in anti-TB immune response through its oxidative 

potential comes from studies of the role of pharmacogenomics in the treatment of TB. 

FMO2 oxygenase activity, metabolism of anti-tubercular drugs and 
pharmacogenomics  

Besides pharmacogenomic studies into the general influence of genetic variation in patient 

response to anti-tubercular drug treatments including the development of serious adverse events 

(Ramachandran, et al, 2012), several pharmacokinetic studies have focused particularly on the 
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role of FMO2 (Henderson, et al, 2008; Kreuger, et al, 2005; Palmer, et al, 2012). FMO2 

substrates are wide-ranging including therapeutic drugs, dietary-derived compounds and 

environmental pollutants including thioureas, a widely used class of industrial and 

pharmaceutical compounds. FMO2, through the same basic oxygenase activity that produces 

immunity-related oxidative stress, metabolizes drug-related exogenous substrates susceptible to 

oxidation. For example, pharmacogenomic evidences have shed light on how FMO2*1 enzyme 

functions in relation to the metabolism of the major thiourea-containing anti-MDRTB [defined as 

TB caused by strains of Mtb tuberculosis that are resistant to at least isoniazid and rifampicin 

(WHO, 2010) drugs such as ethionamide and thiacetazone that result in the production of toxic 

intermediates (Henderson, et al, 2004; Marilyn, et al, 2008; Francois, et al 2009). 

 

 

Figure 5: The dual role of oxidative stress driven by FMO2 encoded oxygenase enzyme  

 

Role of FMO2-mediated Oxidative Stress

Generation of hypoxic 
conditions 

Hypoxia (oxygen 
depletion): 
-Prevents the proliferation 
of aerobic Mtb keeping it 
in the latent stage

Generation of highly reactive free 
radicals/oxidants 

(ROI: Reactive Oxygen Intermediates)

ROI-induced cytotoxicty: 

-Damages almost every part of the 
target cell (both host and pathogen)

-Although the cytotoxic response of 
phagocytes causes damage to host 
tissue (e.g. necrosis), the non-specificity 
of oxidants is an advantage
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Ethnic differentiation in TB and FMO2 

Several studies in different populations have identified genetic polymorphisms associated with 

the variable outcome of Mtb infection between individuals including African populations 

(Sirugo, et al, 2008). Studies in African populations, particularly sub-Saharan Africa, are 

important because both Mtb and humans are considered to have originated and co-evolved in this 

sub-continent (Brites, et al, 2015; Comas, et al, 2015; Gagneux, et al, 2012). Furthermore, 

studies have demonstrated the existence of ethnic-specific genetic associations with TB 

(Delgado, et al, 2002) as well as differentiation in anti-TB immune response profile between 

Africans and Europeans (Coussens,  et al, 2013). A correspondingly distinctive ethno-geographic 

differentiation has been shown in the expression and distribution of FMO2 polymorphisms 

between African populations and those of non-recent African descent (Veeramah,  et al, 2008; 

Whetstine, et al 2000; Krueger, et al, 2004). Particularly, all Europeans and Asians genotyped to 

date are homozygous for the dysfunctional FMO2*2 allele while, conversely, the functional 

FMO2*1 variant is found only in Africans (particularly in sub-Saharan Africa), recent African 

descendants and Hispanics (Figure-5). 
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Figure 6: Differential distribution of FMO2*1/FMO2*2 (Veeramah, et al, 2008) 
 

In general, the oxygenase activity of the FMO2*1 variant can be described as functioning in an 

antagonistic pleiotropy vis-à-vis TB: while possessing the FMO2.1 variant helps to fight Mtb 

infection by mounting innate immune responses via its involvement in the modulation of 

pulmonary oxidative stress level it also increases the risk of pulmonary toxicity by inducing the 

adverse metabolism of particular anti-TB drugs. Furthermore, the differential ethno-geographic 

distribution of FMO2*1 means that there would be a corresponding risk-benefit profile in 

various populations with regard to resistance to TB and susceptibility to adverse reactions to 

anti-TB drug treatment. Accordingly, the simultaneous prevalence in sub-Saharan Africa of both 

high endemic TB and a genetic risk factor for adverse anti-TB drug treatment has led some 

researchers to characterize FMO2*1 as a "potentially deleterious" variant (Veeramah, et al, 

2008). In this regard, it was estimated that some 220 million individuals in sub-Saharan Africa 

may express a functional FMO2 enzyme and, therefore, potentially at risk of FMO2 mediated 
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toxicity. However, despite evidences suggesting the involvement of FMO2 in antimicrobial 

immune response, no studies were done to investigate the "potentially beneficial" aspect of the 

FMO2*1 variant with regard to TB pathogenesis. The significance of such a study would also be 

robust since FMOs in general have been shown to be not markedly regulated or inducted by 

environmental factors and one could predict inter-individual variability in FMO enzyme 

expression would be predominantly genetic in origin and it may be possible to more clearly 

delineat correlations (or lack thereof) between wild type FMO or particular FMO allelic variants 

and susceptibility to disease (Kreuger, et al, 2005). 
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VII. RATIONALE FOR SELECTION OF STUDY-POPULATIONS 

Ethiopia: A 'model human population' for the study of the genetic 
profiles of diseases and therapeutics 

 

Several anthropologic, linguistic, and genetic studies have confirmed that Ethiopia is the origin 

of human beings and harbours the highest genetic variation of all populations in the world to 

such an extent that diversity has been shown to decrease as geographic distance increases away 

from Ethiopia (Pagani, et al, 2012, 2015). Recent studies have also discovered that present day 

Ethiopian populations have the greatest proportion of novel genetic variation and that most of the 

novel variation appears to be unshared (private) and rare (Gurdasani, et al, 2014). Figure-6 

shows: a, The overlap of SNPs between Zulu, Ugandan and Ethiopian individuals (subsampled 

to 100 samples each). b, The overlap of novel variants (those not in the 1000 Genomes Project 

phase I integrated call set, „1000G‟) between the three populations.  
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   a)     b) 

 

Figure 7: Allele sharing between sequenced populations in the African Genome 

Variation Project (Source: Gurdasani, et al, 2014) 
Allele sharing between sequenced populations in theAGVP. a, The overlap of SNPs between 43WGS data from Zulu, 
Ugandan and Ethiopian individuals (subsampled to 100 samples each). b, The overlap of novel variants (those not in 
the 1000 Genomes Project phase I integrated call set, ‘1000G’) between the three populations. There appear to be 
a large proportion of unshared (private) variants in each population: between 10% and 23% of the total number of 
variants in a given population. The proportion of novel variants was high, with Ethiopia showing the greatest 
proportion of novel variation. Most of the novel variation appears to be unshared and rare. 

 

Therefore, it is reasonable to suggest that the tremendous genetic diversity existing in Ethiopia 

can be harnessed towards the understanding of the genetic basis of various infectious and non-

infectious diseases that afflict humanity and their treatment. With respect to the current study of 

human genetic susceptibility to TB, Ethiopia is also 'well situated'. As referred to earlier, there is 

increasing evidence indicating the common origin in Ethiopia of MTBC and humans and that 

MTBC has been coevolving with anatomically modern humans for millenia. These conclusions 

are based on the observed congruence in their phylogeographies, the dating of major branching 

events, and the discovery of a unique lineage of MTBC localized only in Ethiopia. Therefore, 

studies of the impact of Mtb-human interactions would best be investigated in an Ethiopian 

setting. 
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VIII. MATERIALS AND METHODS 

Ethical considerations 

 

The research proposal received Ethical Clearance from the relevant institutions in Ethiopia:the 

Ethical Review Committee of Department of Biology at Addis Ababa University, andthe 

National Health Research Ethics Review Committee of the Federal Ministry of Science and 

Technology of Ethiopia. All participants were voluntarily recruited after due explanation of the 

objectives and risks of the research and after obtaining a signed informed consent form. 

 

Selected study-populations 

 

The study-populations were selected in a manner that traverses and represents some of the major 

ethno-geographic groups in Ethiopia: the North, Central and Southern ethno-geographies 

(Figure-7): Adigrat Hospital, Adigrat (mostly of the Tigre ethnic group, North Ethiopia), Alem 

Ketema Hospital, Merhabete (mostly of the Amhara ethnic group, Central Ethiopia), and 

Arbaminch Hospital, Arbaminch (mostly of the Gamo ethnic group, Southern Ethiopia). The 

three study sites were identified based on the FMoH's 2011 publication on TB epidemiology and 

distribution (incidence/prevalence) in Ethiopia; the availability of hospitals in the region capable 

of diagnosing and treating TB; geographical location; and financial resources available.  
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Figure 8: Selected study populations and sampling sites 

 

Phenotyping (Clinical characterization) 

 

As described before, because of the complexity of TB, a precise and consistent definition of the 

disease is a major challenge and it has been difficult to provide a reliable TB phenotype 

amenable for genetic analysis. Therefore, in this study, an effort has been made to ascertain 

samples using carefully defined phenotypic criteria.  

 

Blood sample collection  

Sampling was performed from 2011-2013. Questionnaires, asked by interpreters in the local 

languages when necessary, on demography (sex, age, ethnicity) and TB-related history were 

filled out before obtaining blood samples. 10ml blood was drawn into vacutainers from both 

cases and controls. An additional 3ml of blood was collected from controls only (1ml each drawn 

Adigrat
67 Cases
63 Controls

Arbaminch
99 Cases
88 Controls

Merhabete
50 Cases
51 Controls
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directly into the Nil, Antigen and Mitogen QFT-assay tubes). All blood samples were drawn by 

qualified hospital personnel. Plasma and buffy-coat were extracted on sampling-site from all 

10ml blood samples while the QFT-tubes were incubated right after blood being drawn. 

 

Detection of active TB 

Active pulmonary TB was diagnosed by hospital medical personnel as per the guidelines 

provided by the FMoH of Ethiopia (FMoHE, 2005) and all cases were undergoing anti-TB 

treatment during recruitment. 

 

Detection of latent TB infection 

In this study a QuantiFERON®-TB Gold In-Tube (QFT®, www.cellestis.com) kit for interferon-

gamma release assay (IGRA) was used to detect LTBI. IGRA is an in vitro diagnostic method 

that indirectly tests for latent Mtb infection. The product manual describes that QFT is a test for 

Cell Mediated Immune (CMI) responses to Mtb-specific peptide antigens that simulate 

mycobacterial proteins. According to the manufacturer's description, these proteins, ESAT-6, 

CFP-10 and TB7.7(p4), are absent from all BCG strains and from most non-tuberculosis 

mycobacteria with the exception of M. kansasii, M. szulgai and M. marinum. Individuals 

infected with Mtb complex organisms usually have lymphocytes in their blood that recognize 

these and other mycobacterial antigens. This recognition process involves the generation and 

secretion of the cytokine, IFN-γ. The detection and subsequent quantification of IFN-γ forms the 

basis of this test. 1ml QFT-tubes were incubated and processed on site as described in the 

QuantiFERN-TB Gold In-Tube product protocol on randomly selected control samples; and, 



44 

 

ELISA was performed on the incubated blood samples at the Ethiopian Health and Nutrition 

Research Institute laboratories. Results of IGRA are provided in Supplementary Table-1.  

 

Detection of HIV serostatus 

Standard HIV test kit (obtained from the Federal Pharmaceutical Supplies Agency of Ethiopia) 

was used to determine HIV status of all samples at Department of Microbial, Cellular and 

Molecular Biology, Genetics Research Laboratory, of Addis Ababa University (Supplementary 

Table-2). 

 

Genotyping/Exonic region sequencing 

 

DNA extraction 

Genomic DNA was extracted from all buffy-coat samples using QIAGENE (FlexiGene) DNA 

extraction kit and following the procedures described in the product manual, at the Genetics 

Research Laboratory of the Microbial, Cellular, and Molecular Biology Study Unit of Addis 

Ababa University. DNA quality and quantity were determined using Nanodrop , at the Holeta 

Agricultural Research Institute and, later, using Qubit at Case Western Reserve University 

(CWRU). DNA aliquots were shipped to CWRU laboratories for sequencing after obtaining an 

export permit from the National Health Research Ethics Review Committee of the Federal 

Ministry of Science and Technology of Ethiopia and an import permit from the Centers for 

Diseases Control of the USA. All remaining DNA samples (and plasma) were stored at AAU 

Genetics Research Laboratory.  
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DNA sequencing 

After DNA quality and quantity analyses, 380 samples were selected for sequencing on four 

plates of 96 wells each. Samples of cases and controls were randomized to minimize sequencing 

bias. Coding (exonic) regions of the three candidate genes were targeted for this association 

study since polymorphisms in these regions can have a relatively more direct effect on the 

translated protein sequence and, therefore, are more likely to alter their function. Sequencing was 

performed using Illumina MiSeq technology and the Homosapiens/UCSC/hg19 human genome 

reference panel. MiSeq generated sequence data for each individual sample was generated in 

GVCF format (containing all sequence data) for each of the four plates with 96 wells and data 

was merged using PLINK software. 

 

DNA sequence quality control (QC) 

 

In this study, although all apriori attempts were made to avoid potential biases through careful 

collection of case and control groups and appropriate laboratory practices, a thorough assessment 

of data quality were undertaken. Recommended protocols (Purcell, et al, 2007; Anderson, et al, 

2010) for DNA sequence QC were carried out before statistically testing for association. The 

steps involved the identification and removal of substandard DNA samples (per-individual QC) 

and markers (per-SNP QC) that could introduce bias and lead to either false-positive or false-

negative associations.  The QC protocol was applied to genotypes that passed the genotype 

calling algorithms used by the Illumina platform. Downstream QC thresholds were selected that 

maximize individual and marker sizes while ensuring appropriate QC for both. For the per-

individual QC, individuals with less than 90% genotyping rate (i.e., individuals missing 

genotypes for more than 10% of the total markers) were removed. And, as for the per-marker 
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QC, markers with genotyping failure rate of less than 95% (i.e., markers genotyped in less than 

95% of all samples) and, markers with HWE deviation value of p<0.001, were all removed. 

