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ABSTRACT 

 

Background 

Once thought to be on its way to elimination, tuberculosis (TB) has resurged in recent 

decades and is now the leading cause of death among infectious diseases globally. 

Effective TB control will require optimal implementation of treatment interventions in 

order to maximize the potential benefits not only for individual patients but also at the 

population level. 

 

Methods 

We conducted three studies using dynamic compartmental models of TB transmission to 

project the potential impact of shortened duration of first-line TB therapy on TB 

incidence and mortality (Chapter II), the effect of re-using pyrazinamide in both first- and 

second-line treatment on the emergence of extensive drug resistance (Chapter III), and 

the value of treatment scale-up and programmatic improvements in the control of 

multidrug-resistant (MDR) TB (Chapter IV). 

 

Results 

Contrary to previous studies, we find that shortening the duration of first-line TB therapy 

is unlikely to yield major reductions in incidence over a time span of 15 years (projected 

reduction 1.9% with 4-month vs. 6-month treatment). We then demonstrate how the 

routine use of pyrazinamide in both first- and second-line TB treatment may promote the 

emergence of extensively drug-resistant TB. In the last study, we find that although 
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scaling up treatment of MDR TB may substantially reduce future prevalence (median 

reduction in MDR TB prevalence 28.1% over 20 years), combining scale-up with 

programmatic interventions that improve linkage to care and treatment completion 

maximizes impact (median reduction 74.5%). 

 

Conclusions 

This work provides valuable guidance in optimizing treatment interventions to achieve 

population-level impact in global TB control. 
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CHAPTER I 
 

 

 

 

“No pestilence had ever been so fatal, or so hideous. Blood was its avatar and its seal.” 

      ~ Edgar Allan Poe, “The Masque of the Red Death” 

 

 “La phtisie sociale s’appelle  misère.” 

      ~Victor Hugo, Les Misérables 
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INTRODUCTION 

 

Clinical and epidemiological significance of tuberculosis 

Once thought to have been conquered, tuberculosis (TB) has resurged as a public health 

threat in recent decades. It is now the leading cause of death among infectious diseases, 

with an estimated 9.6 million new cases annually resulting in 1.5 million deaths [1]. 

Individuals become infected when they inhale airborne droplet nuclei containing bacilli 

of Mycobacterium tuberculosis (M. tb) into the alveoli of the lungs [2]. Most persons 

with an intact immune system clear these bacilli or enter a state of so-called latent 

infection, in which they remain asymptomatic [3]. Although TB can infect and cause 

disease in nearly every human organ and tissue (e.g., brain, bone) pulmonary TB 

accounts for the vast majority of cases and deaths [1, 4]. It also accounts for the majority 

of transmission, as sick individuals expel M. tb-containing droplets when they cough or 

speak. These droplets can then remain suspended in the air for hours to days, to be 

inhaled by susceptible individuals [2].  

 

It has been estimated that nearly one-third of the world population harbors latent TB 

infection, which can be diagnosed by immune sensitization using tuberculin skin testing 

or interferon-gamma release assays [3, 5]. However, the majority of such infections never 
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cause disease: only ~5% of immunocompetent persons will progress to active disease—

characterized by cough, fever, weight loss, and cavitary lung lesions—within weeks to 

months. An additional ~5% will experience reactivation over the course of their lifetime 

and become symptomatic and infectious [3, 6]. The risk of developing active disease is 

much greater among immunocompromised individuals: HIV-infected persons experience 

an estimated 5-10% risk of progression to disease annually (as opposed to 5-10% lifetime 

risk for immunocompetent persons), making TB one of the leading causes of morbidity 

and mortality among HIV patients [1, 7].  

 

Treatment and epidemiological control of TB 

TB control in the 20th and 21st centuries has relied heavily on treatment of active disease. 

The first drug active against TB, streptomycin, became available in the 1940s. The 

subsequent development of additional drugs and clinical trials of various drug 

combinations and treatment durations led to the adoption of the standard six-month, four-

drug regimen still in use today [8]. For patients with no previous history of tuberculosis 

and no known drug resistance, this first-line treatment consists of a two-month intensive 

phase with a combination of isoniazid (INH), rifampin (RIF), ethambutol (EMB) and 

pyrazinamide (PZA), followed by an additional four months of INH and RIF [9].  

 

With the advent of an effective treatment regimen came the hope that TB would soon be 

eliminated. By shortening the course of disease—and thus the duration of 

infectiousness—successful treatment had the potential to interrupt the chain of 

transmission and stem TB rates. In the 1990s, the World Health Organization (WHO) 
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developed the directly observed treatment-short course (DOTS) strategy, aiming to 

control the global TB epidemic by detecting at least 70% of cases and successfully 

treating at least 85% of detected cases, ensuring adherence via direct observation of 

treatment by healthcare providers [10, 11]. Despite initial success in decreasing the 

incidence and prevalence of TB, the DOTS strategy was soon faced with major 

challenges, including poor treatment outcomes, resistance to available drugs, and the 

spread of HIV, leading to the resurgence of this age-old disease as a major global health 

threat [1, 12]. The WHO “Stop TB Strategy”, established in 2006 in accord with the 

Millennium Development Goals and the Stop TB Partnership, has set targets of reducing 

both TB incidence and TB mortality by 90% between 2015 and 2035, with the ultimate 

goal of elimination (incidence of active disease below 1 case per million) by 2050 [13, 

14]. These targets were carried forth in the new “End TB Strategy”, established in 2014 

in alignment with the Sustainable Development Goals [15, 16]. Currently, global TB 

incidence is declining at less than 2% per year but this decline falls far short of the 

estimated 20% annual decline that would be needed to achieve these targets for TB 

control [1, 17].   

 

TB treatment challenges: treatment duration and drug resistance 

Unlike most respiratory infections (e.g., community-acquired pneumonia), which can be 

treated with a few days or weeks of antibiotics, TB treatment currently requires at least 6 

months [9, 18], and approximately 8% of patients who initiate first-line TB treatment do 

not complete the full course. Although this figure may seem relatively low, it is important 
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to note that it varies widely across countries and/or TB control programs, with some 

settings reporting as many as 50% of patients discontinuing treatment [1].  

 

The success of the DOTS strategy has also be greatly hampered by the rise of resistance 

to available drugs. Resistance to streptomycin, which was initially used as monotherapy, 

arose quickly in the early days of TB pharmacotherapy. Selection of drug-resistant 

mutants occurs via a variety of mechanisms at the pathogen level [19]. With regard to the 

infected host, drug-resistant TB occurs either during inadequate treatment, or by primary 

transmission. Inadequate treatment due to administration of ineffective drugs, poor 

adherence, or other factors (e.g., variations in host pharmacokinetics, differential drug 

penetration in specific tissues or lesions, drug-drug interactions—especially in the 

context of HIV treatment) can exert selective pressure leading to preferential survival and 

growth of bacilli that are resistant to one or more drugs in the treatment regimen [19-22]. 

Such resistance is likely acquired early in the course of treatment, when bacterial 

populations are sufficiently large and there is enough replication for spontaneous 

resistance-conferring mutations to arise. Resistance to any one (or more) drug(s) in a 

treatment regimen decreases the number of effective drugs and thus lowers the barrier to 

selection of additional resistance. Individuals with resistance acquired in this manner may 

then transmit their drug-resistant bacilli to susceptible individuals; such events constitute 

primary transmission of drug resistance [23]. Although drug resistance initially emerges 

via inadequate treatment in a fully susceptible population (as was the case for 

streptomycin in the early treatment era), as more and more individuals harbor and 

transmit drug-resistant disease, primary transmission accounts for an increasing 
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proportion of drug resistance [24, 25]. Even as the overall incidence of TB has declined, 

there has been an increase in multidrug-resistant (MDR) TB, defined as TB that is 

resistant to both INH and RIF—the two primary drugs in first-line treatment.  

 

Globally, approximately 4% of new TB cases and 20% of previously treated cases are 

due to MDR strains but the epidemiology of MDR TB varies widely by country and 

region. Some of the highest levels of MDR TB are reported in Eastern Europe: in 

Belarus, as many as 34% of new TB cases and 69% of previously treated cases are 

resistant to at least RIF and INH [1]. Currently, available treatment regimens for MDR 

TB rely on drugs that are less efficacious against M. tb than RIF and INH, and much less 

tolerable. Typical combination regimens include a fluoroquinolone and an injectable 

aminoglycoside, supplemented with pyrazinamide, bacteriostatic antimycobacterials 

(e.g., para-aminosalicylic acid), and antibiotics with uncertain efficacy and/or safety in 

TB treatment (e.g., linezolid) [9, 26]. Treatment typically requires 18-24 months, of 

which 6 months require daily injections of an aminoglycoside, at great discomfort to 

patients and high cost to both patients and health systems [9]. Moreover, several of the 

drugs used to treat MDR TB can cause severe toxic effects (e.g., irreversible hearing loss, 

cardiac irregularities) [26]. Not surprisingly given the prolonged duration and poor 

tolerability, many patients are unable to complete a full course of treatment: upwards of 

20% of patients with MDR TB discontinue treatment. Even among those who do 

complete a full course of treatment, the probability of cure is approximately 50% globally 

[1, 27, 28]. 
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Future prospects for TB treatment and control 

The challenges of treatment discontinuation and drug resistance have led to renewed 

efforts to develop novel drugs and regimens for the treatment of both drug-susceptible 

and drug-resistant TB [29-31]. In contrast with HIV treatment, which has been 

continually improved by the development of new, often more effective and less toxic 

drugs, treatment of TB remains stuck in the 20th century [32]. No new anti-TB drugs were 

developed for decades since rifampin became available in the 1960s. Indeed, bedaquiline 

made worldwide headlines in 2012 as the first new TB drug to be approved in 50 years 

[33]. With several new TB drugs in the development pipeline now, a number of trials 

have been planned and/or undertaken to evaluate potential new treatment regimens. 