Tests for significant genotyping difference between cases and controls were all negative. Other 

QC measures including tests for evidence of population stratification and appropriate adjustment 

thereof were carried out and will be described in the relevant sections. The data cleaning 

procedure removed more than 99% of the total of almost 20,000 exonic nucleotide sequences of 

the 3 candidate genes: 0.8%, 0.3%, and 0.3% markers were left for analysis from the FMO2, 

TICAM2 and NOD1 candidate genes, respectively. This is not surprising since, on average 94%, 

of the sequences were monomorphic (i.e., loci with no variation) in the entire sampled 

population dataset and, hence, uninformative for association analysis.   Each test-model and 

subsequent population-specific (within population) analysis were subjected to the same QC 

criteria. DNA sequence data before and after QC filtering is provided in Supplementary Tables 

3-5. Descriptions of markers before and after the QC process are provided in Supplementary 

tables 3-5. 

 

Setup of statistical tests for association 

 

The association analysis was set up in such a way that allows the comparison of the genetics 

(genotype/alleles) of individuals with a specific case-phenotype with that of individuals with a 

specific control-phenotype. Case-control phenotypes wrere defined in increasingly restrictive or 

exclusive criteria. This set up helps to study the impact of phenotype definition and perform a 

sensitivity analysis by observing the trend of association test statistic across the datasets. In fact, 

this statistical test-model is the major strength of the present study: the fact that controls were 
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rigorously characterized in terms of not just being without symptomatic active pulmonary TB 

(No Active TB) but also with regard to being either latently infected (LTBI) or not latently 

infected (No LTBI).  

 

Basic single SNP association analysis  

Basic allelic test of association by comparing the minor allele frequency of individual SNPs 

between cases and controls. Both chi-square tests of Pearson's and Fisher's exact test were used.  

 

Logistic regression analysis 

Association statistic based on additive model, i.e., that each extra copy of the risk allele increases 

risk equally. This is an association analysis based on comparing allelic dosage [coded as 0 

(minor allele absent), 1 (heterozygote), 2 (homozygote for the minor allele)] for significance 

differences between cases and controls using logistic regression model.  

 

Covariate analysis 

Covariates directly or indirectly influence disease processes and such factors may act as 

confounders and obscure the true relationship between the independent (in this case SNPs) and 

the dependent (in this case TB status) variables in a study and need to be accounted for. The 

framework of logistic regression also allows the inclusion of covariates, test their effect on the 

phenotype, and account for them. Sex and ethno-geographic categories (EGCs/sample collection 

sites: Merhabete vs. Adigrat; Merhabete vs. Arbaminch, Adigrat vs. Arbaminch) were included 

as covariates in a logistic regression model, and age in a linear regression model. The logistic 

regression test without covariate inclusion is an estimate of SNP-effect size referring to the effect 
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of each extra risk allele (minor allele, A1) based on the additive (allelic dosage: each allele is 

assumed to have equal effect) model. 

 

Examining genotypic models 

Tests for whether specific genotype configurations have specific risk profiles were performed 

using the dominant/recessive models for tests of dominance components and the tests for 

alternate genotypic models (i.e., instead of tests of additive and dominant components, explicitly 

test for heterozygote and homozygote effects). In other words, besides the aforementioned basic 

allelic and logistic regression association tests that compare frequencies of alleles in cases and 

controls and the additive test that examines the effect of each extra minor allele, respectively, 

tests to examine whether different genotypic configurations of the disease-associated SNPs have 

specific risk profiles were also conducted: genotypic (AA, Aa, aa), dominant (AA, Aa vs. aa), 

recessive (AA vs. Aa, aa), and heterozygotes vs. homozygote effects (AA/aa vs. Aa).  

 

Test for population specific effects (heterogeneity test) 

This test was done to check for possible population/EGC-specific SNP-phenotype associations or 

test whether there was a difference in the strength of association between EGCs. 

 

Linkage disequilibrium (LD) estimation and haplotype-/LD-based 
association tests for independent effect 

SNPs that were found to be significantly associated with a phenotype were tested to check if they 

have an effect independent of the haplotypic background formed by the remaining SNPs that also 

showed phenotype-association signal. The test procedure involves inference of haplotypes based 
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on the phenotype-associated SNPs, grouping similar haplotypes, and testing for differences 

between cases and controls. 

 

Empirical assessment and visualization of population stratification  

This was performed using multidimensional scaling (MDS) analysis based on identity-by-state 

(IBS) of SNPs to clusters individuals into homogeneous groups and performing to investigate 

population structure and identify stratification, if any. PLINK employs complete linkage 

agglomerative clustering, based on pair-wise SNP IBS distance. The procedure converts the 

proportion of SNPs IBS into a distance matrix and creates relatively homogeneous clusters that 

enable visualization of population stratification as well as statistical adjustments for population 

stratification. 

 

Population-stratified single SNP association analysis 

Stratified analysis was performed that conditions on or adjusts for potential stratification effects 

based on self-declared ethnicity and sampling site (EGC) as well as on algorithms that analyze 

for hidden population stratification based on empiric MDS-inferred homogenous clusters. 

 

To summarize, the various tests described above serve not only to test for SNP-phenotype 

associations but also account for possible confounding. Confounding occurs when an apparent 

association between an exposure (genotype) and outcome (TB) is observed by the presence of 

other variables: confounders and effect modifiers. A confounder is linked with both the potential 

risk factor and the outcome but is not a causal factor itself while effect modification occurs when 
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a variable differentially modifies the observed effect of a risk factor (genotype) on disease status, 

i.e., the effect is real but the magnitude is different for different groups of individuals).  

 

Methods of interpretation of association test results in this study 

 

Association is a statistical estimate about the co-occurrence of two events: in GE these are 

alleles/genotypes and phenotypes (Thomas, 2004; Strachan, et al, 2011). Allele A is said to be 

associated with disease D if people who have D also have A significantly more often (or less 

often) than would be predicted from their respective frequencies in the population. The strength 

of the association is measured by the odds ratio (OR). ORs are used to compare the relative odds 

of the occurrence of the outcome of interest, given exposure to the variable of interest. An odds 

ratio (OR) is described as being a measure of association between an exposure (in this case the 

minor allele is taken as the effect allele) and an outcome (in this case TB phenotypes). The OR 

represents the odds that an outcome will occur given exposure to the effect allele, compared to 

the odds of the outcome occurring in the absence of that exposure, i.e., compared to exposure to 

the reference allele (the major allele, usually, the ancestral allele). In this study, the OR is used to 

determine whether exposure to the minor-allele of a particular SNP is a risk factor for a 

particular TB phenotype, and to compare the magnitude of the SNP-effect for that phenotype. 

[Note: OR=1: the minor allele confers no additional risk of TB; OR>1: minor allele associated 

with higher odds of TB, increased risk; OR<1: minor allele associated with lower odds of TB, 

reduced risk]. The confidence interval (CI) is used to estimate the precision of the OR; a large CI 

indicates a low level precision of the OR estimate, where as a small CI indicates a higher 

precision. In practice, the 95% CI is often used as a proxy for the presence of statistical 
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significance if it does not overlap the null OR value (e.g., OR=1, no effect difference between 

the alleles). Nevertheless, it would be inappropriate to interpret an OR with 95% CI that spans 

the null value as indicating evidence for lack of association between the exposure and outcome.  

 

Population association tests are considered more powerful to detect weak signals of genetic 

susceptibility than other methods; however, association can have several possible causes, not all 

of which are genetic (Strachan T 2011), some of which are: 

Direct causation: while the possession of a certain allele may be neither necessary nor 

sufficient, having the particular allele increases the likelihood of, or susceptibility to, a disease 

(risk allele). 

Epistatic and pleiotropic effects: occurs when alleles within the same gene (pleitropy) or 

alleles at different loci/gene (epistsis) interact in a synergistically or antagonistically. 

Population stratification: occurs when a certain population contains several genetically distinct 

subgroups, and both a specific allele and a specific disease trait happen to be particularly 

frequent in one subgroup. 

Type I error: occurs when a large number of markers are interrogated for association with a 

disease. It is estimated that 5% of the results will be significant at p=0.05 level, even without true 

effect; these are false positives or type I errors and need to be corrected for multiple testing. 

LD: occurs when a disease-associated allele marks or is linked to an ancestral chromosome 

segment that carries a sequence variant that actually causes susceptibility to the disease, i.e., the 

associated-site is acting as a proxy for the causal site. 
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In this study, both empirical and user-defined methods were employed to identify and account 

for possible spurious associations. Association analyses were performed within each test-models 

and SNP-phenotype associations were declared nominally significant at p<0.05 and deemed as 

achieving study-wide significance if they passed the Bonferroni-adjusted threshold in any one of 

the statistical test procedures. (Note: Bonferroni adjustment of p-values are strict corrections for 

multiple testing that can be made in two ways depending on whether reference is made to the p-

value threshold for the entire test or the p-value for a particular SNP: a) for a 5% significance 

threshold, divide 0.05 with the total number of tested SNPs in a dataset and set the value as the 

corrected threshold, or, as was done here, b) multiply the p-value for each SNP by the number of 

tested SNPs in a dataset and stick with the 5% significance for each tested SNP.) Finally, 

different statistical analysis of associations may result in different statistic and cannot be 

expected to do so since the procedures differ. For example, the Fisher's exact test is based on 

counts while the Pearson test works on frequencies. Therefore, one test might fail to detect a 

significant association while the other could pick a signal. The Fisher's exact test is preferred for 

samples with small sizes. Logistic regression works on allelic dosage (coded 1 for Aa, 2 for aa, 

and 0 for AA) rather than allele counts and frequencies, and the differences might be particularly 

large for very rare alleles where the SNP is monomorphic in either cases or controls. 

 

Statistical analyses software 

 

PLINK (version 1.07), R (version 3.1.1), and SPSS (version 15.0) software were employed for 

statistical analysis and visualization.  
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IX. RESULTS AND DISCUSSION 
 

Basic SNP-based association tests 

 

The following section presents the results of the various association tests and since significant 

genetic associations were observed for both susceptibility and resistance to a disease state, the 

results are tabulated separately. Corresponding tables are provided that show details of statistical 

test results: values for significance tests, odds ratios of effect, and 95% confidence intervals are 

listed for the best results only while significance values are shown for each phenotype-associated 

SNP corresponding to the specific test. Noticeable difference were observed between the four 

test-models in the identity and number of significantly phenotype-associated SNPs detected as 

well as the pattern (strength and direction) of significant associations which will be discussed 

later in the 'Pattern of Significant Associations' section. All other genotypic test models (i.e., 

besides the basic allelic tests that compare frequencies of alleles in cases and controls and the 

additive test that examines the effect of each extra minor allele), intended to fit a dominant or 

recessive model for the minor allele were either non-significant or were not applicable for all 

SNPs as these model-based tests require a minimum number of (e.g., 5) observations per cell, a 

criteria not always met. Therefore, only the allelic/additive and trend (Cochran-Armitage) tests 

were viable. Descriptions minor allele frequencies for all phenotype-associated SNPs are 

provided in Supplementary Table 6. 
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Association test results in the 'Active TB vs. No Active TB' test-model 
dataset 

In this test-model with active TB as the phenotype of interest, there were 153 active pulmonary 

TB cases and 139 controls with no symptoms of active TB. There were a total of 94 QC-passed 

SNPs available for analyses (58 SNPs in FMO2, 12 in TICAM2, and 24 in NOD1 genes). A total 

of 14 SNPs showed at least a nominal signal of being significantly associated with susceptibility 

to active TB: 8 SNPs in FMO2, 4 in NOD1, and 2 in TICAM2. Of these SNPs, study-wide 

significance was met by 4 SNPs: 2 in FMO2 (chr1:171181877, p=3.15x10
-07

, OR=4.644, 95% CI 

2.425-8.893; chr1:171165749, p=3.32x10
-06

, OR=6.825, 95% CI 2.63-17.71), and 2 SNPs in 

NOD1 (chr7:30485722, p=7.28x
-05

, OR=4.111, 95% CI 1.946-8.684; chr7:30477156, 

p=0.0001037, OR=16.66, 95% CI 2.214-125.3). On the other hand, multiple SNPs were found to 

be nominally associated with resistance to active TB: 12 SNPs in FMO2, 3 in NOD1, and 1 in 

TICAM2. P-values ranged from 0.0029 to 0.048 and OR= 0.1-0.5. Results are presented in 

Tables 2-3. 
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Table 2: Results of SNP-based association analysis in 'Active TB vs. No Active TB' test-model: 
Increased risk 
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Table 3: Results of SNP-based association analysis in 'Active TB vs. No Active TB' test-
model: decreased risk 
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Association test results in the 'Active TB vs. No Latent TB (No LTBI)' test-
model dataset 

In this test-model the control phenotype was restricted to those individuals that tested negative to 

Mtb-specific interferon-gamma release assay (IGRA) (n=64), indicating the absence of latent 

infection despite being a household contact of active TB patients, and compared with active TB 

patients as cases (n=153). A total of 91 SNPs passed QC: 58 in FMO2, 12 in TICAM2, and 21 in 

NOD1. A total of 5 SNPs showed at least nominal significance association with susceptibility to 

active TB. Of these SNPs 3 were significant at the Bonferroni corrected level: 2 SNPs in FMO2 

(chr1:171181877, p=3.19x10
-06

, OR=8.729, 95% CI 2.675-28.48; chr1:171165749, p=6.58x10
-05

, 

OR=15.88, 95% CI 2.149-117.3), and 1 SNP in NOD1 (chr7:30485722, p=0.0001597, 

OR=8.665, 95% CI 2.056-6.52). Furthermore, 8 SNPs were also found to be associated with 

resistance to active TB at the nominal level: 5 SNPs in FMO2 and 3 in NOD1. Results are 

presented in Tables 4-5. 

Table 4: Results of SNP-based association analysis in 'Active TB vs. No LTBI' test-
model: increased risk 
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Table 5: Results of SNP-based association analysis in 'Active TB vs. No LTBI' test-
model: decreased risk 

 

 

Association test results in the 'Active TB vs. Latent TB (LTBI)' test-model 
dataset  

In this test-model, in a further attempt at narrowing the control phenotype, controls were defined 

as those individuals that tested positive to IGRA indicating latent TB infection (n=70). These 

controls were compared with active TB patients (n-153) based on a total of 92 QC-passed SNPs: 

56 SNPs in FMO2, 12 in TICAM2, and 24 in NOD1. A total of 10 SNPs showed a nominal 

significance of association with susceptibility to active TB: 4 SNPs in FMO2, 5 in NOD1, and 1 

in TICAM. Of these, 2 SNPs in FMO2 gene were significant at study-wide level: 

chr1:171181877, p=0.000454, OR=5.904, 95% CI 2.188-15.93; chr1:171165749, p=0.0007443, 

OR=5.708, 95% CI 1.722-18.92. In this dataset also 5 SNPs were found to be nominally 
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associated with resistance to active TB. P-values ranged from 0.021to 0.039 and ORs from 0.16 

to 0.58. Results are presented Tables 6-7. 

Table 6: Results of SNP-based association analysis in 'Active TB vs. LTBI' test-model: 
increased risk 
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Table 7: Results of SNP-based association analysis in 'Active TB vs. LTBI' test-model: 
decreased risk 

 
 

 

Association test results in the 'Latent TB (LTBI) vs. No Latent TB (No LTBI)' 
test-model dataset 

The last test-model was set up in such a way that the outcome of interest is latent TB infection as 

compared to no latent TB infection considered as the control phenotype as determined by the 

Mtb-specific IGRA. A total of 3 (2 in FMO2 and 1 in NOD1) and 5 SNPs (all in FMO2) were 

associated nominally with susceptibility to latent TB infection and resistance to LTBI, 

respectively. None of them survived Bonferroni correction. The p-values for both the 

susceptibility and resistance SNPs ranged from 0.02 to 0.04.  Results are presented in Tables 8-9. 
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Table 8: Results of SNP-based association analysis in 'LTBI vs. No LTBI' test-model: 
increased risk 

 
 

 

Table 9: Results of SNP-based association analysis in 'LTBI vs. No LTBI' test-model: 
decreased risk 

 
 

Covariate analyses 

 

Figure-8 displays the comparisons between regression coefficient values before and after 

covariate inclusion in the logistic regression model. Introduction of covariates in the logistic 

regression model in order to control for their potential effect can result in either an increase or 
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decrease of the statistical measures of SNP-effect (minor allele) on the phenotype mean and is 

also reflected in the changing values of the regression coefficient. A rule-of-thumb is that if the 

regression coefficient value tends to approach a value of zero ('Descent-to-Zero'), it suggests a 

possible confounding effect by the introduced covariate variable and, hence, needs to be 

accounted for. A descending/ascending line indicates a trend towards a decreasing/increasing 

effect: as an estimate of the effect-size, since it is a function (exponentiation) of the ORs. It is 

apparent from the chart that sex and age as covariates had no impact on SNP-effect: the 

corresponding reg. coef. plots almost perfectly fitted the logistic regression coefficient line. On 

the other hand, the incorporation of ethno-geographic covariates in the logistic regression model 

resulted in relatively more pronounced degrees of deviations in the ORs and p-values of some 

SNPs, particularly SNPs with only nominally significant associations as can be seen in the chart 

by the lines lying either below or above the logistic reg. coef. plot lines (thick red line). This is 

consistent with the observation that, where as some SNPs incurred loss of significance other non-

significant SNPs gained slight significance after the inclusion of these covariates. Again, the 

effect of highly significant SNPs on the corresponding phenotypes remained mainly unaffected 

by covariate inclusions. It can be concluded that, in terms of OR, logistic reg. coef. and p-value 

changes, the inclusion of different covariates had different effects for different SNPs in the same 

test-model as well as different effects for the same SNP in different test-models.  
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Figure 9: Covariate analysis: sex, age and EGC 

Examining the regression coefficient is also important because the direction of the coefficient 

indicates whether the minor/risk allele (effect allele, A1) increases (positive association, 

OR>1/+ve beta) or decreases (negative association or protective effect, OR<1/-ve beta) risk, i.e., 

effect of the SNP on the phenotype, relative to the major allele (reference allele, A2). It was to 

demonstrate this that both susceptibility and resistance SNPs were included in the above chart. 

 

The downside of covariate analysis, however, is that it comes at the cost of losing some degree 

of freedom and thus reduces statistical power to detect significant correlations between candidate 

SNPs and phenotype. This is especially true in studies with not so large sample sizes and, 

therefore, the observed changes in significance values (i.e., p-values for SNP-phenotype 

association after controlling for the covariates, as compared to the analysis without covariate 

inclusion), may not reflect the true effect of the covariate. In such cases it is advisable to closely 
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examine the pattern of changes in the regression coefficient values instead of the p-values 

themselves.  

 

To conclude this part, the covariate analysis results suggest that it could be wise to perform a 

population-stratified test of association to account for possible confounding caused by ethno-

geographic covariates, i.e. possible population stratification. 

 

Analysis of patterns of significant associations 

 

Consistency is an important concept in understanding cause-and-effect and a valuable criterion in 

interpreting association test results: "Consistency: the same association between a disease and a 

suspected causal agent should be found in studies of different populations. Failure to find 

consistency may be explained by differences in study designs; therefore, a causal hypothesis can 

be regarded as plausible only when there is a general consistency of findings from studies 

conducted in the same way" (Farmer R 1996). 

 

While one might comment that 'consistency' as describe in the above quote is equivalent to 

'replication', replications in 'different' populations might fail simply because the causative or 

associated genetic variants are rarely expected to be found uniformly distributed in different 

populations. The relevance of the quote to this study is that it is logical to assume that the greater 

the consistency or persistence of a given SNP-phenotype association test statistic (significant or 

not) across different test-models and statistical test procedures in the same study population, the 

more unlikely it is to be due to some constant error that somehow permeates every statistical 
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inquiry undertaken, i.e., the result is robust. On the other hand, the consistency (or specificity) of 

a given statistic across different test-models or datasets, may signify that the distinct clinical 

outcomes are regulated by similar (or different) genetic mechanisms. To summarize, analyzing 

patterns of association serves as a means to unravel distinct genetic risk profiles underlying 

different TB pathogenesis pathways: Is there any evidence for TB-progression stage-specific 

associations? While, in most cases, the number and identity of significantly associated SNPs 

differed between different test-models, four patterns of significant association can be discerned. 

Results are presented in Table 10. 

 

Restricted association (A single SNP/gene can be associated with one, and only one, test-

models): Test-model-restricted SNP-phenotype associations were observed regardless of the 

direction of association, i.e., susceptibility or resistance. This means that some SNPs in all the 

three candidate genes were only associated with only one test-model but not in others. However, 

it must be noted that this pattern is not observed at the gene level but only applies to particular 

variants/SNPs within the gene. This pattern could be an indication that the constructed test-

models and the corresponding case-control phenotype definitions, or the pathologic pathways 

involved therein, may be distinct and controlled by different genetic mechanisms affected 

specifically by the associated SNPs. This is supported by the observation that none of the SNPs 

in this category were found to be associated in any other test-model. They were exclusively 

associated with one and only one dataset indicating a phenotype-specific action. For example the 

association of some SNPs from all three candidate genes was restricted to the 'Active TB vs. No 

Active TB' test-model; only one SNP in NOD1 was negatively associated in 'Active TB vs. No 
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LTBI' dataset; and a couple of SNPs in both FMO2 and NOD1 were specifically associated with 

TB-phenotypes in the other two test-models. 

 

Consistent association (A single SNP/gene can be associated with multiple test-models): 

Multiple SNPs were shown to be significantly associated across test-models. In fact, all the top-

four highly significant SNPs in this study (SNPs chr1:171165749 and chr1:171181877 in FMO2 

and SNPs chr7:30477156 and chr7:30485722 in NOD1) were found to be associated with a TB 

phenotype in three test-models: Active TB vs. No Active TB, Active TB vs. No LTBI,  and 

Active TB vs. LTBI. The single most consistently significant SNP of this study, chr1:171181877 

in FMO2, was found to be significantly associated in all four test-models covering the spectrum 

of TB disease association, including being associated with the test-model LTBI vs. No LTBI. 

Full or partial persistence of an association result for a particular SNP across datasets may 

suggest either the case-control phenotype definitions in different datasets are broadly/loosely 

defined or, on the other hand, it may indicate that the phenotype definitions are perfectly distinct 

and valid but the consistently associated SNP may be involved in all TB progression pathways. 

This might be a case of pleiotropy at the SNP level where one locus influences two or more 

seemingly unrelated phenotypes. Synergistic pleiotropy both at the gene and SNP level is not 

uncommon in genetics and could parallel a gradient following TB disease pathology and 

progression from infection, LTBI, to active TB. 

 

Correlated association (Multiple SNPs/genes can be concordantly associated with the same 

test-models): Some SNPs exhibited a correlation of significant association in the sense that two 

or more genes/SNPs seemed to be associated with the same phenotype concurrently in different 
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test-models. This may indicate that the phenotypes may be influenced by the correlated 

genes/SNPs acting in concert in a network of biological pathways that lead to the specific 

associated phenotype, a phenomemnon known as epistasis. On the other hand, the LD structure 

between such genes and variants may explain correlated association and will be discussed later in 

detail. In fact, moderate to strong LD (r2=0.2-1) was observed between some of the phenotype-

associated SNPs. However, none of the top-four SNPs were even in moderate LD either between 

themselves or others.  

 

Directional Association (Different SNPs in the same gene can have different TB-risk effect 

(Susceptibility/Resistance): Another highly apattern association pattern is the presence of both 

SNPs within a single gene that were associated in different directions, i.e., >1 ORs (+ve reg. 

coef., beta) and <1 ORs (-ve reg. coef). For example, five (different) SNPs in FMO2 seem to be 

associated with susceptibility (>1 OR) with active TB and seven other (different) SNPs of FMO2 

were associated with resistance (<1 OR) to active TB within the same test-model.  
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Table 10: Pattern of SNP-phenotype associations 
 

 

 

To summarize, besides pleiotropy and epistasis, the observed differences in the pattern of 

association (i.e., restricted association, consistent or persistent association, and correlated 

association) could be explained in terms of: 

1. the extent of mutual exclusivity in case-control phenotype definitions between the various 

datasets 

2. the effect of differences in case-control sample size between the various datasets 

3. variation in allelic frequency distribution between the various datasets 

4. variation in linkage disequilibrium pattern 

Possible explanations for the observed patterns of associations 

 

1. Extent of mutual exclusivity in case-control phenotype definitions between the 

various datasets 
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Active TB vs. No Active TB test-model dataset: This is the most inclusive and broadly or 

loosely defined dataset. Cases, labeled 'TB Affected', are symptomatic active TB patients and 

although the case-phenotype definition does not differentiate between the different TB types 

almost all of them are pulmonary TB (PTB) patients. [Note: This definition of case-phenotype 

also applies to Active Tb vs. No LTBI and Active TB vs. LTBI datasets.] Controls are 'TB 

Unaffected', unrelated household contacts of TB patients who were recruited mainly because 

they were considered to have been exposed to Mtb by virtue of the fact that they were care givers 

to TB patients and/or lived in close proximity with patients in a more or less overall TB endemic 

community. The control-phenotype definition in this test-model does not differentiate between 

individuals who have been exposed to Mtb and may harbour latent TB, individuals who have 

been exposed to Mtb and got infected but managed to eliminate the infection, and individuals 

who have been exposed but not infected. And, some studies have shown that a high proportion of 

tested individuals in Ethiopia test positive for TST which is an indication for the presence of a 

high rate of latent TB infection and/or transmission (Tegbaru, et al, 2006). In this study, tests for 

latent TB via the IGRA described before found a 40-57% latent TB infection. 

 

Active TB vs. NO LTBI test-model dataset: Controls are individuals who tested negative for 

IGRA. These individuals are considered to have no latent TB although they were most likely to 

have been exposed to Mtb. Therefore, this control-phenotype definition excludes latent TB 

infection (LTBI).This control phenotype has been described in other studies as 'resistance to 

infection'.  
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Active TB vs. LTBI test-model dataset: Controls are individuals who tested positive for IGRA 

and are considered to have latent TB infection. Therefore, this control-phenotype definition 

excludes individuals who were exposed to Mtb but managed to eliminate the infection. 

 

LTBI vs. No LTBI test-model dataset: This dataset is based entirely on IGRA results. Cases 

are individuals who do not manifest symptoms of active TB but tested positive for IGRA and are 

considered to have latent TB infection. Controls are individuals who were most likely exposed to 

Mtb but eliminated the infection and tested negative for IGRA. In other words, this dataset 

excludes active TB from cases and latent TB from controls.   

 

2. Effect of differences in case-control sample size and number of test-SNPs between 

the various datasets 

Sample size affects the power of statistical tests to detect significant associations. In this study 

the progressively stricter definition of case-control phenotypes comes at the cost of reduced 

sample size. This difference in sample size could explain in part the difference in the observed 

pattern of association. Furthermore, not all SNPs passed QC criteria (based on genotyping rate, 

HWE test, and MAF) in all four datasets. For example, differences in minor allele frequency of 

the test-SNPs, may explain the differences in the observed pattern of significant SNP-phenotype 

associations between the four datasets. A certain SNP might get enriched or reduced (in some 

extreme cases may also result in the removal altogether of below threshold markers) in terms of 

its frequency in one dataset as compared to the other datasets. However, there was not much 

difference in the total number of QC-passed test-SNPs in the four datasets which was 94, 91, 92, 

and 98.  
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Tests for heterogeneous associations: Do the observed associations 
vary between EGCs? 

 

In the sections presented above, it was tried to assess and explain the possible causes of for the 

observed patterns of association test results between datasets. There may also be differences in 

association effect sizes between ethnic groups and the sexes. Therefore, the Breslow-Day test 

was used to test for between-population effect differences in association based on differences of 

odds ratio for association; a significant P-BD value indicates between-cluster heterogeneity in 

the odds ratios for the SNP-phenotype association (Table-11). 

 

Table 11: Analysis for heterogeneous association between EGCs 
 

 

 

The heterogeneity test result suggested that, for some markers including the top-SNPs in this 

study, the effect was not equally present in all populations while there was no effect difference 

for the majority of the phenotype-associated SNPs. This result supported the previous results of 

regression analysis taking population clusters as covariates which may indicate population-

specific effects. Differences both in sample size and allele frequencies can result in between-

population effect differences. 