Among these trials, several have evaluated the possibility of shortening first-line 

treatment from the current 6 months to 4 months using fluoroquinolone-based regimens. 

Unfortunately all of the 4-month regimens that have been evaluated in Phase III trials 

thus far have not met non-inferiority criteria compared to the current 6-month regimen 

[34-36]. Trials are still ongoing for a 4-month regimen combining a novel drug, 

pretomanid (formerly known as Pa-824), with moxifloxacin and PZA [37].  

 

Given the limited number and efficacy of drugs for MDR TB, several drugs (including 

new, repurposed, and existing antimicrobials) have been investigated as potential 

additions to the current arsenal, with the aims of improving regimen efficacy, shortening 

treatment duration, and/or reducing toxicity [26, 38-41]. Because current MDR TB 

treatment is orders of magnitude more costly (and logistically more challenging) to 

administer than first-line treatment, access remains largely limited to high-resource 
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countries. One obstacle to treating patients with MDR TB is the poor availability of drug 

susceptibility diagnostics to identify such patients, and the delay to diagnosis associated 

with traditional, culture-based methods [1]. The development and deployment of rapid 

molecular diagnostics for RIF resistance such as GeneXpert could help expand the 

availability of drug susceptibility testing and MDR TB treatment, but access remains 

limited, especially in low-resource settings [1, 42]. The End TB Strategy calls for 

universal access to treatment, as well as the necessary drug susceptibility diagnostics to 

identify MDR TB patients, but progress remains slow [15, 16]. In 2011, across 30 

countries with significant MDR TB burden, an estimated 18% of MDR TB patients 

received second-line treatment, and a median 53% (interquartile range 41-71%) of those 

who initiated treatment completed it [43]. 

 

Limitations of clinical trials and utility of mathematical models  

As new drugs and regimens are developed, evaluated, and made available, policy-makers 

face the decision of how best to implement them to not only benefit individual patients, 

but also contribute to TB control efforts at the population level. Without proper guidance, 

policies may fail to implement interventions that would accelerate the decline of TB or, 

conversely, adopt harmful and/or wasteful interventions. It is therefore essential that 

these decisions be informed as best as possible by estimates of their potential impact on 

long-term epidemiologic trends, and with adequate consideration of sources of 

uncertainty. Clinical trials provide indispensable information on the effectiveness and 

tolerability of treatments, but they measure effectiveness only at the level of individual 

patients, and under optimal conditions. Moreover, infectious diseases are inherently 
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dynamic and have feedback effects: levels of transmission are dependent on the number 

of infectious individuals in a population, and the levels of transmission in turn determine 

the rate of change of the infectious pool over time. Consequently, individual-level effects 

cannot predict long-term population-level outcomes [44]. Although cluster-randomized 

studies could estimate population-level effects, the resources and long-term follow-up 

required makes them unfeasible for a wide range of interventions. This is particularly 

limiting as policy-makers typically need to make decisions in the present based on the 

expected future outcomes [45]. 

  

Dynamic mathematical models that simulate key mechanistic aspects of the natural 

history and transmission of infectious agents have increasingly been used to fill these 

gaps, as ideal tools for the study of so-called “dependent happenings” [46]. A widely 

applied approach for dynamic modeling of infectious diseases, widely referred to as the 

Susceptible-Exposed-Infectious-Recovered (SEIR) framework, developed by Kermack 

and McKendrick and popularized by Anderson and May, uses differential equations to 

project changes in a population divided into compartments or classes based on disease 

and infectiousness status [47, 48]. Additional complexity with regard to the number of 

classes and the rates of transition between them can be incorporated, balancing the detail 

necessary to capture the relevant aspects of disease and transmission, availability of data 

to inform model parameters, and interpretability of model behavior and results. Model 

structure can also reflect various subtypes or strains of the pathogen, pathways of care-

seeking, treatment algorithms, etc… [49, 50] Compartmental models can also incorporate 

stochastic dynamics [51]. As such, dynamic models have become important components 
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of the policy-making toolbox, providing long-term projections of population-level impact 

and cost-effectiveness of interventions [52]. Because these models represent mechanistic 

aspects of disease and transmission, they are also useful in investigating the intrinsic 

dynamics of disease transmission and the impact of uncertainty in the data that inform the 

model. These models can be used to project impact in a variety of epidemiologic and 

resource settings, under alternative implementation scenarios. They are therefore 

particularly valuable in informing decisions when empirical data are scarce or cannot 

feasibly be obtained, as they can identify key drivers of outcomes and areas of 

uncertainty, and thus guide and prioritize the collection of empirical data [45, 53, 54]. 

 

Study objectives 

Despite the challenges faced by the DOTS strategy, treatment remains a key component 

of the TB control armamentarium. This work aims to use dynamic mechanistic 

(“mathematical”) models to project the potential population-level impact of treatment 

interventions on TB epidemiologic trends. Specifically, we examine the potential impact 

of shortened treatment duration, choice of drugs in sequential regimens, and scale-up of 

treatment access and programmatic improvements. Chapter II re-examines previous 

model projections [55] of the impact of shortened first-line treatment on future TB 

incidence; we refine these previous models by incorporating data on the outcomes of 

incomplete courses of treatment, demonstrating that previous modeling analyses 

overestimated the projected epidemiologic impact. In Chapter III, we examine the effect 

of re-using PZA in sequential treatment regimens on the emergence of extensive drug 

resistance. Chapter IV projects the potential impact of treatment scale-up for MDR TB in 
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Southeast Asia, in combination with improvements in linkage to care and treatment 

completion, to identify intervention combinations that maximize epidemiologic impact. 

Finally, Chapter IV summarizes the study findings in the context of ongoing research, the 

limitations and strengths of the work, and public health implications.  

 

Put together, these studies aim to inform forthcoming decisions by providing insight into 

the value of treatment approaches and interventions as a means of curbing the global TB 

epidemic. 
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“Health care is vital to all of us some of the time but public health is vital to all of us all 
of the time.” 

~C. Everett Koop 
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ABSTRACT 

Despite current control efforts, global tuberculosis (TB) incidence is decreasing slowly. 

New regimens that can shorten treatment hold promise for improving treatment 

completion and success, but their impact on population-level transmission remains 

unclear. Earlier models projected that a four-month regimen could reduce TB incidence 

by 10% but assumed that an entire course of therapy must be completed to derive any 

benefit. 

 

We constructed a dynamic transmission model of TB disease calibrated to global 

estimates of incidence, prevalence, mortality, and treatment success. To account for the 

efficacy of partial treatment, we used data from clinical trials of early short-course 

regimens to estimate relapse rates among TB patients who completed one-third, one-half, 

two-thirds, and all of their first-line treatment regimens. We projected population-level 

incidence and mortality over 10 years, comparing standard six-month therapy to 

hypothetical shorter-course regimens with equivalent treatment success but fewer 

defaults. 

 

The impact of hypothetical four-month regimens on TB incidence after 10 years was 

smaller than estimated in previous modeling analyses (1.9% [95% uncertainty range 0.6-

3.1%] vs. 10%). Impact on TB mortality was larger (3.5% at 10 years) but still modest. 

Transmission impact was most sensitive to the proportion of patients completing therapy: 

four-month therapy led to greater incidence reductions in settings where 25% of patients 

leave care (“default”) over six months. Our findings remained robust under one-way 
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variation of model parameters. These findings suggest that novel regimens that shorten 

treatment duration may have only a modest effect on TB transmission except in settings 

of very low treatment completion.  
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INTRODUCTION 

Tuberculosis (TB) is the second leading cause of death from a single infectious agent: it 

is estimated that one-third of the world population is infected with TB, with 8.7 million 

developing active disease and 1.4 million dying each year [1]. In the last 25 years, over 

20 new drugs to treat human immunodeficiency virus (HIV) infection have been 

developed; in contrast, the primary first-line treatment for TB—requiring six months of 

therapy with moderately toxic agents—has remained unchanged [2-5]. Globally, 

approximately 7% of TB patients who receive first-line therapy do not complete this six-

month course [1], but in some settings this percentage is as high as 30-50% [6]. 

Incomplete treatment results in higher risk of relapse, continued disease transmission, and 

emergence of drug resistance [6]. If the goal of global elimination of TB by 2050 is to be 

attained, it is widely recognized that new drugs capable of curing TB more rapidly will be 

necessary [1, 7].  

 

For the first time in decades, novel treatment regimens hold the realistic promise of 

shortening the standard six-month first-line TB treatment course [8-10]. If their efficacy 

is confirmed in ongoing trials, these novel regimens could reduce healthcare costs [11] 

and improve both patient satisfaction and treatment outcomes [12, 13]. However, a key 

consideration for public health programs is the potential of novel TB regimens to impact 

population-level epidemiological outcomes, specifically future incidence and mortality. 

The expectation that shorter treatment will help control transmission has been a key 

driver of ongoing efforts by global organizations to develop new drugs and regimens for 

TB [14, 15]. 
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Mathematical (transmission) models are important tools for estimating the potential 

impact of new technologies and informing policy [16]. Prior models have projected long-

term TB incidence reductions of 10-40% from the introduction of shorter-course TB 

regimens [17, 18]. However, these models have generally assumed that TB therapy is 

ineffective unless a full course is completed.  In reality, patients who receive no treatment 

can experience spontaneous resolution [19], and follow-up from early randomized trials 

demonstrates that partial courses of treatment (two to four months) can achieve durable 

cure in a considerable proportion of patients [20-22]. Using data from these trials, we 

constructed a mathematical model of TB treatment (Figure 2.1) to more realistically 

assess the impact of novel, shorter-course first-line treatment regimens (four months, two 

months, and two weeks) on population-level transmission and compare our results to 

previous estimates. 

 

METHODS 

Model Structure 

We used ordinary differential equations to construct a deterministic compartmental model 

of TB transmission (Figure 2.1). This model resembles previous TB models [23, 24] in its 

basic design but adds additional structure to reflect the process of TB treatment. 