Tests of allele frequency difference between EGCs 
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The results of the above covariate analysis and heterogeneity test raise the more basic question of 

whether allele frequencies differ between the EGCs. There were varying degrees of nominal 

differences in the minor allele frequency of some SNPs, including two of the top-SNPs, between 

the three EGCs (Table-12). Allele frequencies of all the phenotype-associated markers are 

provided in Supplementary Table-6. 

 

Table 12: Analysis for allele frequency differences between EGCs 
 

 

 

The highest number of nominal differences in phenotype-associated SNP allelic frequency was 

observed between Arbaminch and Merhabete followed by between Arbaminch and Adigrat, the 

least difference being between Merhabete and Adigrat. The relative differences may reflect 

differences in the demographic history, and migration that influence the population genetic 

backgrounds of the compared ethnic groups. For example, the minimal difference between 

Merhabete and Adigrat could be due to their common Semitic origin while the Arbaminch 
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samples are Omotic. However, such conclusions require the analysis of millions of SNPs and 

will be discussed later. Another source of such inter-ethnic differences in allele frequency could 

simply be a consequence of differential genotyping error. However, since samples were 

purposefully randomized on sequencing plates both in terms of case-control status and ethnicity, 

the latter explanation is not valid, and was supported by the genotype missingness test described 

in the QC section. 

 

These apparent inter-ethnic difference in allele frequencies can be a case for concern since a 

signal of association may arise for an ancestrally informative SNP, not because of an association 

with disease risk, but because of allele frequency differences between the populations that 

differentially comprise the cases and controls. Therefore, it may be necessary to perform analysis 

within-EGCs (as will be explained later) or to include population as a covariate (as was done 

earlier). Moreover, efforts were made to remove or reduce the effect of population stratification 

through empirical analysis divergent ancestry rather than based on self-declared ethnicity. 

 

Empirical assessment of population stratification 

  

There have been recent population genetic studies that suggested the Ethiopian population not 

only harbours one of the highest genetic variation in the world (Gurdasani, et al; Pagani, et al, 

2015) but also show evidence of stratification along ethnic/linguistic lines (Pagani, et al, 2012) 

which might be a challenge for genetic association analysis in Ethiopia. Some of the issues raised 

against including individuals from different ethno-geographic backgrounds in association studies 

are: it may not be possible to adequately control for population admixture or stratification; 
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assuming the same genes are involved in disease etiology within different populations, the same 

functional variants may either not exist or have different allele frequencies within the different 

populations and, therefore, the same tagSNPs may not detect associations within different 

populations or may not be tagged equally well in all populations; and, statistically, these 

situations can reduce the power of the study 

 

However, in the absence of extensive DNA sequence database for the study populations, the 

assumptions cannot be taken for granted and have to be verified by studies like the present study. 

In this study, the following within and between population tests were performed in order to 

assess the extent of such variation and control for any possible stratification effect on the 

outcome of the association test statistic: test of allele frequency difference (Chi-square test), 

described above; population-specific test of association, i.e., within each EGC; stratified analysis 

of association based on self-declared ethnicity (EGC); stratified analysis based on assignment of 

individuals to homogeneous clusters based on empiric SNP data ,i.e., testing of identity-by-state 

(IBS) allelic similarity between all possible pairs of individuals (ancestry investigation); and, LD 

pattern and haplotype structure based analyses. 

 

Population-specific tests of association 

 

Obviously, the first option is, in as much as the actual ancestry of each individual can be inferred 

based on self-declared ethnicity, this information can be used to test for associations within 

specified EGCs. This is a simple statistical option to test for association between TB phenotypes 

and SNPs that does not depend on adjusting or controlling for possible population stratification 
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but, instead, directly tests for association within specific populations. Although the simplicity of 

the population-specific test is offset by small samples size, it resolves the issue of possible 

confounding or effect modification due to population heterogeneity by ensuring the analysis is 

done within supposedly homogenous populations based on sampling site.  

 

The associations were mostly replicated in the Arbaminch population which had the largest 

sample size, one SNP in Adigrat and none in Merhabete. The results, while supporting the 

evidence for the association of the SNPs with TB susceptibility, they also showed that first, there 

is a loss of power to detect statistically significant associations due to a reduction in sample size, 

and concomitant allele frequency reduction, while conducting strata-specific data analysis. 

Second, examination of the observed changes in the Odds Ratios (differences in OR values 

between the ethno-geography-specific test results and the combined results) also revealed the 

possibility of confounding and/or effect modification incurred by the epidemiologic factor 

'ethno-geography'. The results are presented in each of the association test result tables under the 

columns Fisher, Pearson and logistic regression. 

 

Pair-wise IBS clustering and multi-dimensional scaling analysis 

 

This was done by performing multidimensional scaling (MDS) analysis to investigate population 

structure, identify stratification, clustering individuals into homogeneous groups based on 

genetic data. PLINK employs complete linkage agglomerative clustering, based on pair-wise 

SNP identity-by-state (IBS) distance with some modifications to the clustering process (Purcell, 

et al, 2007):  
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I. Based on pair-wise population concordance (PPC) test: a significance test for whether 

two individuals belong to the same random-mating population and used to only merge 

clusters that do not contain individuals differing at a certain p-value (i.e. do not merge 

clusters that contain significantly different individuals, p=0.01). This method was used to 

analyze sampled populations from Merhabete, Adigrat and Arbaminch for signals of both 

within and between population stratification. The entire exonic SNP data of each population 

was used for the analysis.  

II. Based on phenotype/test-model: in addition to the PPC test, a constraint was applied that 

ensures every cluster formed by the PPC procedure has at least one case and one control so 

that association test can be performed within each homogenous cluster. Only SNPs from each 

of the four phenotype-based datasets were included in the analysis. 

 

R software was used to help visualize clusters on the N x N matrix of SNP IBS pair-wise 

distances. For example, plotting cluster 1 (C1) values against cluster (C2) will give a scatter plot 

in which each point is an individual; the two axes correspond to a reduced representation of the 

data in two dimensions, which can be useful for identifying any clustering. Standard classical 

(metric) multidimensional scaling is used. 

 

Notes on cluster colouring: colouring based on default cluster solutions generated by empiric 

SNP data (genetic data); colouring in order to help identify population (EGC) membership 

(green=Merhabete; blue=Adigrat; red=Arbaminch). Each spot represents a single individual. 
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Only the first couple of MDS analysis components are presented in the MDS plots (Figures 10-

15) since it was found that clustering was sufficiently formed even at the initial levels of 

component resolution stress, i.e., further displaying of components to show details of the analysis 

under progressively stringent structure resolution was unnecessary. Figure-10, Figure-11, Figure-

12 and Figure-13 are for the Combined Population, Merhabete, Adigrat and Arbaminch, 

respectively. Clusters shown within Figures 14-15 were based on the 'Active TB vs. No Active 

TB' test-model, the largest dataset in the study. 
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Figure 10: Plots of the first 2 components of multidimensional scaling analysis for the 
combined population 
MDS plot of the combined population: colouring based on SNP data (left) and EGC membership (right) 
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Although the analysis of pair-wise clustering based on IBS typically requires whole-genome 

level data to give accurate results (Purcell, et al, 2007), the analyses for population stratification 

as visualized by the MDS-plots under various levels of MDS stress managed to generate clearly 

defined and identifiable clusters (clines/population splits) as well as a few outliers. The plot of 

the first two MDS components above, generated by more than 19,000 marker/nucleotide data of 

347 individuals, distinguish at least four clusters which is an indication of the presence of 

population stratification. However, the corresponding MDS plots in which individuals were 

coloured based on their self-declared ethnicity (i.e., colour codes based on EGC-membership are 

superimposed on the clusters formed by empiric genetic data) shows that the stratification is not 

along the lines of ethnic background. In other words, within each cluster, there are found 

members of all EGCs. This is in sharp contrast to previous findings that suggested Ethiopian 

population stratification follows ethnic/linguistic lines (Pagani, et al, 2012). However, this 

difference in finding may be due to differences in the populations studied and number of markers 

analyzed. There are also differences in inference since the present population stratification 

analysis is based on exonic region nucleotide sequences rather than whole genome data. The 

phenotype/test-model-based MDS plots also identified clusters although the stratification does 

not follow EGC membership.  

 

There is also evidence of within-population sub-structuring based on the same IBS-based MDS 

cluster analysis procedure applied to members of the same EGC. The level of stratification varies 

between populations: the Merhabete sample showed at least two clusters, Adigrat at least three, 

and Arbaminch at least four clusters. This gradient of population sub-structure could be 

interpreted as showing the level of intra-ethnic heterogeneity or population admixture with the 
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Merhabete sample being the most homogenous and the Arbaminch population possessing the 

highest level of heterogeneity or admixture although this can be affected by sample size 

differences. This heterogeneity pattern may not be a surprise as, for example, the sample from 

Arbaminch comes from a region known for its relatively high ethnic diversity in Ethiopia, the 

region officially named as the 'Southern Peoples, Nations, and Nationalities'. But, it should be 

emphasized that, sampling was deliberately carried out with every effort made to recruit both 

cases and controls from within a single ethnic group based on self-declared ethnicity: the 

Amhara ethnic group, in Merhabete, the Tigray in Adigrat, and the Gamo in Arbaminch. 

 

On the other hand, the fact that the observed structuring in the combined population does not 

follow ethno-geographic lines and similar evidence of sub-structuring exists within in each 

individual EGC, may indicate the almost universal pattern that 'intra-ethnic' variation may be 

higher than 'inter-ethnic' variation. The later explanation has been found to be viable in several 

studies of population genetics. Moreover, the HWE test for random mating in a homogenous 

population was non-significant (at p<0.001) except for very few markers out of 19,530:  in the 

combined sample, only 12 markers were significant in controls (13 in cases); Merhabete, 4 

markers in controls (3 in cases); Adigrat, 3 markers in controls (2 in cases); and in the 

Arbaminch sample, 6 in controls (9 in cases). 
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Figure 11: Plots of the first 2 components of multidimensional scaling analysis for 
Merhabete population 
MDS plot of Merhabete population: colouring based on genetic data  
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Figure 12: Plots of the first 2 components of multidimensional scaling analysis for 
Adigrat population 
MDS plot of Adigrat population: colouring based on genetic data  
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Figure 13: Plots of the first components of multidimensional scaling analysis for 
Arbaminch population 
MDS plot of Arbaminch population: colouring based on genetic data  
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Figure 14: Plots of the first components of multidimensional scaling analysis for the 
'Active TB vs. No Active TB' (Test-model 1) 
MDS plot of Active TB Vs. No Active TB: colouring based on genetic data 
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Figure 15: Plots of the first 2 components of multidimensional scaling analysis for the 
'Active TB vs. No Active TB' (Test-model 2) 
MDS plot of Active TB vs. No Active TB: colouring based on EGC membership 
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The main implication of the results of the MDS analysis of population structure described above 

is that statistical tests of SNP-phenotype association based on self-declared-ethnicity stratified 

analysis alone may not adequately remedy or account for heterogeneity. In other words, the level 

of within EGC heterogeneity may cast a reasonable doubt on the validity of the assumption of 

homogeneity upon which the basic statistical association analyses were based; the worst scenario 

being that the associated SNPs may just be ancestry-informative SNPs. Therefore, IBS-based 

stratified analysis (which generates empiric, genetic-data-based, relatively homogeneous 

clusters) was carried out along with the other stratified tests. And, as mentioned earlier, the 

stratification observed in the MDS plots, does not follow ethnic lines and, within each cluster, 

individuals from all three EGC populations are represented in approximate proportion to their 

respective sample size.  

 

EGC and IBS based stratified tests of association 

 

In light of the results of the various analyses for population stratification presented above (allele 

frequency comparison, IBS-based MDS analysis) and EGC-based covariate analysis, one 

concern might be that subtle population stratification might be biasing the association statistics. 

In such cases, the Cochran-Mantel-Haenszel (CMH) test can be employed: tests based on the 

self-declared ethnicities taken as de facto clusters and IBS clustering generated by genetic data. 

The CMH approach provides stratified tests of SNP-disease association based on an "average" 

odds ratio that controls for the potential confounding due to the cluster variable, i.e., test of 

whether the effect of a particular SNP varies between cases and controls whilst controlling for 

any possible stratification and provide a single statistical estimate of SNP-phenotype association 
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such as odds ratios and their p-values. P-values generated by the basic allelic tests of association 

(Fisher, Pearson, logistic regression) were compared with the population-specific and stratified 

tests of association. Overall, the values obtained after the EGC and empiric adjustment for 

potential population admixture using CMH test, the most significant SNPs were replicated with 

minimal p-value changes while the moderately significant SNPs became less significant and 

others more significant, i.e., the stratified tests identified some SNPs not picked by the other 

tests. For example, from the susceptibility category, the four top-SNPs of this study, two FMO2 

SNPs (chr1:171165749 and chr1:171181877) and two NOD1 SNPs (chr7:30477156 and 

chr7:30485722) were still significant in the IBS-stratified tests of association. EGC-based 

stratified test of association not only identified all of the top-SNPs picked by the basic tests but 

also found other unidentified SNPs. For example, from the susceptibility category, eight SNPs 

were phenotype-associated (four each in FMO2 and NOD1) of which three were not identified 

by the previous basic allelic tests: two SNPs in FMO2 (chr1:171174312 and chr1:171178490) 

and 1 in NOD1 (chr7:30464872). 