 

Specifically, we model TB treatment as consisting of four sequential phases: weeks 1-2, 

weeks 3-8, months 3-4, and months 5-6.  Individuals with active TB must be successfully 

diagnosed before they can initiate the first phase of treatment. Upon starting treatment, 
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the bacillary burden decreases rapidly, and individuals on treatment are assumed to be 

non-infectious after the first two weeks [25, 26]. In each treatment phase, individuals may 

either die, leave care (“default”), or progress to the next phase (Table 2.1). Patients who 

default either return to the active (infectious) state or advance to the “cured/recovered” 

state; the probability of cure increases with increasing duration of therapy, as informed by 

data from clinical trials of two-month and four-month treatment regimens [20-22]. We 

took the conservative stance that all individuals who relapse within the longest follow-up 

period from any available trial (60 months) receive no benefit from treatment and thus 

return immediately to the active TB compartment; all other individuals are assumed to be 

cured. Thus, for example, the proportion cured among individuals taking more than four, 

but less than six, months of standard therapy was set equal to the proportion of 

individuals who completed a four-month regimen of streptomycin, isoniazid, rifampin, 

and pyrazinamide and had no long-term relapse. These individuals—like all others who 

are latently infected or cured (therapeutically or spontaneously) —remain susceptible to 

reinfection. 

 

Treatment scenarios 

Our primary outcomes were TB incidence and mortality at 10 years, comparing 

continued use of the current six-month regimen to the introduction of novel, shorter 

regimens (four months, two months and two weeks), assuming that these shorter 

regimens will have the same efficacy as the current regimen. We defined treatment 

efficacy as the proportion of people completing the full course of TB therapy who are 

cured without long-term relapse. Since efficacy is assumed to be similar for all regimens, 
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shorter regimens are modeled as superior to standard therapy in three ways. First, the 

proportion of treatment completion is higher; for example, any individual who defaults 

during months 5-6 of a six-month regimen would have completed therapy on a four-

month regimen. Second, completion of any treatment phase represents completion of a 

greater proportion of total treatment in shorter-course regimens, and we model the 

probability of cure as a function of the proportion of total treatment course completed 

(beyond the first two weeks). Thus, for example, taking two months of treatment equates 

to 33% completion of the six-month regimen but 50% completion of a four-month 

regimen. Probabilities of cure at each phase of treatment are shown in Figure 2.2. Third, 

in addition to improving cure rates among those completing therapy, we assume that 

shorter regimens avert TB-related mortality that otherwise occurs during stages of 

treatment after the shorter regimen is completed, although this effect may not be large 

enough to result in statistically superior outcomes in a clinical trial.  

 

Model assumptions, calibration and data inputs 

The model was designed to be simple and transparent, in order to increase the 

interpretability of results and comparability with previous models of shortened treatment 

duration. We modeled a hypothetical, non-age-structured population with a life 

expectancy of 70 years, assuming no net migration or population growth.  We excluded 

non-pulmonary TB, as such cases are unlikely to be infectious and constitute only 14% of 

notified cases worldwide [1].  Although poor treatment adherence may lead to primary 

drug resistance, our focus was on first-line regimens, so we did not separately model the 

transmission of drug-resistant TB.  There is no evidence that novel treatment regimens 
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would have differential indications or impact according to HIV status; we therefore 

modeled our population to reflect the weighted average of WHO-reported outcomes 

(including both HIV-associated and non-HIV-associated TB).  As our focus was on 

treatment rather than diagnosis, we assumed the “active TB” compartment to be a 

weighted average of smear-positive and smear-negative pulmonary TB, thus avoiding the 

requirement to explicitly parameterize smear status. These simplifying procedures 

allowed us to generate a model with a minimum of parameters and assumptions, ensuring 

that model behavior was driven by the parameters of greatest interest and limiting the 

potential for results to be driven by extraneous factors. 

 

We first set the rate at which individuals with active TB are diagnosed and initiate 

treatment (“TB treatment rate”)  such that the duration of active TB matched the WHO-

estimated duration of disease (prevalence/incidence), using the most recent data available 

at the time of the analysis (2012); at steady-state, this rate corresponded to 67% of active 

TB cases initiating treatment before death or spontaneous resolution, similar to WHO 

global estimates [1]. Using a modified downhill simplex approach, we then estimated a 

transmission parameter (number of secondary infections per infectious person-year) that 

resulted in the 2012 WHO-estimated global TB incidence at steady-state to within ±0.1. 

We used the steady-state model as our initial population, both for mathematical rigor and 

to improve the ability for others to replicate and generalize our results.   

 

Other model parameters were taken as fixed, based on best available literature; 

parameters relating to TB mortality and treatment failure, default and success were based 
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on WHO data (Table 2.2) [1]. Additional details on input derivation are provided in 

Appendix Table A.2. Primary model outcomes are obtained using the reference values in 

Tables 2.1 and 2.2 as inputs 

 

Sensitivity and uncertainty analyses 

We performed wide sensitivity analyses on model data parameters to assess the 

robustness of our findings and their generalizability to alternative epidemiological 

settings. We selected upper and lower bounds for each parameter based on literature 

estimates (Tables 2.1, 2.2). For parameters that strongly influenced TB incidence 

(transmission rate, proportion of infections resulting in “primary progressive” TB, 

protection from reinfection in the latent TB state), we evaluated scenarios corresponding 

to 50-200% change from the baseline incidence. We therefore evaluated settings of 

“moderate” (62 per 100,000/year), “global reference” (125 per 100,000/year), “very 

high” (250 per 100,000/year), and “extreme” (1,000 per 100,000/year) incidence [1], by 

varying the transmission rate, primary progression, and latent protection parameters 

individually. The modeled impact of shorter regimens on incidence remained similar 

regardless of which of these three parameters was varied. For simplicity, therefore, we 

present only results from varying the proportion of primary progression. Similarly, we 

evaluated the proportion of treatment default, which varies widely across settings, by 

constructing alternative scenarios of “low” (3%), “global reference” (7%), “high” 

(12.5%), and “very high” (25%) default. We assessed all possible combinations of 

incidence/default scenarios in a two-way sensitivity analysis.  
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In order to further assess the range of results that might be expected across a wide range 

of epidemic settings (in which parameter values would be expected to vary 

simultaneously), we performed a probabilistic uncertainty analysis using Latin 

Hypercube Sampling to generate at least 1,000 probabilistic combinations of values for 

all model parameters simultaneously [27]. Values for each parameter were sampled from 

beta distributions with the baseline value as the mode, upper and lower bounds of ±50% 

baseline, and shape parameter (alpha) of 4. We excluded simulations resulting in 

unrealistic scenarios for a globally representative epidemic (i.e., greater than ±50% 

variation in baseline incidence [62 – 188 per 100,000]) and verified that this did not result 

in a biased selection of individual parameters (Appendix Figure A.3). Uncertainty ranges 

for model outcomes were calculated using the 2.5th and 97.5th percentiles of 1,000 

simulations after restricting results in this fashion.  

 

We also assessed the ability of our model to replicate the results of previous models of 

shorter TB treatment that did not consider the efficacy of partial treatment. We modified 

our model’s transition parameters such that default always resulted in treatment failure 

(and return to the infectious active TB state), and we set the probability of treatment 

success upon completion of shorter regimens using data inputs from one such model (six-

month regimen: 84%; four-month regimen: 89%; two-month regimen: 96%) [17]. 

Finally, we assessed the effect of changes in structural assumptions (details in Appendix 

A). All simulations were performed using R, version 3.0.1 (R Foundation for Statistical 

Computing). 
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RESULTS 

Epidemiologic impact of shorter treatment regimens 

Primary model outcomes are shown in Figure 2.3. Starting from a steady-state “global 

reference” rate of 125 new cases per 100,000 population, introducing a four-month 

treatment regimen reduced incidence by only 1.9% [95% uncertainty range 0.6-3.1%] 

over 10 years; the shorter two-month and two-week regimens reduced incidence by 4.3% 

[1.8-7.0%] and 6.7% [3.0-10.2%], respectively. For all treatment durations, the rate of 

incidence reduction peaked in years 2-3, suggesting that the greatest impact of shorter TB 

regimens on transmission would occur within the first few years of implementation. The 

impact on TB mortality was greater but still modest. The four-month, two-month, and 

two-week regimens reduced mortality by 3.5%, 7.5%, and 13.1% at 10 years, 

respectively (Figure 2.3).  

 

Scenario analyses 

We assessed the robustness of our findings to a variety of epidemic settings, reflecting 

the wide variations in disease transmission and treatment infrastructure across countries. 

Shortening the average duration of infectiousness before diagnosis from 16 to 2 months 

while maintaining the baseline incidence attenuated the impact of the four-month 

regimen (1.0% incidence reduction at 10 years). The impact of novel regimens on TB 

incidence was greater (2.4% 10-year reduction) in a very high-incidence scenario (250 

per 100,000/year, similar to Ethiopia [1]) and attenuated (1.0% 10-year reduction) in a 

moderate-incidence scenario (62 per 100,000/year, similar to China [1]), reflecting the 

relative proportion of incident TB due to recent transmission in such settings. Effects on 
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TB mortality were similar in both scenarios (3.2% [moderate incidence] – 3.7% [very 

high incidence] 10-year reduction). Finally, in the setting of low treatment default (3%), 

the four-month regimen decreased incidence by only 0.7% at 10 years, whereas in 

settings of high (12.5%) and very high (25%) default, incidence fell by 3.4% and 7.1%, 

respectively. To compare our findings with those of previous models, we constructed a 

scenario in which partial treatment was assumed to have no efficacy, with additional 

parameter changes as described in the Methods. This resulted in incidence reductions of 

10.3% at 10 years and 10.5% at 35 years with a four-month regimen.  