 

With regard to the important issue of how efficient were the tests at addressing the cryptic 

stratification observed, it is informative to note a statistic known as genomic inflation factor 

(GIF) which is the ratio of the median of the Chi-square statistic to the expected median value. It 

is assumed that if there were no population stratification, GIF would be 1. Therefore, if the GIFs 

are reduced after adjusting for stratification in the association tests, it is consistent with the idea 

that there was some substructure inflating the distribution of test statistics in the previous basic 

analyses such as the Pearson's Chi-squared test (Table-13). 
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Table 13: Comparison of genomic inflation factor 
 

 

 

Examining the changes in GIF showed that, association analysis based on pair-wise IBS 

clustering did a better job at reducing the GIF value to close to 1 even when compared with the 

GIF value calculated when self-declared ethnicity was used as a stratification variable. However, 

the Arbaminch population still showed a slight inflation as compared to the others. Therefore, it 

can be concluded that there was indeed some cryptic population structuring in the combined 

sample dataset as well as sub-structuring within each EGC sample dataset and, therefore, the 

statistics generated based on IBS stratified analysis are more reliable. Furthermore, it indicates 

that although there is cryptic population stratification, it has minimal distortive effect on the 

statistical findings of this study, at least with regard to the highly associated SNPs and it can be 

addressed by employing appropriate adjustments. It is also apparent that the extent of sub-

population (within EGC) cryptic stratification is different between the three ethnic groups: the 

Merhabete sample needed much less adjustment for stratification (GIF is already 1 before 

adjustment and, therefore, may not even require adjustment for stratification) while the 

Arbaminch sample GIF was much reduced by IBS-based adjustment. 
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To summarize this section on stratified tests of association, the advantage of IBS-based 

association test is that it does not rely on trusting self-declared ethnicity, does not depend on 

visual inspection of MDS-plots, and the only option when there is no available information about 

ethnicity. Tests for SNP-disease association conditional on the clustering generated by IBS 

analysis, was employed both in the combined population and within each EGC. IBS-based 

clustering was performed in such a way that each cluster contains at least 1 case and 1 control, 

i.e., so that it is informative for association with a moderate threshold of 0.01 (do not merge 

individuals differing at p<0.01). 

 

Analysis of LD patterns and haplotype structure 

 

LD and haplotype structure analyses helps to better understand the association patterns observed 

in this study. It also helps to evaluate whether the effect of differing genetic background among 

populations with different ethnicities is reflected in distinct patterns of LD block and haplotype 

structure. LD is simply a co-occurrence/inheritance of alleles at different loci in a non-

independent manner en bloc. In the analysis of the pair-wise LD pattern in the overall genetic 

dataset in this study (19,530 markers), the first thing that was apparent is that the observed LD 

pattern verses distance between markers follows the anticipated profile in that, given the amount 

of genetic data available, there was a slight but observable gradient of LD profile following the 

corresponding extent of inter-marker physical distance in the exonic regions (Figure 16). With 

almost contiguous exonic sequence data, it is reasonable to assume that adjacent markers would 

generally show strong LD, pair-wise correlation decreasing with distance and vice versa. 

Secondly, the proportion of neighbouring markers showing strong LD (r2>=0.8) was low with an 
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apparent density gap between 0.5 and 1. On the other hand, there were markers found tens of kbs 

apart with strong LD. In other words, LD strength did not necessarily correspond with shorter 

inter-marker distance. This LD profile was similar across the three candidate genes studied and 

across the three ethnic groups. Another observation was that, within the framework of overall 

similarity in LD profile between the three EGCs, there were slight but discernible population-

specific LD patterns. For example, there were stretches of extended LD appearing at specific r2 

values in one population but not in the others and the proportion of strong pair-wise LD being 

highest in the Merhabete sample, Arbaminch the least with Adigrat in the middle. 

 

However, since the LD analysis was based only on exonic region sequences, it was not possible 

to check whether this LD pattern was characteristic of the entire geneic region. In order to 

compare LD patterns between exonic and intronic regions, an independent Ethiopian sequence 

dataset from different populations spanning both the intronic and exonic regions was obtained 

from (Pagani, et al, 2015) with comparable genotyping rate (GR) (Figure 17). Examination of 

LD patterns in Figure 17 revealed an LD gradient consistent with an inverse relationship between 

LD and physical distance between markers, particularly in FMO2 and NOD1 genes. Moreover, 

the correlation score was shown to be dispersed between r
2
=0 and r

2
=1 in a more or less 

continuous manner following the gradient. This pattern is in contrast to the LD pattern in the 

exonic regions (Figure 16) which showed distinct gaps in the correlation score almost as if there 

were directional selections for certain levels of LD strength. This difference in LD pattern 

between exonic and intronic regions might be a reflection of the functional constraints imposed 

on the exonic regions which cannot maintain randomized mutation and recombination events 

without losing their function. Therefore, just as the nucleotide sequences of functional regions 
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are known to be conserved, it might be the case that specific LD structures and patterns of exonic 

regions are also maintained across generations and populations. The common feature between 

exonic and intronic LD patterns is the observation that the proportion of low pairwise LD (r2<= 

0.2) is higher.  
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Figure 16: Comparison of linkage disequilibrium pattern in exonic regions between 
EGCs  

 (1st row: Combined; 2nd row: Merhabete; 3rd row: Adigrat; 4th row: Arbaminch) 
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Figure 17: Comparison of linkage disequilibrium pattern in both exonic and intronic regions between candidate 
genes  

 

Analyses of LD pattern and haplotype structure around disease associated genomic regions, and 

within the context of differing ethnic backgrounds and phenotype definitions, could facilitate 

inferring the evolutionary history of variants that increase TB risk. And since each population 

could have its own demographic and evolutionary history in which distinct allele frequencies, 

LD patterns, and haplotype structure can develop, population-specific htSNPs may need to be 

defined in order to identify optimal sets of markers for tagSNP-based association studies. 

 

Therefore, in order to have a closer LD profile Haploview software was implemented on all QC-

passed (keeping individuals only with greater than 10% genotyping rate, and SNPs with greater 

than 95% genotyping rate, greater than 1% minor allele frequency, and at HWE of p< 0.001). 

Plots 18-19 depict the overall LD-block profile of the three candidate genes the interpretation of 

which should be within the context of two factors that may affect LD pattern in opposite 

directions: first, the DNA sequences are of exonic or functional genomic regions where 

sequences/alleles are conserved by evolutionary forces that select for functionally important loci, 

and hence, LD is most likely to be conserved also; second, on the other hand, the samples 
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represent some of the ancient population history of Ethiopia, and hence, the strength and range of 

LD might be lessened (LD decay) by recombination events. 

 

Notes on the LD-block definition and standard colouring scheme of Haploview: Blocks were 

defined by LD analysis function using the 'Four Gametes Rule' in Haploview whereby for each 

marker pair, the population frequencies of the 4 possible two-marker haplotypes are computed. If 

all 4 are observed with at least frequency 0.01, a recombination is deemed to have taken place. 

Blocks are formed by consecutive markers where only 3 gametes are observed. Colours: white 

(D' < 1, LOD < 2; recombination); shades of pink/red (D' < 1, LOD > 2; moderate LD); blue (D' 

= 1, LOD < 2); bright red (D' = 1, LOD > 2; strong LD). (LOD: a confidence estimate based on 

the logarithm of the odds of there being LD between two markers). The numbers within the 

squares represent pair-wise r-square values. Haploview cannot process indels and therefore they 

are not represented in the LD plots. 
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Figure 18: Comparison of LD blocks between test-models 
The descriptions at the bottom represent: Dataset, gene, nucleotide sequence span, #SNPs, #samples, and 
genotyping rate, respectively. 

 

 

 

 
Active TB:FMO2(27574/52/153/1)                                                       Active TB:TICAM2(2334/11/153/1)           Active TB:NOD1(34754/22/153/0.99) 

 
No Active TB:FMO2(27574/52/139/1)                                                 No active TB:TICAM2(2334/11/139/1) No Active TB:NOD1(34754/22/139/0.99) 

 
LTBI:FMO2(27574/57/70/1)                                                                  LTBI:TICAM2(2334/12/70/1)                         LTBI:NOD1(34754/21/70/0.99) 

 
No LTBI:FMO2(27574/57/64/1)                                                           No LTBI:TICAM2(2334/12/64/1)                 No LTBI:NOD1(34754/21/64/99) 
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Figure 19: Comparison of LD blocks between EGCs 
The descriptions at the bottom represent: Gene, EGC, #SNPs, #samples, and genotyping rate, respectively. 

 
 

 

 

 
Merhabete:FMO2-combined datasets(52/89/1)                         Merhabete:TICAM2-combined dataset(11/89/1)     Merhabete:NOD1-combined dataset(23/89/0.99) 

 
Adigrat:FMO2-combined datasets(52/98/1)      Adigrat:TICAM2-combined datasets(11/98/1)   Adigrat:NOD1-combined datasets(23/98/0.99) 

 
Arbaminch:FMO2-combined-dataset(52/146/1)                                         Arbaminch:TICAm2-combined datasets(11/146/1)       Arbaminch:NOD1-combined datasets(23/146/0.99) 

 
FMO2:combined datasets(52/333/1)       TICAM2:combined(11/333/1)                            NOD1:combined(23/333/0.99) 
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Examination of the LD block pattern also showed a high proportion of low LD with no obvious 

private, population- and/or TB phenotype-defining patterns. However, the three candidate genes 

showed inter-genic variation in LD strength as well as showing gene-specific recombination 

patterns with the FMO2 gene showing a higher proportion of strong LD and LD-blocks although 

the latter can be explained by the fact that FMO2 covers a much larger kb-span. However, it 

seems, for a functional (and, hence, conserved) genomic region, and even within the context of 

the ancient demographic history of Ethiopian populations, the exonic regions of the three 

candidate genes studied conspicuously lack strong LD between the test-SNPs. It is also 

noteworthy that almost all of the top-SNPs identified in this study are located in very low LD 

regions, i.e., regions of very high recombination hot-spots forming LD-block/haplotype 

boundaries. The implication of this finding is that, first, these SNPs are relatively ancestral and, 

second, they cannot be tagged easily by other SNPs and have to be genotyped themselves in 

future studies of the same populations. The inverse implication is that, since these top-

phenotype-associated-SNPs are located right on top of recombination hot-spots, the association 

signal they produced represents a direct phenotype-SNP association rather than an indirect 

association signal via strong linkage with other SNPs (indirect association) at least within the 

bounds of this genetic dataset. This means that, if the SNPs turnout to be functional, they are 

most likely to be causal as well. However, and particularly for those SNPs lying at the outset or 

fringes of the dataset, there may still be LD with untyped neighbouring intronic SNPs and this 

requires imputation from other datasets or resequencing of flanking up-/down-stream regions. 
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Summary of pair-wise LD patterns between phenotype-associated SNPs 

 

In the presence of strong LD between two or more SNPs, it is logical to expect that these SNPs 

could produce similar signals of association merely due to their physical proximity or correlated 

inheritance. Therefore, pair-wise genotypic correlation, r
2
, was calculated based on genotypic 

allele counts and without phasing. With a scale of 0 to 1 (r
2
=0, perfect equilibrium/independence, 

and r
2
=1 perfect correlation), none of the top-four significantly phenotype-associated SNPs 

showed even moderately strong LD (r
2
>0.5). Therefore, it is difficult to attribute a big role to LD 

for their pattern of association in the test-models. However, it can be seen that it could have an 

effect among the other SNPs that showed slightly significant associations (Table-14). 

Table 14: Summary of LD between phenotype-associated SNPs 
 

 

  



 99 

Summary of tagSNPs 

 

An analysis to identify SNPs, from the entire genetic dataset, which tag the phenotype-associated 

SNPs (tagSNPs) was performed. In view of the observation that there is an overall lack of strong 

pair-wise LD in the current dataset, a minimum value of r
2
=0.5 was set as being necessary to 

declare that one SNP tags another SNP. Figures 9-10 present results of this analysis per EGC for 

the three candidate genes. 

 

It was noticeable that, as expected, there is both inter-genic and inter-SNP variation in the 

number and kb-span (distance between the tagged and tagging SNPs) of tagSNPs. The number of 

tagSNPs found ranged from zero tagSNPs to almost 20. Again, it can be seen that the top-SNPs 

of this study had few or no SNPs that tag them even at r
2
=0.5. The distance between SNPs 

ranged from 5kb to more than 20kb. 

 

 

Figure 20: Comparison of number of tagSNPs per phenotype-associated SNPs 

 

0

5

10

15

20

25

30

ch
r1

:1
7

1
1

6
5

7
4

9

ch
r1

:1
7

1
1

8
1

8
7

7

ch
r1

:1
7

1
1

6
8

5
4

5

ch
r1

:1
7

1
1

6
8

4
6

9

ch
r1

:1
7

1
1

7
9

4
7

7

ch
r1

:1
7

1
1

8
1

1
5

0

ch
r1

:1
7

1
1

7
4

7
6

2

ch
r1

:1
7

1
1

8
0

0
2

1

ch
r1

:1
7

1
1

7
4

3
1

2

ch
r1

:1
7

1
1

7
8

4
9

0

ch
r1

:1
7

1
1

7
9

7
7

9

ch
r1

:1
7

1
1

7
9

9
3

9

ch
r1

:1
7

1
1

8
0

2
0

1

ch
r1

:1
7

1
1

7
9

2
8

7

ch
r1

:1
7

1
1

7
7

8
5

8

ch
r1

:1
7

1
1

7
9

6
7

0

ch
r1

:1
7

1
1

8
0

0
7

1

ch
r1

:1
7

1
1

5
4

3
0

3

ch
r1

:1
7

1
1

7
9

0
2

5

ch
r1

:1
7

1
1

7
4

8
2

1

ch
r1

:1
7

1
1

7
6

8
7

9

ch
r1

:1
7

1
1

7
3

2
4

2

ch
r1

:1
7

1
1

7
8

0
9

0

ch
r1

:1
7

1
1

7
4

6
9

1

ch
r5

:1
1

4
9

1
5

9
9

9

ch
r5

:1
1

4
9

1
6

0
9

0

ch
r5

:1
1

4
9

1
6

0
2

8

ch
r7

:3
0

4
6

4
8

7
2

ch
r7

:3
0

4
9

8
9

6
2

ch
r7

:3
0

4
9

0
7

1
1

ch
r7

:3
0

4
8

5
7

2
2

ch
r7

:3
0

4
7

7
1

5
6

ch
r7

:3
0

4
6

9
2

7
0

ch
r7

:3
0

4
6

4
9

3
2

ch
r7

:3
0

4
6

4
2

4
9

ch
r7

:3
0

4
6

5
4

2
4

ch
r7

:3
0

4
9

1
0

8
1

FMO2 TICAM2 NOD1

Comparison of the number of tagSNPs per phenotype-associated SNP (r2>=0.5) 

Combined Merhabete Adigrat Arbaminch



 100 

 

 

Figure 21: Comparison of distances (kb) between tagSNPs and tagged phenotype-
associated SNPs 

 

As has been demonstrated in the previous section on the analysis of the extent and pattern of LD, 

there were also inter-ethnic differences in both the number and kb-span of tagSNPs in a 

candidate-gene-specific manner. For example, the Merhabete population had the largest number 

of tagSNPs (90) for the phenotype-associated SNPs of the FMO2 gene located within an average 

of 9kb-span; the Adigrat population had the highest number of tagSNPs (30) for the NOD1 gene 

located within 17kb-span; and the Arbaminch population had the lowest number of tagSNPs for 

both the FMO2 and NOD1 genes. The TICAM2 gene had the lowest number and kb-span with 

equivalent values in all three EGCs (Figures 11-12). Although these variations might not be 

statistically significant, it is informative for studies in these populations that are designed on 

haplotype-tagging SNPs. For example, based on this dataset, it is relatively easy to find tagSNPs 

for FMO2 loci in the Merhabete population and in Adigrat population for the NOD1 gene; and, 

much difficult to do the same for the TICAM2 gene in all populations. It may also reflect 
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population-specific demographic (for example, population bottlenecks, migration) and 

evolutionary (for example, differential environmental or disease related selective pressures) 

history each EGC has undergone. 