 

Sensitivity analyses 

In one-way sensitivity analyses, no scenario resulted in an incidence decrease of more 

than 2.7% at 10 years with four-month therapy (Figure 2.4, panel A). Other than the 

protection afforded by latent infection, the two most influential parameters were the 

baseline TB incidence and the treatment default proportion. We therefore conducted a 

two-way sensitivity analysis on these parameters; the most extreme combination 

(incidence 1,000 per 100,000; 25% default) led to 8.3% incidence reduction at 10 years 

with four-month therapy (Figure 2.4, panel B).  In a moderate-incidence setting (100 per 

100,000/year) with a well-functioning TB control program (3% default at six months), 

the four-month regimen was projected to reduce incidence by 0.6% [95% uncertainty 

range 0.1-1.1%] at 10 years, whereas in a very high-incidence scenario (300 per 

100,000/year) with poor follow-up (20% default) incidence decreased by 7.2% [3.0-

11.6%]. Even in the high-burden scenario, the uncertainty analysis yielded incidence 

reductions of ≥10% in only 8.5% of simulations.  
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DISCUSSION 

This mathematical model of TB treatment and transmission suggests that novel treatment 

regimens are unlikely to have the dramatic impact on global TB incidence projected by 

earlier models; specifically, we found that immediate implementation of a four-month 

treatment regimen could reduce TB incidence by 1.9% and mortality by 3.5% over 10 

years compared to a six-month regimen of equal efficacy, suggesting that previous 

analyses significantly overestimated the impact of shortened treatment duration. The 

impact of novel shorter-course TB regimens is likely to be greater in high-incidence, 

high-default settings, but in most settings these regimens should be recommended on the 

basis of their clinical effectiveness and potential cost-effectiveness rather than a large 

projected impact on population-level incidence and transmission.  

 

As with all modeling analyses, we made assumptions about structure (e.g., uninfected, 

latent, active TB compartments), parameter values, and transmission dynamics (e.g., 

homogeneous mixing). However, we selected a model that would minimize extraneous 

assumptions, in order to clearly demonstrate relationships between input parameters and 

outputs. We also varied data parameters and structural assumptions to explore a wide 

range of natural history, treatment, and epidemiological scenarios, with no significant 

change in our findings. Our results suggest more modest benefits compared to prior 

analyses that modeled the impact of shorter regimens by increasing the total proportion of 

patients completing treatment while implicitly assuming no effectiveness of partial 

treatment (even up to 5.9 months of a six-month treatment course completed). When we 

likewise assumed that partial treatment had zero efficacy, we were able to replicate the 
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findings of an earlier model [17] with our simpler, more transparent framework (10.5% 

[current model] vs. 10% [prior model] incidence reduction at 35 years with a four-month 

regimen). This suggests that the difference in projected epidemiological impact between 

previous analyses and the present model is attributable not to differences in the structure 

or parameter values of the two models, but rather to our incorporation of partial treatment 

efficacy [17]. 

 

In our model, even a two-week regimen resulted in an incidence reduction of only 6.7% 

at 10 years. However, if TB treatment could be made so short and non-toxic (similar to 

many typical antibiotic regimens) that clinicians were willing to prescribe it empirically, 

without waiting for diagnostic confirmation, such regimens might reduce transmission by 

removing delays and barriers to treatment after diagnosis; these ancillary benefits of 

shorter-course therapy are not incorporated in our model and may lead to underestimation 

of the true impact of new regimens.  This underestimation is likely to be greater for ultra-

short-course regimens (e.g., two weeks) than for regimens (e.g., four months) that may 

not be perceived as qualitatively shorter than current treatment. Because our estimates of 

partial treatment efficacy relied on clinical trials of regimens that are similar to the 

currently recommended first-line regimen, they may not reflect the efficacy of future 

regimens that will likely include new classes of drugs. Still, our findings remained robust 

to wide variations around the partial efficacy parameters in sensitivity analyses. It is 

important to note that novel treatment regimens are expected to provide benefits in terms 

of patient satisfaction, cost-effectiveness, and increased barrier to drug resistance, and 

should thus remain a high research priority. However, the primary justification for 
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deploying these regimens should be that they are beneficial to patients and health 

systems, not the expectation of significant impact on transmission.  

 

Limitations of this analysis include the simplicity of the model; the model was based on 

global TB epidemic data and therefore may not generalize to unique epidemiological 

settings (e.g., prisons and other areas of high drug resistance) or settings of lower TB 

incidence. We intentionally chose a simple approach in order to generate a transparent 

modeling framework that could demonstrate the transmission impact of novel regimens 

in a population that is generalizable, through sensitivity analysis, to a number of potential 

epidemiologic settings. Nevertheless, our results are not precisely calibrated to any single 

population, and our sensitivity analyses suggest that the effect of shorter treatment 

duration on population-level incidence may vary considerably depending on the epidemic 

setting, with the most important drivers of impact being TB incidence and treatment 

default proportion. Although our results remained robust in a wide range of sensitivity 

analyses, our estimation of global average reductions in incidence may not reflect the 

likely greater impact of shorter regimens in settings of very high incidence and very high 

treatment default, nor do they take into account co-dynamics with HIV. It will therefore 

be important to conduct further analyses with models that are closely calibrated to unique 

epidemic and health system resource settings, particularly those (e.g., Southern Africa) 

with the highest rates of both TB incidence and HIV/TB co-infection. 

 

In summary, we have used a simple, generalizable modeling framework, populated by 

data from randomized trials, to demonstrate that novel shorter-course TB treatment 
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regimens are unlikely to reduce incidence by more than 3% (upper bound of uncertainty 

range for a four-month regimen) to 7% (two-month regimen) over 10 years in most 

epidemiological settings.  The projection of greater impact by previous models appears to 

reflect the assumption that TB therapy confers no benefit until the entire course is 

complete. Future studies should assess the benefits of novel regimens in specific settings 

with high TB incidence, treatment default, and TB-HIV co-infection, as these settings are 

where novel first-line regimens may have the most impact. While awaiting the results of 

such studies, novel TB regimens should be prioritized based on their ability to improve 

individual clinical outcomes and provide potential benefits to an overburdened healthcare 

system, not the expectation that they will dramatically reduce TB incidence and mortality 

at the population level. 
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Table 2.1: Model inputs for TB treatment outcomes, by treatment phase 

Outcome  Treatment phase Reference(s) 

 Week 0-2 Week 3-8 Month 3-4 Month 5-6 Total  

Duration 2 weeks 6 weeks 2 months 2 months 2 weeks-6 

months 

 

Percentage defaulting 

(sensitivity analysis range) 

 

0.2% (0-1.0%) 1.9% (0-4.1%) 2.7% (0-5.7%) 2.2% (0-4.8%) 7.0% (2-15%) [1, 6] 

Percentage dying 

(sensitivity analysis range) 

 

1.1% (0.5-2.1%) 1.3% (0.6-2.5%) 0.8% (0.4-1.7%) 0.8% (0.4-1.7%) 4.0% [1, 28-30] 

Percentage completing 

treatment period 

 

98.7% 96.8% 96.5% 96.9% -  

Cumulative percentage 

remaining in therapy 

98.7% 95.0% 92.1% 89.0% 89.0%  
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Table 2.2: Selected key input parameters for estimating transmission impact of shorter TB regimens* 

Parameter Reference 
value 

Sensitivity 
analysis range 

Reference(s) 

Baseline annual incidence (per 100,000 population) 125 62-250 [1] 

     Transmissions per person-year† 8.5 6.8-20 [31] 

     % infections progressing immediately to active TB† 15% 5.0-21.0% [23] 

Protection from reinfection w/ prior infection 60% 30-100% [32-34] 

Relative infectiousness during treatment phase 1 (first 
2 weeks) compared to active TB  

50% 0-100% Assumed 

Annual risk of reactivation from latent to active TB 0.05% 0.03-0.10% [35, 36] 

Annual risk of relapse after completed treatment  0.10% 0.05-0.20% [37] 

Probability of failure among those who complete 
treatment 

2% 1-4% [1] 

Life expectancy, years 70 40-100 
 

[38] 

Active TB mortality, per year 20% 10-40% [19] 

Self-cure without treatment, per year  20% 10-40% [19] 

Case detection ratio 67% 62-70% [1] 

* Additional model parameters are listed in Table 2.1. 
† The transmission rate was initially calibrated to TB incidence. In sensitivity analyses, incidence was varied by varying one of these 
two parameters (both gave similar results); the two parameters were then also varied over the ranges listed, with the other parameter 
varied to maintain constant incidence. 
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Figure 2.1: Model compartments and transition rates  

 

Boxes represent the proportions of the modeled population that are susceptible to 

infection, latently infected with M. tuberculosis, in active TB disease, under treatment, or 

cured. Arrows represent the transitions between various states, including up to four 

sequential phases of treatment. Rates of transition are described in the Methods section 

and Appendix A. 
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Figure 2.2: Proportion cured after default, by treatment phase and regimen 

duration  

 

 

 

The proportion cured after default in a six-month treatment regimen was based on 

outcomes of early TB treatment clinical trials. For each hypothetical shortened treatment 

regimen, the proportion cured after default is increased according to the proportion of the 

total treatment duration completed. Detailed examples of calculations are provided in 

Appendix A. 
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Figure 2.3: Reduction in TB incidence and mortality achievable from shorter-course 

regimens over time  

 

 

 

Assuming TB incidence of 125 per 100,000/year, and 7% overall treatment default, the 

implementation of a four-month regimen vs. a six-month regimen results in a 1.9% 

reduction in incidence at 10 years (vertical line marks year 10 after introduction of a new 

regimen). Hypothetical two-month and two-week regimens decrease incidence by 4.3% 

and 6.7% respectively. 
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Figure 2.4: Sensitivity analyses  

 

One-way and two-way sensitivity analyses of the difference in incidence at year 10 after 

introduction of a four-month regimen versus continuation of a six-month regimen of 

equal efficacy. (A) One-way sensitivity analyses. Input parameters were varied one at a 

time within ranges consistent with estimates in the literature (Table 2.2). In this figure, 

we varied incidence by varying the transmission rate, but no major differences were 

observed when we instead varied the proportion of rapid progression to active disease. 

The parameters that most significantly influenced the impact of a four-month vs. six-

month treatment regimen were the degree of protection afforded by latent infection, 
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incidence of TB disease, and the proportion of treated patients who default at baseline. 

(B) Two-way sensitivity analysis. The two most influential parameters likely to vary 

widely across epidemiological settings (TB disease incidence and proportion of treated 

patients defaulting at baseline) were varied simultaneously in a stepwise manner, within a 

range consistent with estimates in the literature and various epidemiologic settings (Table 

2.2). Colors correspond to the range of projected incidence reduction for each 

combination of baseline incidence and treatment default and selected countries with 

representative estimates are shown. The highest estimates for both treatment default 

(25%) and baseline incidence (1,000 per 100,000/year) resulted in no more than 8.3% 

incidence reduction with a four-month vs. six-month regimen at 10 years.  
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CHAPTER III 
 

 

 

 

“Most of us aren’t going to win any big victories, but we can win little ones every day, 
and they mount up.” 

      ~George Comstock 
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ABSTRACT 

Several infectious diseases of global importance—e.g., HIV, tuberculosis (TB)—require 

prolonged treatment with combination antimicrobial regimens, typically involving high-

potency “core” agents coupled with additional “companion” drugs that protect against de 

novo emergence of mutations conferring resistance to the core agents. Often, the most 

effective (or least toxic) companion agents are re-used in sequential (first-line, second-

line, etc…) regimens.  

 

We used a multi-strain model of M. tuberculosis transmission in Southeast Asia to 

investigate how this practice might facilitate the emergence of extensive drug resistance, 

i.e., resistance to multiple core agents. We calibrated this model to regional TB and drug 

resistance data using an Approximate Bayesian Computational approach. We reported the 

proportion of data-consistent simulations in which the prevalence of pre-extensively drug 

resistant (pre-XDR) TB—defined as resistance to both first-line and second-line core 

agents (rifampin and fluoroquinolones)—exceeded pre-defined acceptability thresholds 

(1-2 cases per 100,000 population by 2035).   

 

Using pyrazinamide (the most effective companion agent) in both first-line and second-

line regimens increased the proportion of simulations exceeding the pre-XDR 

acceptability threshold seven-fold, compared to a scenario in which patients with 

pyrazinamide-resistant TB received an alternative drug. Model parameters related to 

emergence and transmission of pyrazinamide-resistant TB and resistance amplification 

were among those most strongly correlated with projected pre-XDR prevalence, 
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indicating that pyrazinamide resistance acquired during first-line treatment subsequently 

promotes amplification to pre-XDR TB under pyrazinamide-containing second-line 

treatment. These findings suggest that appropriate use of companion drugs may be 

critical to preventing the emergence of strains resistant to multiple core agents.  
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INTRODUCTION 

Antimicrobial resistance has recently been labeled “a problem so serious that it threatens 

the achievements of modern medicine”[1]. Concerns regarding the emergence of drug 

resistance in the early antimicrobial era, along with the prospect of improving clinical 

outcomes, led to a shift from monotherapy to combination treatment for many pathogens 

of global importance, including HIV, tuberculosis (TB), and malaria, but the success of 

combination antimicrobial therapy is increasingly threatened by the rise of multidrug 

resistance [2-5]. Combination regimens often rely on the use of highly effective “core” 

drugs that have low toxicity, high microbicidal activity, and/or a high barrier to 

resistance, supplemented by companion drugs that are typically less active on their own 

but act to enhance the overall effectiveness of the regimen while also potentially 

preventing the emergence of resistance to core drugs. For example, in HIV combination 

therapy, nucleoside inhibitors often serve as companion agents to prevent resistance to 

the core drug classes of protease inhibitors, non-nucleoside reverse transcriptase 

inhibitors, and integrase inhibitors [6]. These companion drugs are frequently re-used in 

sequential treatment regimens when alternative companion agents are less effective or 

more toxic. For instance, due in part to its unique sterilizing activity against M. 

tuberculosis (M. tb) bacilli, pyrazinamide (PZA) is used to augment the effectiveness of 

several core agents, including rifampin (RIF) in standard first-line TB treatment, and 

fluoroquinolones (FQs) in most second-line regimens [7]. 

 

In evaluating the emergence of extensive drug resistance, research and surveillance 

efforts have historically focused on the role of core agents. However, the “recycling” of 
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companion drugs in sequential treatment regimens may play a critical and under-

recognized role in the emergence of resistance to the core agents. This is the case for 

PZA, which is a recommended agent in standardized first- and second-line TB treatment 

regimens [8]. If concomitant use of PZA prevents the emergence of resistance to RIF and 

FQs (an unproven hypothesis, but one that is consistent with principles of combination 

drug therapy), PZA resistance may therefore be an important facilitator of the emergence 

of strains that are resistant to both RIF and FQs—which we define conventionally as pre-

extensively drug resistant (pre-XDR) TB. To illustrate this concept, we constructed a 

dynamic model of M. tuberculosis transmission that incorporates resistance to RIF, PZA, 

and FQs (Figure 3.1).  We use this model to generate a large set of simulations consistent 

with available epidemiological data up to 2013 (Figure 3.2). We then evaluate projected 

levels of pre-XDR TB in 2035 assuming that concomitant use of PZA protects against de 

novo resistance to both RIF and FQs. We compare a baseline scenario in which PZA is 

“recycled” in first- and second-line regimens to a counterfactual scenario in which PZA 

is replaced by a hypothetical alternative drug of equal efficacy, to demonstrate how 

repeated use of companion drugs can facilitate the emergence of extensively resistant 

strains.   

 

METHODS 

Approach 

Our aim was to understand the population-level dynamics of the emergence of multiple 

antimicrobial resistance in an infectious pathogen treated with combination therapy but 

for which empirical data on the effects of different resistance patterns are sparse. To 

achieve this aim, we used mechanistic simulation of TB transmission and drug resistance 
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to project a range of plausible epidemiologic trajectories, randomly sampling parameter 

values to reflect inherent uncertainty in key variables related to TB drug resistance 

(Figure 3.1). First, we identified an outcome that could serve as a useful metric for 

decision-making; in our primary analysis, we use the proportion of data-consistent 

trajectories in which the prevalence of pre-XDR TB exceeds an acceptability threshold of 

1 case per 100,000 population at 20 years. We then selected epidemiological data to 

which we could calibrate the model. These calibration targets, shown in Appendix Table 

B.4, included the prevalence and incidence of TB disease from 1990 to 2013 in Southeast 

Asia [9, 10]—selected as a target setting because of its high rates of TB and highly drug-

resistant TB—as well as the prevalence of resistance against specific drugs for which 

empirical data were available. Further details of model initialization and calibration are 

provided in Appendix B [11-15]. For each epidemiologic calibration target, we set a 

tolerance range based on the degree of uncertainty around available data estimates 

(Appendix Table B.4). We then constructed a representative set of scenarios that might 

be consistent with existing data by randomly sampling parameter sets using an 

approximate Bayesian process, retaining those sets that resulted in simulated outcomes 

within our tolerance ranges. We used these data-consistent parameter sets to project 

epidemiologic trajectories over the ensuing 20 years. These selected parameter sets are 

therefore not meant to represent the entirety of all possible scenarios, nor to indicate 

which scenarios are more likely than others; rather, they are meant as a representative 

sample that can be useful to inform decision-making.  This approach is illustrated step by 

step in Figure 3.2. 
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Mechanistic model structure 

The core structure of our model is similar to previous compartmental models of adult 

pulmonary tuberculosis, assuming static population size, random mixing, and sequential 

progression through the stages of TB infection [16-18]. As shown in Figure 3.1, people 

are born in the uninfected state and can progress to latent TB infection (an asymptomatic, 

non-infectious state) and active pulmonary TB disease (symptomatic and infectious). 

Each compartment of TB infection or disease is sub-divided to explicitly track eight (i.e., 

23) possible combinations of resistance to the three drugs considered. For any individual 

being treated for active TB, we assume that the treatment course will be “effective”, 

“insufficient”, or “ineffective” (defined below), with the probability of each outcome 

being conditional on both the pathogen’s resistance profile and the drug regimen being 

used (Table 3.2). 

 

We assume that “effective” treatment is curative treatment that rapidly renders 

individuals non-infectious, reflecting the steep decrease in bacillary burden upon 

treatment initiation [19, 20]. We include the possibility that some incomplete treatment 

courses may nonetheless be “effective,” reflecting the range of possible interactions 

between antimicrobial agents and host immune responses. Those patients who do not 

complete a full course of treatment and are not cured (i.e., “insufficient” treatment) are 

assumed to remain ill and infectious. Treatment that results in early relapse is also 

represented in the model as insufficient. 
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In contrast to “insufficient” treatment (representing a treatment course that has curative 

potential but is simply not taken for a sufficient duration of time), “ineffective” treatment 

in this model represents a regimen that does not provide additional curative potential 

beyond the host’s natural immune response. People on ineffective regimens remain 

infectious in this model, albeit at a reduced level, reflecting treatment that reduces 

bacillary burden sufficiently to result in negative sputum smears but does not achieve 

sterilization and cure. Explicitly modeling ineffective treatment allows us to account for 

failing treatment regimens, which we assume to last for six months on average, reflecting 

a time point at which treatment effectiveness is commonly assessed [8]. Individuals on 

ineffective regimens are assumed to remain symptomatic and/or test positive on follow-

up evaluation (e.g., TB smear or culture), triggering the initiation of a repeat course of 

treatment. Repeat treatment may in turn be effective (leading to immediate transition to 

the latent compartment), insufficient (transition to the active TB compartment) or 

ineffective (maintenance in the ineffective treatment state), depending on the regimen 

chosen and the resistance profile of the pathogen.  