        

 

Figure 22: Comparison of the total number of tagSNPs between EGCs 

 

 

Figure 23: Comparison of the average distance (kb) of tagSNPs between EGCs 
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LD-/Haplotype-based association analysis 

 

All the statistical tests of association described above were based on single nucleotide 

polymorphisms. And, although methods based on SNPs lead to significant results, methods 

based on haplotypes comprising multiple SNPs on the same inherited chromosome may provide 

additional power for mapping disease loci and also provide insight on factors influencing the 

dependency among genetic markers (Liu, et al, 2008). This analysis is based on haplotype 

inference among a specified set of SNPs to phase and test for association. 

 

In this study, PLINK software was used perform haplotype-based association test which is a 

function designed to provide a representation of a single SNP association analysis in terms of the 

surrounding haplotypic background, i.e., association within a haplotype-based framework that 

track the reference SNPs. Specifically, all the phenotype-associated SNPs discovered were 

retested for association to see: whether the SNPs have independent haplotyic effects or test 

whether a set of SNPs explain an overall association statistic; and, whether specific haplotypes 

have association or a specific set of haplotypes explain an overall association test statistic 

 

LD-based association can be thought of as a technical validation and refining of a single SNP 

association signal by framing the test within the haplotypic context of the flanking SNPs, 

grouping similar haplotypes, and testing for differences in the frequency of the various groups. 

For example, if a haplotype shows association results of a similar or greater magnitude, it could 

be taken as additional support for the original association of the reference SNP. And, although it 

is still possible that the association may be just due to chance, or due to population stratification, 

etc, the haplotype association would suggest that it is unlikely to be due to some technical 



 103 

genotyping artefact that was specific to the reference SNP, as the same signal is observed from 

the haplotypic background. 

 

In the current study, the haplotype-based association test was performed for all three candidate 

genes in all datasets and all haplotypes with >= 0.01 minor-haplotype frequencies were included 

in the test. In Tables 15-17, only results showing significant overall (omnibus) and/or haplotype-

specific associations are presented.  

 

The haplotype-based association test for TICAM2 identified two haplotypes in 'Active TB vs. 

No Active' and the omnibus test was also significant. Conditional test controlling for haplotype 

effects identified showed both explain the overall association. 

 

Table 15: Results of haplotype-based association analysis for the TICAM2 gene 
 

 

Three haplotypes, all explaining the significant omnibus test in the 'Active TB vs. No Active TB' 

and 'Active TB vs. No LTBI' datasets, were identified in NOD1. 5 haplotypes were significant in 

'Active TB vs. LTBI' test-model but no single haplotype accounted for the significant overall 

test. A single haplotype was associated with LTBI in the 'LTBI vs. No LTBI' dataset. 
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Table 16: Results of haplotype-based association analysis in the NOD1 gene 
 

 

Several haplotypes of the FMO2 gene were significantly associated (p<0.05) with TB-

phenotypes: three haplotypes each with 'Active TB' in the 'Active TB vs. No Active TB', in 

'Active TB vs. No LTBI', and in 'Active TB vs. LTBI'  datasets (the omnibus tests were also 

significant). Two specific haplotypes were significant in the 'LTBI vs. No LTBI' test-model 

although the omnibus test was not significant. 
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Several haplotypes of the FMO2 gene were significantly associated (p<0.05) with TB-

phenotypes: three haplotypes each with 'Active TB' in the 'Active TB vs. No Active TB', in 

'Active TB vs. No LTBI', and in 'Active TB vs. LTBI'  datasets (the omnibus tests were also 

significant). Two specific haplotypes were significant in the 'LTBI vs. No LTBI' test-model 

although the omnibus test was not significant. 

Table 17: Results of haplotype-based association analysis in the FMO2 gene 
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When specific haplotypes of FMO2 were controlled (i.e., effectively left out of the association 

test model) in order to see if they explain the overall association, one haplotype was found to 

explain the entire association (shown by the rise in p-value, p>0.05, while the rest remained 

significant). This is a remarkable and novel finding in that this particular haplotype contains the 

well known FMO2 isoform, FMO2*1 (C) allele, flanked by two of the top TB-susceptibility 

alleles consistently discovered in this study by the SNP based association tests described earlier: 

SNPs chr1:171165749 (risk allele-T) and chr1:171181877 (risk allele-A).  

Table 18: The FMO2*1 allele does not segregate with susceptibility alleles 
 

 

A surprising, but ultimately logical, finding was that the 'C' allele never appears on the same 

haplotypic background in combination with its two flanking TB-risk alleles: the left-flanking 'T' 
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risk-allele and the right-flanking 'A' risk allele (Table-18). It only appears as a 'GCC' haplotype. 

The 'ultimately logical' part is the fact that in the SNP-based association tests discussed earlier, 

the 'C' allele (FMO2*1) was found to be negatively associated with Active TB, i.e., it has a 

protective effect against Active TB phenotype and, hence, the 'GCC' haplotype represents the 

'protective haplotype' while the alternative 'TTA' allele represents the 'disease haplotype'. In 

general, there appears to be a dichotomy of '-C-/-T-' haplotypes associated with decreased and 

increased risk to Active TB. It can be concluded, therefore, that the protective effects of the 

FMO2 gene is most probably due to a haplotypic effect of the FMO2*A1 locus while the 

susceptibility SNPs are particularly located on recombination hotspots and seem to act 

independently. 

 

To summarize this section, the LD-based association tests strongly support the findings obtained 

through the basic SNP-based association. All the moderate and strong signals of associations 

discovered by the allelic tests were replicated. This lends support to the robustness of the 

significant associations since, at the very least, the LD-based tests preclude possible technical 

genotyping artefacts that may have influenced the association statistic. The above results 

demonstrates the value of association analysis methods based on LD for detecting genetic 

variations that are responsible for complex human diseases such as TB. 

 

LD block structure/Haplotype diversity of FMO2 and allelic/genotypic 
distribution of FMO2*1/FMO2*2:  

 

In light of the novel findings regarding the FMO2 gene, it was deemed necessary to assess the 

FMO2 data and provide some contrasting descriptions of its population genetics in terms of the 
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LD/haplotype architecture of the exonic: number of LD blocks, LD-kb span, haplotype 

frequency and diversity including number of SNPs included per haplotype. Pair-wise LD 

between phenotype-associated SNPs only, and corresponding haplotypes and frequencies, was 

calculated for the combined and individual EGCs. The extent of LD was estimated in kilobase 

distance between the right-left flanking SNPs. [Note: Haplotype blocks were estimated following 

the default procedure in Haploview where by 95% CI are generated on D' and each model 

comparison is 'strong LD', 'inconclusive' or 'strong recombination'. A block is created if of 95% 

informative (i.e., non-conclusive') comparisons are 'strong LD'.  

 

In simple terms, the extent of LD is a matter of mutation and recombination rates, where by a 

new mutation creates a new extended haplotype and recombination events decay or breakdown 

haplotypes in to shorter sizes and increase haplotype diversity or number of haplotypes. 

Therefore, the older a population is, the more opportunity for mutational events to occur, and the 

higher the chance for recombination to act upon and create haplotype diversity. The existence of 

haplotype block structure has serious implication for association-based studies and for mapping 

of disease genes/SNPs. On the one hand, if a causative allele occurs within a long block of LD, 

then it may be difficult to localize that causative gene at a fine scale by association mapping. On 

the other hand, if the diversity of haplotypes within blocks is low, then common disease genes 

may be mapped, at least to within a haplotype block by using fewer markers (Anderson, et al, 

2003). 

 

In the current genetic dataset, the number of LD blocks ranged from three in Arbaminch to seven 

in Adigrat populations, with Merhabete showing five blocks (Table-19). The longest haplotype 
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block was found in Merhabete with13 kb and with 9 SNPs, the longest haplotype in Arbaminch 

was 8 kb with 8 SNPs, and that of Adigrat 2kb with 6 SNPs included. The largest number of 

haplotype blocks per LD block was found in Arbaminch with 11 haplotypes, Merhabete showed 

7, and Adigrat 5. The highest maximum frequency observed for any haplotype, 0.90, was found 

in Adigrat, the highest frequency in Merhabete was 0.80, and Arbaminch's highest haplotype 

frequency was 0.44. 

 

Table 19: Comparison of the haplotype structure of FMO2 gene between EGCs 
 

 

 

Comparison of the overall LD and haplotye structure between the EGCs revealed a general 

pattern: the higher the number of haplotypes a population has, the lower the LD block kb-span, 

the lower the number of haplotypes per LD block, the lower the number of SNPs per haplotype, 

the higher the haplotype frequencies, and vice versa (Figure-13). 
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Figure 24: Comparisons of haplotype structure in FMO2 
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ancestral allele. Another Ethiopian data obtained from a more recent genotyping effort (Pagani, 

et al, 2015) also revealed that the ancestral allele (C) was the minor allele (MAF=0.1205). There 

was also an apparent inter-ethnic difference (although not statistically significant) in the 
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the 'C' allele (32%), Merhabete 23%, and Arbaminch had the least with 19%.  A previous study 

(Krishna, et al, 2008) reported larger proportions with the Gambela population carrying as much 

as 49% of the FMO2*1 allele. On the other hand, the reverse is true in other populations: the 

FMO2*1 allele is reported to be virtually absent in Europeans and some Asian populations 

(Krueger, et al, 2005). The reasons for such inter-ethnic and global differences in the frequency 

and distribution FMO2*1 should also be another reason for curiosity.  

Table 20: Comparisons of allelic and genotypic frequency distribution of the 
FMO2*1/2 locus between populations 
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Figure 25: Descriptions allelic and genotypic frequency and distribution of the 
FMO2*1/FMO2*2 locus 
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random selection and transmission? Or is there a positive selection for one allele and a negative 

one for the other? When one considers the fact that the FMO2*2 mutant, but now major, allele is 

dysfunctional, and thus neutral, it is tempting to ask if the ancestral, but now minor, allele which 

codes for a functional protein involved in metabolism has a deleterious effect and is thus 

undergoing a natural purgatory. For the later to happen, the FMO2*1 allele must be acting to 

cause or predispose to some highly penetrant, early-onset, and deleterious phenotype. The recent 

discovery of its association with adverse reactions to industrial and pharmaceutical chemicals is 

insufficient to fully account for its low frequency since these chemicals are relatively recent 

man-made substrates and have not had much time to act in a differential or population-specific 

manner.  

 

In lieu of the purifying selection postulate described above, it is proposed here that one possible 

explanation for the differential distribution of the FMO2 alleles is in terms of a combination of 

human population genetics concepts: 'Out-of-Africa', 'founder effect', and 'drift'. In this scenario, 

what if the wild FMO2*1 allele mutated into the FMO2*2 allele before the OOA event; then the 

FMO2*2 allele was carried disproportionately (drift) by the OOA migrants; then the founder-

effect will propagate and establish the FMO2*2 allele in the newly founded and increasing 

population. This will explain the absence of the FMO2*1 allele in non-African populations. 

What about the increased frequency of the FMO2*2 allele in African populations? This could 

happen by drift, especially since this allele is functionally neutral. On the other hand, the 

FMO2*1 allele need not be considered 'deleterious' (except, of course, vis-a-vis its interaction 

with some unnatural, recently-manufactured chemicals mentioned above) to explain its low 

frequency despite being an ancestral allele. To the contrary, as the current study demonstrates, it 
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could have a beneficial protective health effect that could explain its persistence in African 

populations and populations with recent African descent. And, the discovery of an ancestral 

allele that protects against TB is not surprising in TB-endemic populations that were being 

persistently challenged by an ancient disease for hundreds of centuries.  
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Summary of the study results 

 

Summary of the association of TICAM2 and NOD1with TB 

This study replicated the association of NOD1 and TICAM2 genes with TB in Ethiopian 

populations. Two variants were found in NOD1 that were significantly associated with TB risk, 

and additional variants that were nominally associated. Furthermore, one of the most 

significantly associated SNPs in NOD1 was novel. Though the study did not observe a 

statistically significant association between TB and TICAM2 variants after accounting for 

multiple testing, these nominally significant results still provide an independent replication of a 

previous report (Hall, et al, 2015). The study also found consistent evidence of association of 

NOD1 variants with active TB in both our primary and sensitivity test models, and two of these 

results were significant after multiple-test correction. There were no notable associations with 

LTBI as the case phenotype, except for a single nominally associated NOD1 SNP, though some 

of the individuals in this category may progress to active TB later in time by virtue of possessing 

any of the susceptibility variants. Although the relatively smaller sample size in this test-model 

may also have reduced the power to detect association signals it also captured one SNP in 

NOD1, rs17159043, which showed signals of association with TB in both the original study 

(p=0.009) and the current replication study (p=0.040 in LTBI v. No LTBI). Generally, the study 

provided an independent replication of association between TB and variants in TICAM2 and 

NOD1. By conducting QFT to assess latent infection status, the study was able to demonstrate 

that a higher proportion of these variants are associated with susceptibility to active TB disease, 

not a latent infection. Some variants in both genes were also associated with reduced risk to 

active TB.  
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Summary of the association of FMO2 with TB 

This study identified for the first time an association between FMO2 genetic polymorphisms and 

TB progression phenotypes both at the SNP and haplotype levels. The study discovered multiple 

SNPs, including novel variants, associated with increased or decreased risk to TB in Ethiopian 

populations. The ancestral, functionally active, minor allele (FMO2*1), when compared with the 

mutant, functionally inactive, major allele (FMO2*2), was consistently found to be significantly 

associated (p=0.01, OR=0.3-0.6) with resistance to Active TB (in 'Active TB vs. No Active TB' 

and 'Active TB vs. No LTBI' genetic test-models) by SNP-based tests of association. These 

significant associations were confirmed by LD-/haplotype-based tests of association in all four 

test-models (p=0.000103-0.00703). These protective haplotypic effects were exclusively found 

on a haplotypic background consisting of the FMO2*1 (C) allele and not the the FMO2*2 allele. 

The protective haplotype never appears in allelic combinations that consist of alleles found to be 

highly associated with susceptibility to TB, i.e., the protective FMO1*1 allele does not segregate 

with susceptibility alleles. It is proposed here that the differential expression of FMO2 genetic 

variants in Mtb-infected cells may function by modulating biological pathways involved in the 

regulation of oxidative stress status or, in general, the redox profile/balance by acting directly on 

Mtb-derived components or in combination with other resident environmental (xenobiotic) 

substrates. The currently proposed mechanism of action of FMO2 is supported by the findings of 

numerous studies of the role of oxidative stress status of cells as it relates to TB pathogenesis and 

reported its association with TB progression. The novel discovery of this study revealed the 

"double-edged-sword" of FMO2 vis-à-vis TB: FMO2 has dual role in TB pathogenesis and anti-

TB pharmacogenomics. The dual role of FMO2 in TB is demonstrable in that on the one hand 

FMO2 has been shown to metabolize some widely used anti-tubercular drugs, such as 

ethionamide and thiacetazone, with adverse toxic reactions while on the other hand, as this study 
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shows, FMO2 polymorphisms are associated with TB pathogenesis mainly by conferring 

reduced risk to TB. 

 

 

 

  

The Curious Case of FMO2*1/FMO2*2 

Polymorphism 

Individuals possessing 

FMO2*1 

 

-reduced risk to TB 

-increased risk to anti-TB 

drug toxicity 

Individuals possessing 

FMO2*2 

 

-increased risk to TB 

-reduced risk to anti-TB 

drug toxicity 

Figure 26: The "double-edged-sword" FMO2 vis-à-vis TB: TB pathogenesis 

and TB pharmacogenomics 
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X. GENE/SNP ANNOTATION 
 

In this study, phenotype-associated SNPs were annotated using UCSC Genome Browser 

(GRCh37/hg19) on which the sequencing platform was designed. In this study, since strong LD 

(r2>0.8) was not observed for most of the highly significant SNPs, only the phenotype-

associated SNPs were included in the query. 

 

Most of the SNPs which showed highly significant association signals were novel (Table-21). 

Some SNPs were coding with non-synonymous, synonymous mutations while others were 

reported either as intronic or 3'/5' untranslated regions.  

Table 21: Functional consequences of mutations 
 

  

A1 A2

(Minor allele) (Major allele)

chr1:171154303 rs28369794 C A UPSTREM GENE VARIANT

chr1:171165749 NOVEL VARIANT T G

chr1:171168469 rs112884205 A C INTRON VARIANT

chr1:171168545 rs2307492 C T INTRON VARIANT, MISSENSE VARIANT

chr1:171173242 rs7517460 C T INTRON VARIANT

chr1:171174312 rs16864177 A T INTRON VARIANT (IN STROG LD WITH A MISSENSE VARIANT)

chr1:171174691 rs7536646 A G SYNONYMOUS VARIANT

chr1:171174762 rs28369899 C G MISSENSE VARIANT

chr1:171174821 rs7536745 A G INTRON VARIANT

chr1:171176879 rs6671692 A G SYNONYMOUS VARIANT, INTRON VARIANT

chr1:171177858 rs28369911 T G INTRON VARIANT

chr1:171178090 rs6661174 C T STOP GAINED, 3' UTR VARIANT (NONSENSE)

chr1:171178490 rs28369914 T C DOWNSTREAM GENE VARIANT, 3' UTR VARIANT

chr1:171179025 rs6664553 C T 3' UTR VARIANT

chr1:171179287 rs7512785 T C 3' UTR VARIANT

chr1:171179477 rs7515157 T C 3' UTR VARIANT

chr1:171179670 rs28369918 G C 3' UTR VARIANT

chr1:171179779 rs73032526 G A 3' UTR VARIANT

chr1:171179939 rs3174837 T G 3' UTR VARIANT, SPLICE REGION VARIANT, INTRON VARIANT

chr1:171180021 rs6425286 T G 3' UTR VARIANT

chr1:171180071 rs6673781 G A 3' UTR VARIANT

chr1:171180201 rs6668231 C T 3' UTR VARIANT (N STRONG LD WITH A MISSENSE VARIANT)

chr1:171181150 rs113252377 A G 3' UTR VARIANT

chr1:171181877 NOVEL VARIANT A C

chr5:114915999 NOVEL VARIANT A C

chr5:114916028 rs2288384 A G 3' UTR VARIANT

chr5:114916090 rs256996 A G 3' UTR VARIANT

chr7:30464249 NOVEL VARIANT TG T

chr7:30464872 rs5743374 A G 3' UTR VARIANT

chr7:30464932 rs112070346 G T 3' UTR VARIANT

chr7:30465424 rs5743370 C A INTRON VARIANT

chr7:30469270 rs17159043 C T INTRON VARIANT

chr7:30477156 NOVEL VARIANT T G

chr7:30485722 rs751770147 T G INTRON VARIANT

chr7:30490711 rs543650951 T G INTRON VARIANT

chr7:30491081 rs151170709 A G NC TRANCRIPT VARIANT, MISSENSE VARIANT

chr7:30498962 NOVEL VARIANT C G

NOD1

GENE chr#:base_position rs_ID PREDICTED FUNCTION (UCSC)

FMO2

TICAM2
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Further annotation using SNPnexus annotation tool (http://www.snp-nexus.org), a web server for 

functional annotation of novel and publicly known genetic variants, showed that none of the 

SNPs themselves were reported as actually being directly associated with a disease phenotype, 

instead, they were indirectly implicated by association with the entire genic region, or a couple 

of SNPs there in, which are associated (Table-22). The associated diseases are rather wide-

ranging from classes of immunity, metabolism, to psychosis. The distinct absence of previous 

reports of association with TB goes to show the point made earlier that either submissions to the 

databases searched were not made, such as the recent study which identified polymorphisms in 

the TICAM2 and NOD1 gene associated with TB (Hall, et al, 2015), or the associations 

identified in the current study are novel. That being said, there were some interesting reports of 

disease associations the biological pathways of which may be relevant to TB pathogenesis: 

infection (e.g., in TICAM2), lipoprotein metabolism (e.g., in FMO2 and NOD1), and leprosy, 

bacteremia, asthma and diabetes (e.g., in NOD1). Obviously, the immune system is relevant in 

the development of any infection, leprosy, bacteremia, and asthma. Leprosy is caused by a close 

relative of Mtb, M. leprea and shares much of its evolutionary and natural history of disease 

progression. The human immune system also reacts to both infections in a similar fashion.  

Inflammatory reactions leading to asthma have also been associated with the physical blockage 

or entrapment of Mtb. Human pathways involved in lipoprotein and trglyceride metabolism have 

been suggested to be manipulated by the Mtb bacteria for immune evasion and its own survival 

in infected macrophages and granulomas. 

 

 

 

http://www.snp-nexus.org/
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Table 22: Previously reported disease associations for the current phenotype-
associated SNPs  
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XI. CONCLUSIONS, STRENGTHS, LIMITATIONS AND 
 RECOMMENDATIONS  OF THE STUDY 
 

This study conclusively achieved its stated general and specific objectives and significantly 

proved its hypotheses. The study proposed to study the influence of candidate gene 

polymorphisms in TB progression. The basic premise of the study was that since there is a 

commonly observed inter-individual variation in the immune response to Mtb exposure and 

infection in that not all individuals exposed to Mtb get infected, and not all Mtb-infected 

individuals progress to active TB, it follows that the mere exposure to, and infection by, Mtb is, 

while necessary, not a sufficient cause for TB disease. The hypothesis tested was that 

polymorphisms in human innate immunity genes contribute to variation in the immune response 

to Mtb exposure and infection. This hypothesis was tested by setting up a genetic 

epidemiological association study design based on three candidate genes: TICAM2, NOD1 and 

FMO2. The study also hypothesized that the reasons for the apparent non-replication of previous 

TB genetic association results may be explained by the lack of precise definition of TB 

phenotypes that frustrates the discovery of underlying gene-disease associations or lead to 

spurious conclusions. Therefore, this study focused on constructing precise and consistent 

criteria of TB definition amenable for genetic epidemiological analysis based on an intermediate 

phenotype model that closely reflects the natural history of TB progression from Mtb-exposure, 

latent infection to active disease. This design also enabled to test another hypothesis of the study 

that TB progression stages may represent distinct TB phenotypes with respective stage-specific 

immuno-genetic risk profiles. In general, the study aimed to replicate previous TB genetic 

association signals and to test a novel TB-candidate gene association. 
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The study successfully replicated for the first time a novel finding of an association between TB 

and TICAM2 and NOD1 genes in an Ugandan cohort (Hall, et al, 2015) in Ethiopian 

populations. These genes are receptor genes of the innate immunity system involved in the 

synergistic antigen recognition, presentation, and processing that lead to the priming of the 

adaptive immune system against Mtb infection. The finding of this study is significant because, 

first, it replicated a previous result in an independent population further confirming the 

involvement of TICAM2 and NOD1 in the immune response to TB; second, the study 

discovered novel TB-associated SNPs in TICAM2 and NOD1 genes in the sampled Ethiopian 

populations; and, third, it validated the efficacy of the intermediate-phenotype model of the 

genetic epidemiological study design used for the identification of TB-associated genetic 

variants. Although it is typical in replication studies to perform a meta-analysis, this was not 

done in this study for two reasons. First, this is only the first attempt at replication of these two 

genes. Second, rather than analyzing the same exact SNPs as in the original report, this study 

conducted exon sequencing with some flanking buffers. This alternative approach would make a 

meta-analysis with the data from the original work nearly impossible. Although this enabled the 

identification of novel variants associated with TB, the gaps between the exons prevented 

coverage of all the SNPs in the original study, i.e., the percentage of matching sequences 

between the two studies was low (6 SNPs in TICAM2 and 34 SNPs in NOD1) which were 

further reduced by QC filtering. This effectively precluded a comprehensive comparative 

assessment at finer levels beyond the overall gene level. Nonetheless, this study captured one 

SNP in NOD1, rs17159043, which showed signals of association with TB in both the original 

study (p=0.009) and the current replication study (p=0.040 in LTBI v. No LTBI). 
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The third candidate gene of this study, FMO2, is an immune effector gene that plays an essential 

role of modulating oxidative stress levels in the innate anti-mycobacterial immune defense 

system as it affects Mtb survival, persistence and subsequent reactivation. The high expression 

level of FMO2*1 in the lung and its pharmacogenetic effect in relation to its oxygenase-driven 

metabolism of some anti-TB drugs resulting in toxic intermediates have been well characterized. 

However, it has never been studied in relation to TB pathogenesis before and, thus, both the 

hypothesis and the discovery of association with TB in this study are entirely novel. FMO2's 

candidacy in the present research was, therefore, purely a consequence of a daring 'out-of-the-

box' thinking: "What if FMO2, with a specific functionally active genetic variant that is highly 

prevalent in sub-Saharan Africa, including Ethiopia, and known to be associated with adverse 

reaction to an anti-TB drugs, is also involved with the pathogenesis of TB disease itself through 

its mediation of oxidative stress in activated immune cells?". The study identified for the first 

time an association between FMO2 and TB both at the SNP and haplotype level. The pattern of 

association suggested a protective effect of FMO2 against both active and latent TB with distinct 

genetic variants underlying the TB progression pathway. Haplotype-based tests confirmed the 

SNP-based results with a single haplotype bearing the ancestral-and functional FMO2*1 "C" 

allele ("AGCTCTACAATCCCCTCGTTGCGC") explaining the overall association. A 

remarkable finding of this study was that not only was FMO2*1 nominally associated with 

reduced risk to "Active TB" but it also does not co-segregate with the 5'-3' flanking top high-TB-

risk alleles identified in the study. The study provides an evidence for the existence of an 

evolutionary adaptation to an ancient disease based on an ancestral genetic variant acting in a 

haplotypic framework in Ethiopian populations. Coupled with the apparently high prevalence of 

the FMO2*1 variant responsible for the adverse toxic reactions to some anti-MDRTB drugs 
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among various populations of Ethiopia, the current finding has enormous public health 

implications. From the genomics aspect, FMO2 might represent a curious paradigm of pleiotropy 

in action:  a locus with genetic polymorphisms that render individuals susceptible to a disease 

also harbours nearby variants that not only protect against the same disease but, if a particular 

drug type is administered to treat the very same disease, it may lead to adverse reactions. 

Furthermore, the protective effect of the ancestral allele FMO2*1 was found to be both at the 

allelic and haplotypic level, although the haplotypic effect is much more pronounced. The 

evolutionary implication of this finding is enormous and raises further questions. For example, 

the evolutionary history of the FMO2 gene at the FMO2*1/2 locus is curious: What is the basis 

of the current high disparity in the frequency and distribution of these alleles between 

populations? Now that this study has identified a dichotomous 'protective/disease' haplotypes 

involving this locus, is there a possibility of directional selection? If the ancestral allele has 

indeed a protective effect, how then did it become to be a minor allele restricted to certain 

ancestral human populations, particularly in sub-Saharan Africa? And, can its frequency and 

distribution be explained in conjunction with available evidences for the origin of both modern 

humans and Mtb in Africa and the 'Out-of-Africa-and-Back' concept of human migration? In 

light of, first, the high prevalence and wide distribution of the FMO2*1 variant amongst 

Ethiopian populations and, second, the increasing incidence and prevalence of MDRTB, the 

pharmaco-genetic implication of the FMO2 finding in this study cannot be overstated since it 

practically means: we can no longer go on prescribing the usual thiourea-containing anti-

tubercular drug regimen (and dosage?) without regard to patients' genetic risk profiles. This is 

particularly important with the current emergence and spread of MDR and XDR strains of Mtb 

that has led to the increased use of such drugs worldwide. For instance, studies in Ethiopia 
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(Agonafir, et al, 2010; Abate, et al 2014) found that not only were both MDR-/XDR-TB present 

in Ethiopian patients but also resistant strains against ethionamide were the most prevalent types 

and indicated the need for increased efforts to expand diagnostic services, treatment and care 

(Fantahun, et al, 2014). A more directed clinical study into the role of FMO2 in TB pathogenesis 

and pharmacogenomics is in line with this efforts. For example, functional annotation of FMO2 

polymorphisms might reveal the immunogenetic basis for its association with both TB disease 

and treatment outcome. In this regard, studies (Veeramah, et al, 2008; Coussens, et al, 2013) 

have demonstrated the existence of differential TB immunologic profiles at presentation, 

becoming even more marked following initiation of anti-mycobacterial therapy, between patients 

of African vs. Eurasian ancestry that associated with ethnic variation in host genotype. 