 

The model distinguishes patients undergoing their first course of TB treatment from those 

who have previously been treated, incorporating the greater prevalence of drug resistance 

among treatment-experienced patients. In the baseline scenario, we assume that 5% and 

26% of treatment-naïve and treatment-experienced patients with RIF-resistant TB have 

access to a standardized second-line treatment regimen, reflecting a combination of 

access to drug susceptibility diagnostics and presumptive treatment as estimated in this 

region [9]. 
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Incorporation of data 

Selected model inputs are shown in Tables 3.1 and 3.2 (see Appendix Table B.3 for more 

details). Parameters relating to diagnosis and treatment outcomes are based on WHO data 

and published literature. These data were incorporated in the model using logical 

assumptions; for instance, with the same regimen, the probability of cure for a patient 

with TB resistant to two drugs in the regimen cannot be greater than the probability of 

cure for a patient with TB resistant to just one drug [9, 21-25]. We incorporate 

uncertainty around these baseline outcome probabilities by varying the probability of 

treatment failure from zero to twice the baseline value, for each of the eight strains. 

 

Some key parameters that lack reliable empirical estimates include: (1) the reduction in 

transmissibility (transmission fitness) associated with each pattern of drug resistance, (2) 

the probability of acquiring new antimicrobial resistance during treatment, and (3) the 

effect of each resistance pattern on treatment outcomes, for each combination of pre-

existing drug resistance profile and treatment regimen. For these parameters, we selected 

values for each simulation from broad and uniform prior distributions, reflecting the 

inherent uncertainty in the value of these parameters and allowing sufficient coverage of 

extreme values. Distributions for the probability of acquiring resistance on each regimen 

were informed by a published meta-analysis [26], allowing for the acquisition of 

resistance to more than one drug under the assumption of sequential acquisition, with pre-

existing drug resistance favoring the emergence of further resistance by reducing the 

number of active drugs.  
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Baseline and comparison scenarios 

Using these distributions, we randomly sampled 100,000 distinct parameter sets to 

project trajectories and calibrate the mechanistic model as described above. We initiated 

simulations from a steady-state condition in the pre-chemotherapy era, sequentially 

introducing resistance to RIF, PZA, and FQ. All parameters were varied as described 

above in the baseline scenario. We also attempted to calibrate the model under the 

assumption that PZA confers no protection against de novo resistance to RIF or FQs—

and thus that PZA resistance imposes no additional risk of such mutations—by setting the 

probability of acquiring resistance to RIF or FQs among individuals with PZA-resistant 

TB equal to that of patients with PZA-susceptible TB. We conducted all subsequent 

analyses assuming a protective effect of PZA, and  compared the baseline scenario to an 

alternative scenario in which all patients with PZA-resistant TB receive a hypothetical 

drug of equal efficacy (with regard to its impact on the probability of cure and relapse).  

 

Sensitivity and uncertainty analyses 

For each parameter set considered to be consistent with current epidemiologic data, we 

compared the proportion of trajectories with levels of pre-XDR TB that exceeded the 20-

year prevalence acceptability threshold between the baseline scenario and the alternative 

scenario, in which PZA is replaced by another drug. We then used multivariable logistic 

regression of standardized input parameter values on the expected probability of 

exceeding the threshold in order to identify parameters (“drivers”) that are most strongly 

correlated with this outcome, varying the acceptability threshold and also considering 

partial rank correlation between inputs and pre-XDR prevalence in sensitivity analyses. 
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We conducted additional analyses in which we blocked specific pathways of resistance 

amplification by setting the corresponding probabilities to zero, reflecting a hypothetical 

situation in which RIF and/or FQs are replaced by another drug of equal efficacy for 

patients with PZA-resistant TB. For all scenarios, we express uncertainty by providing 

the proportion of data-consistent simulations that reached certain acceptability thresholds 

(rather than point estimates of pre-XDR TB resistance prevalence), and also the median 

and interquartile ranges of key intermediate outputs (e.g., the proportion of pre-XDR 

strains with concomitant PZA resistance) across all data-consistent simulations. 

 

In order to assess the potential impact of stochastic events in the emergence (and 

potential die-out) of drug resistance, we constructed a stochastic adaptation of the model 

using the Gillespie stochastic simulation algorithm adaptive tau method [27] and 

replicated the analysis using this stochastic framework.  

 

Software 

The simulation model and all analyses were implemented using the software R [28]. All 

the code necessary to replicate the analyses, tables and figures presented here is available 

in an online repository: https://github.com/m-fofana/TB-PZA-model.git. 

 

RESULTS 

We first attempted to calibrate the model under our baseline assumption that PZA 

provides protection against de novo resistance to concomitantly administered RIF and 

FQs, as well as under the alternative assumption that PZA offers no such protection. 

Attempts to calibrate the model without a protective effect yielded 20-fold fewer 

https://github.com/m-fofana/TB-PZA-model.git
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simulations consistent with existing epidemiologic data (47 vs. 1,015 out of 100,000 

sampled parameter sets), suggesting that this assumption is probably less consistent with 

the available data than the assumption that PZA protects against resistance to co-

administered drugs. We therefore conducted all subsequent analyses assuming that PZA 

protects against resistance amplification. 

 

Across the 1,015 simulations consistent with epidemiological data (assuming a protective 

effect of PZA on acquired resistance), the median projected prevalence of pre-XDR TB 

in 2015 was 0.64 per 100,000 (interquartile range [IQR] 0.51-0.79). The proportion of 

RIF-resistant strains in 2035 that harbored additional resistance to PZA was greater in the 

baseline scenario (median 51.7% [IQR 43.7-59.5%]) compared to the alternative scenario 

in which PZA was replaced (median 44.7%, IQR 36.4-51.3%), although overall TB 

incidence was similar in both scenarios (median 205.0 per 100,000 [IQR 188.6-222.5] 

baseline vs. 203.7 [IQR 187.6-221.1] PZA replacement). There was an even more 

pronounced difference in the proportion of pre-XDR strains with additional PZA 

resistance (80.2% [IQR 72.9-85.6%] vs. 65.8% [IQR 57.9-72.2%]) (Figure 3.3, panels A 

and B). Overall, the proportion of simulations in which pre-XDR prevalence exceeded 

pre-defined acceptability thresholds of 1, 1.5, and 2 per 100,000 population in 2035 was 

64.7%, 29.7% and 13.9% respectively in the baseline scenario, versus 23.1%, 8.1%, and 

4.5% in the PZA replacement scenario. This corresponds to relative reductions of 64-73% 

in the proportion of simulations in which the prevalence of pre-XDR TB exceeded each 

acceptability threshold. Similar results are obtained using a stochastic modeling 

framework: the proportion of simulations in which pre-XDR prevalence exceeds the 
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acceptability thresholds by 2035 decreases from 52.1%, 35.7% and 24.9% in the baseline 

scenario, to 25.1%, 13.7% and 8.2% in the PZA replacement scenario (Appendix Figure 

B.8).  

 

We used multivariable sensitivity analysis to investigate those parameters that were most 

closely associated with the emergence of pre-XDR TB to a prevalence of 1 case per 

100,000 population by 2035 (Figure 3.4). Five of the ten most influential parameters 

involved PZA; these included the probability of cure for RIF/PZA-resistant TB, the 

transmission fitness of strains resistant to at least both RIF and PZA, and the probabilities 

of acquiring PZA resistance and subsequently developing additional resistance (Figure 

3.4). Under the PZA replacement scenario, the odds ratios associated with the 

probabilities of acquiring PZA resistance and subsequent resistance amplification were 

most attenuated towards a null effect (i.e., OR=1). Sensitivity analyses varying the 

threshold to 1.5 and 2 pre-XDR cases per 100,000 population yielded similar findings, as 

did alternative analyses using partial rank correlation coefficients (Appendix Figure B.9). 

 

Finally, we evaluated model scenarios in which specific steps in the progression to pre-

XDR TB were inhibited, reflecting the potential effect of tailored therapy for patients 

diagnosed with PZA-resistant TB (Figure 3.5). In these analyses, we found that the 

acquisition of FQ resistance among strains already dually resistant to RIF and PZA was a 

key step in the development of pre-XDR TB. Blocking this single step in resistance 

amplification (i.e., allowing pre-XDR TB to emerge only from strains other than 

RIF/PZA-resistant strains) reduced the proportion of simulations exceeding each pre-
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XDR acceptability threshold by four- to seven-fold, suggesting that dual RIF/PZA 

resistance is an important precursor of pre-XDR TB at the population level. In contrast, 

blocking the emergence of pre-XDR TB from RIF-monoresistant or FQ-monoresistant 

strains—or from FQ/PZA resistant strains—had a minimal effect on the projected pre-

XDR prevalence in 2035. 

 

DISCUSSION 

This novel population-level modeling framework incorporating resistance to three 

distinct antimicrobial drugs suggests that, when companion drugs select against de novo 

resistance mutations in combination regimens, re-using these drugs in both first- and 

second-line treatment may critically facilitate the emergence of strains that are resistant to 

multiple core agents. Specifically, projecting the hypothetical effect of perfect 

susceptibility testing for PZA and replacement of PZA with another drug for patients 

with PZA-resistant TB dramatically reduced the proportion of data-consistent model 

simulations in which the projected prevalence of pre-XDR TB exceeded pre-defined 

acceptability thresholds within 20 years. Simulations in which we assumed that PZA does 

not apply selection pressure against concomitantly administered core agents were far less 

likely to match available epidemiologic data. These findings highlight the urgent 

importance of understanding the potential mechanisms by which PZA (and other 

companion drugs) enhances combination antimicrobial regimens, and of expanding drug 

susceptibility testing and surveillance for resistance to these agents, rather than focusing 

such efforts on core drugs alone.  
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Available evidence from both laboratory and clinical studies supports the sequential 

acquisition of resistance in TB [29, 30]. Our results suggest a similar pattern at the 

population level, and that re-using companion drugs could promote sequential 

progression to pre-XDR TB during first- and second-line treatment. Specifically, we 

found that the prevalence of PZA resistance was greatly increased among RIF-resistant 

strains, and even more so among pre-XDR strains, when PZA was re-used in both first- 

and second-line TB treatment. Moreover, strains resistant to both RIF and PZA featured 

as major precursors of pre-XDR TB. These results suggest that initial acquisition of RIF 

or PZA resistance may allow for the emergence of resistance to the other agent during 

first-line treatment, resulting in a large number of RIF/PZA-resistant strains. These 

strains are then more likely to develop FQ resistance during second-line therapy that 

includes both PZA and FQs.   