Therefore, it is recommended here that, biomarkers that can easily (at "point-of-care") be used to 

screen for such polymorphisms should be developed. It is imperative to replicate the current 

findings in independent populations as well as investigating the possibility of the FMO2 gene, 

particularly at the FMO2*1 locus, being associated with other disease pathogenesis that involve 

oxidative stress. Future studies focusing on functional annotation of the genes and SNPs that 

showed association signals are also necessary. Variations that might be functionally relevant, 

such as those leading to amino acid changes or splicing site alterations, found in known 

regulatory elements or conserved non-coding sequences are priority targets for further 

investigations. The selection of an optimal number of tagSNPs based on both potential functional 

effect and haplotype information could increase the sensitivity and efficiency of large-scale 

genotyping projects. However, the interpretation of candidate SNP sites requires the integration 

of genome annotation data, such as gene(s)/protein(s) structure, and related information about the 

splicing isoforms with the sequence information. This is an essential step to enable and facilitate 
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hypothesis generation for further experimentation and validation. Generally, the novel FMO2 

finding demonstrates the intricacies in the spectrum of genetic associations with TB pathogenesis 

and treatment. From the evolutionary perspective, it is also  informative to note that how changes 

in the environment, in this case the manufacturing, distribution and utilization of new drugs to 

treat an ancient disease, may create a pressure on a genetic architecture evolutionarily shaped to 

fight the same disease. In other words, it is not a matter of the FMO2*1 allele being naturally 

deleterious, rather the change in the human environment that is becoming an artificial risk. And 

how, ultimately, it is the combination of all the factors involved in the resolution of TB infection 

(some with minor, some with major effects) that determines the outcome. It is the hope of 

identifying such genetic factors, particularly those with major effects, which drives genetic 

epidemiological investigations like the current study. 

 

Overall, SNP-based association tests identified multiple variants within each of the candidate 

genes at varying degrees of significance. Association tests under the framework of LD and 

haplotypes also confirmed the robustness of these findings as well as identifying significantly 

associated disease-/protective-haplotypes. The associations identified were both with TB 

susceptibility (increased risk effect) and resistance (decreased risk effect). Examination of the 

strength and pattern of statistically significant associations, in terms of being restricted, 

consistent, correlated or directional also helped to shed light on the possible biological pathways 

involved underlying TB progression and the possible stage-specific effects of the genes and their 

variants through pleiotropy and/or epistasis. By contrasting TB disease with no disease and LTBI 

v. no LTBI, the study design helped to unravel a pattern of SNP-phenotype associations to 

determine which stage of TB pathogenesis was associated with these variants. However, there is 
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some limitation in this design in that individuals who were labeled as controls (no active TB, no 

LTBI, or with LTBI) at the time of data collection might develop LTBI or active TB later on. 

Therefore, a prospective study with follow up cohorts could produce a better result although in a 

TB endemic setting it could be difficult to differentiate between active TB as a result of 

reactivation of latent TB or due to new infections. In addition to the careful phenotypic 

characterization of the control population, there are other aspects of this study that further 

enhance its validity. First, although other transcription-regulatory regions are also important, it 

focused on padded full exon resequencing of the two candidate genes of interest, enabling the 

discovery of novel genetic variants with a higher probability of translation. Second, it recruited 

individuals from multiple ethnic groups, and examined possible population stratification effects.  

 

The study also has a population genetics component that compared and characterized the 

sampled Ethiopian populations using allelic frequencies, MDS, IBS/IBD, LD and haplotype 

structure that found cryptic evidences of population stratification. A significant finding, however, 

was that the stratification cannot be explained in terms of ethnic clustering alone, i.e., the 

stratification did not follow ethnic lines. This might be an indication that intra-ethnic variation 

was greater than inter-ethnic variation. This finding seems to be in contradiction with recent 

population genetic analysis of Ethiopian populations which concluded that not only stratification 

exists but it is along ethnic/linguistic/cultural lines (Pagani, et al, 2012). However, the reason for 

the apparent contradiction may be the difference in the source and generation of the genetic 

datasets used for analysis, i.e., genome-wide data vs. exone sequences. The observed pattern of 

relatively minimal inter-ethnic population differentiation in terms of rare single nucleotide 

variations is consistent with the nature of exonic regions which, by functional necessity or 
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constraints, do not tolerate random variation as in non-coding /functional regions of the genome. 

On the other hand, the observed differences in LD/haplotype structures suggest the possibility of 

population-specific genetic signatures that need to be taken into consideration. This suggestion 

was corroborated by the fact that, in this study, the efficacy of IBS-based stratified analysis of 

association (i.e., based on the genetic dataset alone) in statistically controlling for the observed 

cryptic population stratification was much more than the stratified test of association based on 

self-declared ethnicity and sampling site. 

  

The study results also support the hypothesis that the Ethiopian setting could indirectly help to 

explore the possibility that Mtb-human co-evolution may result in differential TB genetic risk 

profiles across population categories. As Ethiopia is considered to be the origin of both humanity 

and Mtb, the findings of this study are important for understanding the possible impact of Mtb-

human co-evolution in TB pathogenesis. For example, while the Ethiopian study replicated the 

Ugandan findings at the gene level, the associated SNPs in overlapping loci are not shared and 

some are novel. Therefore, while the Ugandan and Ethiopian findings indicate, on the one hand, 

a common signature of association at the gene level in the two populations, on the other hand, at 

the SNP level, the results suggest at the possible existence of population-specific signatures of 

association which may be driven by differential Mtb-human co-evolution. This phenomenon of 

population-specific adaptation is not uncommon and has been previously reported in Ethiopian 

populations with regard to genetic and physiological adaptations to high altitude (hypoxia) 

(Beall, et al, 2002; Scheinfeldt, et al, 2012).  
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This study is only the second genetic epidemiological investigation of TB in Ethiopia but unique 

in its study design: sampling, control-phenotype ascertainment and accounting for possible 

population stratification. The current study validates the importance of carefully designed genetic 

epidemiological studies especially in populations where there is tremendous ethno-geographic 

variation and, thus, supposedly challenging for such investigations. It clearly demonstrates that 

even modest scale association studies conducted in populations with high genetic diversity can 

capture novel variants and reveal a broader spectrum of disease causality. It is usually advised in 

genetic epidemiology that case-control association studies should avoid sampling from 

heterogeneous populations. In light of this maxim one might question the prudence of sampling 

from populations with different ethno-geographic backgrounds as was done in this study. This 

manner of sampling was deliberately opted for in this study for several reasons. First, there are 

statistical methodologies to adjust or account for possible population stratification and in this 

study various techniques were applied to identify and control for known stratifications and 

empirically for hidden stratification. The result indicated that population stratification has 

minimal distortive effect on the statistical findings of this study. Second, although the existence 

of high genetic variation among Ethiopian populations has been well documented and there have 

been some studies which documented evidence of stratification along ethno-linguistic lines, these 

studies were mainly based on non-autosomal (X/Y/mitochondrial DNA) or limited whole-

genome data. However, since the extent of genetic differentiation in exonic regions verses other 

regions has not been characterized there is no conclusive evidence yet to warrant the application 

of the "Avoid heterogeneous population sampling!" truism in candidate gene studies. Third, it 

was one of the explicit objectives of the study to characterize the Ethiopian population with 

respect to the selected candidate gene regions and, therefore, the collection of genomic samples 
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from as diverse populations as possible will enrich the overall Ethiopian genomic data. And, 

lastly, from the practical point of view, sampling from any single site and population would not 

only have taken much longer time but also there is no easy way of ascertaining the ethnic 

background of any target population prior to the actual sample collection and downstream 

comparative genetic analysis particularly in the absence of an Ethiopian database of ancestry-

informative-markers. The study results show that although there were slight evidences suggestive 

of the presence of population-specific genetic signatures, there was no strong indication of 

population stratification that would lead to a recommendation of prohibition of sampling from 

different ethno-geographic backgrounds and pooling data together particularly for studies based 

on exonic data of candidate genes. Therefore, the results of this study should encourage 

investigators who may be intimidated by the „burden‟ of the high genetic diversity in African 

populations.  

 

Sample size is often the "Achilles' heel" of scientific research and is commonly cited as one of 

the major "limitations of the study". The relatively small sample size of this study is a limitation 

as it affects statistical inference and declaration of significance. Particularly, the progressively 

stricter definition of case-control phenotypes across test-model constructs comes at the cost of 

reduced sample size. This difference in sample size could explain in part the difference in the 

observed pattern of SNP-phenotype associations between the test-models. Lastly, there were 

quite a few subjects that tested HIV positive or had indeterminate Quantiferon results, which 

eliminated them from some analyses, thus reducing power. Therefore, future research with larger 

sample size is warranted. However, it is also worth while pointing out that merely garnering 

larger sample sizes does not always guarantee the detection of strong signals of association. A 
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good example is a recent genome-wide study on TB genetics (Thye, et al, 2010) that was done 

using an impressive case-control size (2,237 cases and 3,122 controls from Ghana and the 

Gambia) and declared to result in 90% power to detect a significant association. However, this 

study conspicuously failed to identify significant association from a total of 354,607 autosomal 

SNPs except for a single SNP rs4331426 which, unfortunately, also happened to land in a 'gene-

desert' region on chromosome 18q11.2. Therefore, the current relatively much modest study 

demonstrates the usefulness of population-based, candidate-gene studies with careful case-

control definitions in identifying informative disease-associated genetic variants in a cost-

effective manner. 

 

Finally, it would be appropriate to share in the optimism of Ernst JD (Ernst, et al, 2007) and 

conclude by paraphrasing: "......since Mtb   was first discovered, there have been major advances 

in understanding the pathogenesis of TB in terms of host responses and how the bacteria exploits 

and evades them. With advances in basic immunology, genetics, epidemiology/statistics and 

their application to the problems of TB, better diagnostic tests, novel therapies, and efficacious 

vaccines are expected. Millions have died of TB, but the future holds great promise for making 

TB a disease of the past". It is hoped the current study contributes some knowledge in this 

regard. It is also hoped the design and conduct of this study, with particular emphasis on disease 

trait definitions that incorporate intermediate-phenotypes, will serve as a genetic epidemiological 

model to future studies of not only TB but other infectious and non-infectious complex disease 

traits.  This study also underscores the power of candidate-gene based studies in the era of 

genome-wide association studies even in a setting with high genetic diversity. The conduct of the 

study, interpretation of the results and any limitations should be informative to the efforts of the 
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Human Heredity and Health in Africa initiative (H3A, 2014) at enriching region-specific health-

related genomic knowledge. 
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XIII. Appendix-1: Supplementary tables 
 

Supplementary Table-1: Summary of latent TB infection test result based on 

interferon-ɣ release assay 

 
Summary of LTBI test result 

Sampling site Indeterminate % Negative % Positive % Total 

Adigrat 0 0.000 26 0.481 28 0.519 54 

Arbaminch 7 0.106 21 0.318 38 0.576 66 

Merhabete 1 0.021 28 0.583 19 0.396 48 

Total 8 0.048 75 0.446 85 0.506 168 

 

 

 

Supplementary Table-2: Summary of HIV serostatus test result 

 

 

Cases Controls 

Sampling site Negative % Positive % Total Negative % Positive % Total 

Adigrat 53 0.791 14 0.209 67 61 0.968 2 0.032 63 

Arbaminch 90 0.909 9 0.091 99 88 1.000 0 0 88 

Merhabete 34 0.680 16 0.320 50 46 0.902 5 0.098 51 

Total 177 0.819 39 0.181 216 195 0.965 7 0.035 202 

 

 

 

Supplementary Table-3: DNA sequence data in each EGC before quality control 

filtering 
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Supplementary Table-4: DNA sequence data in each test-model before quality 

control filtering 

 

 
 

 

 

Supplementary Table-5: DNA sequence data in each EGC after quality control 

filtering 
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Supplementary Table-6: Minor allele frequency of TB-phenotype-associated SNPs 
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XIV. Appendex-2: Research participant consent form (English version) 
 

A PhD dissertation project, titled “A Study of Genetic Influences on Tuberculosis Susceptibility 

and Progression in Ethiopia” is planned to be undertaken by Ato Ephrem Mekonnen who is a 

PhD student at Addis Ababa University, Dept. of Biology. The main objective of the study is to 

analyze the possible impact of human genetic variation pertaining to TB-related immune 

response pathways. The research design is a population-based case-control study to be conducted 

in various parts of Ethiopia. Active PTB patients [cases] and their healthy matches 

(spouses/partners/household contacts) [controls] will be voluntarily recruited only after obtaining 

their informed consent. All phenotyping procedures [TB-related medical check-ups and drawing 

of 10 ml venous blood sample] will be carried out by qualified health personnel with strict 

adherence to safety and privacy regulations. All participants found to be positive for LTBI and/or 

HIV will be offered appropriate counseling and medication free of charge. Participants are free 

to withdraw from the study anytime they want without fear of deprivation of treatment benefits. 

Furthermore, all research participants‟ data will be held strictly confidential. Only those 

individuals who understand and sign this consent form will be recruited for participation in the 

study. 

 

I fully understand the above message and agree to participate in the study. 

 

___________________________                       _______________________ 

                   Name                                                          Signature/Date 

 

 