 

These results are highly relevant to the deployment of standardized treatment regimens 

for MDR TB prescribed without prior diagnostic testing for resistance to drugs other than 

RIF—a practice that may become increasingly common with the scale-up of rapid 

molecular testing for RIF resistance alone [31-33]. In settings where resistance to PZA is 

common, indiscriminately starting patients on FQ- and PZA-containing standardized 

second-line regimens [8]—at the very time when mycobacterial burden, and thus 

incidence of spontaneous resistance-conferring mutations, is highest—may result in the 

selection of bacilli resistant to other drugs in the regimen, including FQs, before the 

results of complete drug susceptibility testing (e.g., from TB culture) are available. If 

PZA does indeed protect against the development of resistance to FQs during second-line 
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therapy, consistent with our model calibration and previous empirical studies, routine 

rapid testing for PZA resistance among patients with demonstrated RIF resistance would 

be an important means of preventing the emergence of pre-XDR TB [34, 35]. This 

finding takes on even greater significance in the current drug development climate, as 

FQs and PZA are considered key agents in the development of many novel regimens for 

first-line treatment of TB [36, 37]. 

 

Overall, our findings highlight the importance of considering not only the interplay 

between individual antimicrobial drugs, but also how these drugs are incorporated into 

sequential treatment regimens, in order to better control the spread of extensive drug 

resistance in the long term. Although our model is specific to TB, our insights regarding 

the importance of “recycled” companion drugs in facilitating the emergence of multi-

resistant pathogens may be relevant to other infectious diseases in which resistance to the 

current arsenal of drugs represents a major public health threat. For example, HIV is a 

pathogen of major global health significance in which sequential resistance to 

antiretroviral drugs occurs over the course of treatment [38, 39]. As in our study, a 

previous model of HIV that explicitly modeled combinations of resistance to three drug 

classes provided important insights into drug class-specific effects on resistance 

trajectories [40]. Furthermore, by combining a population-level transmission model with 

policy-relevant outcome thresholds, our study provides useful guidance to decision-

makers in the setting of sparse empirical data on key parameters related to drug 

resistance. This approach, which leverages available epidemiologic data and mechanistic 
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understanding of disease to shed light on future trajectories of drug resistance, can be 

adapted to other pathogens to inform risk prediction and disease control policies.  

 

This model has several limitations. In seeking to optimize the balance of detail and 

parsimony, we made several simplifying assumptions, including restricting the model to 

adult pulmonary TB in an equilibrium population. As our focus was on exploring long-

term epidemiologic trajectories rather than clinical outcomes, we chose to exclude forms 

of TB (i.e., childhood and strictly extrapulmonary disease) that, despite a significant 

disease burden, do not contribute significantly to transmission. Similarly, we chose the 

Southeast Asia region, where HIV is not a major driver of the TB epidemic [9], because 

Southeast Asia currently has higher levels of TB drug resistance. Future adaptations of 

this model could evaluate different epidemiologic settings, including those in which TB 

is driven by HIV and those (e.g., the former Soviet Union) with a long history of drug-

resistant TB that may reflect high transmission of drug-resistant TB in congregate living 

settings (e.g., prisons).   

 

We limited our model to three key drugs for simplicity, as the addition of additional 

drugs creates exponentially increasing complexity. As we used a simple 

acceptance/rejection algorithm to select plausible parameter sets, our results should not 

be interpreted as probabilistic projections of future TB epidemiology. Rather, our 

approach allowed us to explore a representative range of data-consistent scenarios—akin 

to an epidemiological study selecting a representative sample of the population—and 

benchmark those scenarios against potentially meaningful decision thresholds. This 
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approach enables us to quantify both the key considerations and the level of uncertainty 

in such decisions, providing a risk management tool that can inform TB control policies 

without the need to project the precise future of drug-resistant TB. Our conclusions were 

unchanged when using a stochastic modeling framework that better takes into account 

rare events in the emergence of drug resistance. Finally, in order to simplify our 

inferences on the acquisition, transmission fitness and treatment outcomes of drug-

resistant strains, we kept most other model parameters at fixed values, and did not 

explicitly model changes in transmission fitness over time nor potential epistatic effects; 

our projections may therefore underestimate the true level of uncertainty in future 

epidemiologic trajectories. 

 

In summary, using a novel, multi-strain modeling approach, we evaluated the impact of a 

companion drug on future trajectories of TB strains resistant to multiple core agents. This 

approach suggests that, if the companion agent (such as PZA) is used to augment the role 

of core drugs in both first-line and second-line regimens, the emergence of strains 

resistant to multiple core drugs may be dramatically hastened. As such, better data to 

understand how and to what degree companion drugs enhance the effectiveness of 

combination regimens (e.g., increased probability of cure, protection against acquired 

resistance)—and particularly how PZA impacts TB treatment—should be a key research 

priority. In the absence of such data, our results support the need for drug susceptibility 

testing for PZA prior to initiating second-line regimens that include PZA without a 

sufficient number of additional companion agents. These findings may generalize to other 

microbial pathogens treated with sequential combination regimens, and they highlight an 
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analytic approach that may become increasingly valuable for decision-making in the 

setting of sparse data on resistance to multiple antimicrobial regimens. 
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Table 3.1: Selected input parameters (additional details in Appendix Table B.3) 

 

 

RIF: rifampin; FQ: fluoroquinolone; PZA: pyrazinamide.  

Variable description Baseline Value References 

Protection from reinfection in latent infection state 0.5 [41, 42] 

Proportion progressing rapidly to active TB 0.15 [43] 

Baseline life expectancy, years 70 [44] 

TB-specific mortality rate, per year 0.17 [45] 

Probability of endogenous reactivation, lifetime 5% [46] 

Rate of diagnosis/treatment initiation, per year 0.69 [9] 

Relative infectiousness of patients on ineffective treatment 0.2 [47] 

Rate of spontaneous recovery from active TB, per year 0.17 [45] 

Proportion discontinuing treatment prior to completion, first-line treatment 6% [9] 

Proportion discontinuing treatment prior to completion, second-line treatment 23% [23] 

Proportion experiencing early relapse, drug-sensitive TB 4% [48, 49] 

Proportion experiencing early relapse, RIF-resistant TB 16% [50] 

Proportion experiencing early relapse, FQ-resistant TB 12% [50] 

Proportion experiencing early relapse, PZA-resistant TB 8% [34] 
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Table 3.2: Outcomes upon treatment completion, by resistance profile and 
treatment regimen (additional details in Appendix Table B.1) 

 

Final drug 

resistance profile 

Probability of cure Probability of early 

relapse after cure 

 1st-line 2nd-line 1st-line 2nd-line 

Drug-susceptible 89-99% -- 4% -- 

RIFr 40-64% 89-94% 16% 4% 

FQr 89-99% -- 4% -- 

PZAr 83-90% -- 8% -- 

RIF/FQr 40-64% 57-74% 16% 12% 

RIF/PZAr 32-59% 76-86% 16% 8% 

FQ/PZAr 83-90% -- 8% -- 

RIF/FQ/PZAr 32-59% 47-68% 16% 12% 

 

--: not applicable as second-line regimen is assumed to be given only to patients with 

resistance to at least rifampin (RIF).  

PZA: pyrazinamide; FQ: fluoroquinolone.
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Figure 3.1: Model structure diagram 

 

  

 

(A) The model features separate compartments for individuals who are uninfected, 

latently infected with TB, or experiencing active disease. Individuals with TB are further 

distinguished based on prior treatment experience. A separate compartment exists for 

patients who are receiving ineffective treatment; these individuals remain ill with TB and 

are then initiated on a repeat course of treatment. All five TB compartments (with the 

exception of “Uninfected”) are replicated for each of eight drug resistance states, for a 

total of 41 unique compartments. Births and deaths are not shown here for simplicity.  

A 

B 
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(B) Progression between drug resistance states is assumed to result only in increasing 

resistance. In addition to the transitions shown here, resistance to multiple drugs can be 

acquired within a single course of treatment. The primary mode of acquiring pre-XDR 

TB (defined as concomitant resistance to at least rifampin [RIF] and fluoroquinolones 

[FQ]), is highlighted in red and includes acquisition of resistance to pyrazinamide (PZA), 

a companion drug that is routinely used in both first- and second-line treatment. 
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Figure 3.2: Experimental approach 

 
 

Shown here is the step-by-step approach of selecting simulations that are consistent with 

existing epidemiological data and projecting outcomes under those simulations, for 

purposes of elucidating dynamics between strains with different patterns of resistance to 

multiple antimicrobial agents.  
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Figure 3.3: Re-use of PZA increases the projected prevalence of pre-XDR TB  

       

 

 

Projected prevalence of RIF-resistant (RIFr), FQ-resistant (FQr), and pre-XDR (RIF/FQr 

or RIF/FQ/PZAr) TB, with and without additional resistance to PZA, in 2035 under the 

A 

B 

C 
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baseline (A) and PZA replacement (B) scenarios. Boxplots show the median, 25th, and 

75th percentile values across all data-consistent simulations. Outlier simulations with a 

projected pre-XDR TB prevalence greater than 20 per 100,000 are not shown; the number 

of such outliers, if applicable, is indicated in parentheses at the top of each boxplot. (C) 

Proportion of data-consistent simulations in which projected pre-XDR TB prevalence in 

2035 exceeds three pre-defined acceptability thresholds. Replacing PZA with an 

alternative drug of equal efficacy among patients with PZA-resistant TB greatly reduces 

the proportion of trajectories exceeding the pre-XDR TB acceptability threshold in 2035. 

RIF: rifampin; FQ: fluoroquinolone; PZA: pyrazinamide 
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Figure 3.4: Parameters associated with high future prevalence of pre-XDR TB 

 

 

Leading drivers of future pre-XDR TB prevalence as assessed by logistic regression on 

the odds of the primary outcome, namely exceeding a pre-defined acceptability threshold 

of 1 case per 100,000 population in 2035, comparing baseline conditions (blue and black 

squares) to the alternative scenario in which PZA is replaced (gray diamonds). Odds 

ratios reflect the change in the primary outcome associated with an increase of one-tenth 

of a standard deviation in the independent variable. Parameters related to strains resistant 

to PZA only (PZAr) or resistant to both RIF and PZA (RIF/PZAr) are highlighted in blue. 

As an example of scale, one-tenth of a standard deviation corresponds to absolute 

changes of 0.5% in the probability of acquiring RIF resistance in a single course of 

treatment, 6% in the transmission fitness of RIF/PZAr strains, or 5% in the probability of 

cure for RIF/PZAr strains on the first-line regimen.  

RIF: rifampin; FQ: fluoroquinolone; PZA: pyrazinamide
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Figure 3.5: Sequential acquisition of resistance and emergence of pre-XDR TB 

 

 

 

A 

B
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(A) Pathways from RIF and FQ resistance, with and without additional PZA resistance. We demonstrate that, when PZA prevents the 

development of resistance to RIF and FQs, the primary pathway to developing pre-XDR TB goes through an intermediate step that 

includes resistance to both RIF and PZA (RIF/PZAr, arrow 4), rather than directly from RIF or FQ resistance (arrows 1 and 2). 

(B) Proportion of data-consistent simulations in which projected pre-XDR TB prevalence in 2035 exceeds various acceptability 

thresholds, after blocking specific pathways of resistance acquisition. Blocking the progression from combined RIF/PZA resistance to 

RIF/FQ/PZA resistance (corresponding to arrow 4 in panel A) greatly reduces the proportion of trajectories exceeding the 

acceptability threshold in 2035, as shown in the rightmost bars. In contrast, blocking resistance amplification directly from strains that 

are RIF- or FQ-monoresistant results in minimal change from the baseline scenario. 

RIF: rifampin; FQ: fluoroquinolone; PZA: pyrazinamide 
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CHAPTER IV 
 

 

 

 

“The future belongs to Science. More and more she will control the destinies of the 
nations. Already she has them in her crucible and on her balances.” 

~Sir William Osler 
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ABSTRACT  

Drug resistance is a major obstacle to global control of tuberculosis (TB). Multidrug-

resistant (MDR) TB accounts for 5% of total TB cases but a disproportionate burden of 

morbidity, mortality, and healthcare costs. Achieving control of MDR TB will require not 

only expansion of access to diagnosis and treatment, but also improvements to 

programmatic TB care.   

 

We used a stochastic transmission model of TB calibrated to epidemiologic values from 

Southeast Asia to project the potential impact of a combination of (1) scale-up of MDR 

TB diagnosis and treatment to previously treated patients or all patients, (2) immediate 

linkage to MDR TB diagnosis and treatment for patients who remain culture-positive at 

the end of first-line therapy, and (3) improvements in the proportion of patients who 

complete the full course of treatment for MDR TB. We assume linear scale-up of MDR 

treatment from levels reported in 2015 to 100% by 2020, consistent with established 

targets.  

 

Scaling up treatment to 100% of previously treated patients or to all patients reduced the 

projected prevalence of MDR TB at 20 years by a median 28.1% (interquartile range 

[IQR] 19.8-36.4%) and 32.9% (IQR 23.7-41.3%) respectively. Improvements in linkage 

to care and treatment completion decreased the projected MDR TB prevalence by 26.7% 

(IQR 18.2-34.3%) and 15.5% (IQR 8.2-23.9%). Combining treatment scale-up with these 

programmatic improvements maximized the projected impact, reducing the projected 

prevalence of MDR TB by 74.5% (IQR 61.5-83.9%) at 20 years.   



83 
 

These findings suggest that a combination of treatment scale-up and programmatic 

interventions (e.g., patient support) is necessary to optimally control MDR TB in high-

burden settings. 
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INTRODUCTION  

Drug resistance is widely recognized as a major obstacle to the global control of 

tuberculosis (TB). While the overall prevalence of TB has been declining over the past 

decade, there has been an increase in multidrug-resistant (MDR) TB, defined as TB that 

is resistant to both isoniazid and rifampin (RIF), two key drugs in the current standard 

first-line treatment regimen [1]. Multidrug-resistant (MDR) TB occurs in about 5% of TB 

cases worldwide but accounts for a disproportionate burden of morbidity, mortality, and 

costs [1, 2]. Although there are prospects for shorter treatment durations, treatment for 

MDR TB currently requires 18-24 months (vs. 6 months for first-line treatment) and 

relies on drugs that are more toxic yet less effective than those used in first-line 

therapy [3, 4]. Many patients are unable to complete the required course of treatment and, 

even among those who do, the proportion who are durably cured remains suboptimal 

(~50% global average) [1, 5].   

 

In Southeast Asia, a region of high TB burden, an estimated 2% of treatment-naïve and 

16% of previously treated TB patients have MDR TB, with only a minority of these 

patients (~5% treatment-naïve and 26% previously treated) getting appropriately 

diagnosed and treated [1]. With the development of rapid testing for MDR TB and 

potentially shorter, more effective regimens, widespread access to treatment for patients 

with MDR TB is becoming increasingly achievable even in high-burden, low-resource 

settings [6-8]. For example, India, the country with the largest MDR TB burden, has been 

scaling up diagnosis and treatment rapidly, with a target of providing universal access by 

2019 [9]. As TB control programs face the challenge of curbing MDR TB and achieving 

the Sustainable Development Goals’ target of 80% reduction in incidence by 2030, it is 
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crucial that available resources be expended in a way that maximizes impact at the 

population level as well as for individual patients.  

 

Achieving this goal requires considering a wide range of potential interventions and 

improvements to TB control programs. Previous studies have projected the impact of 

alternate scale-up strategies (e.g., private vs. public sector, rapid molecular 

diagnostics) on the epidemiology of MDR TB [8, 10]. Here, we sought to provide further 

insight into optimal strategies for MDR TB control in Southeast Asia by evaluating the 

potential impact of various combinations of increased access to diagnosis and treatment, 

improved treatment completion, and enhanced linkage to care.  

 

METHODS  

Model structure and calibration  

We modified the deterministic transmission model of TB previously described in Chapter 

III to incorporate both stochasticity and the combination of multiple interventions for 

MDR TB control. Briefly, the model structure features three main states of TB infection 

and disease (susceptible, latent infection, active disease), and differentiates treatment-

naïve patients from those who have previously received treatment for active TB (Figure 

1). Each compartment is further subdivided into eight categories of drug resistance, 

allowing for every possible combination of resistance to rifampin (RIF), fluoroquinolones 

(FQ), and pyrazinamide (PZA). Further details of the base model structure are provided 

in Chapter III and Appendix B. We adapted the previously described deterministic 

system of differential equations to a stochastic system using the Gillespie stochastic 

simulation algorithm adaptive tau method, implemented using the R 
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package “adaptivetau”. We further incorporated scale-up of MDR TB treatment, 

improvements in case detection, and decline in TB incidence reflective of trends in 

Southeast Asia in 1995-2013, as shown in Table 4.1 [1, 11]. We assume that there is no 

availability of second-line treatment in 2010, and that treatment access increases 

linearly from 2011 to reported 2015 levels. Similarly, we assume that the delay to 

treatment initiation decreases linearly between 2000 and 2013. We apply a 2% annual 

decrease in the force of infection to reflect regional trends in TB incidence [1].  

 

We calibrate the model by first generating 200,000 simulations, each based on randomly 

sampled values for key model inputs (transmission fitness, probability of resistance 

amplification during treatment, treatment outcomes conditional on drug resistance profile 

and choice of treatment regimen), and a population size of 10 million individuals. We 

initiate each simulation in 1954, prior to the widespread use of the current first-line 

curative treatment, using parameters that would achieve a steady state in a deterministic 

model framework. We then carry out each simulation from 1954 until 2013, retaining 

parameter sets that meet calibration targets based on available epidemiologic data from 

Southeast Asia (Table 4.2). Using this procedure, we obtained 1,751 data-consistent 

(posterior) simulations from the original 200,000 randomly sampled (prior) parameter 

sets. These posterior simulations thus provide a broadly representative sample of possible 

epidemiologic trajectories that are consistent with available data.  
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Experimental overview  

We use the posterior simulations described above to compare the impact of expansion of 

treatment for MDR TB on future epidemiologic outcomes (prevalence of drug-resistant 

TB, TB-related mortality) under various programmatic conditions in order to assess the 

relative impact of (1) the magnitude of treatment scale-up, (2) the quality of linkage 

to MDR TB treatment, and (3) improved treatment completion.   

  

Treatment scale-up  

The baseline scenario, reflecting no change from current conditions, assumes that 5% of 

treatment-naïve and 26% of treatment-experienced patients with MDR TB are properly 

diagnosed and initiated on MDR-specific treatment in 2015; this reflects a combination of 

drug susceptibility testing and presumptive diagnosis based on patient risk factors (e.g., 

shared household with a person with MDR TB), consistent with routine clinical practice 

in Southeast Asia [1, 12, 13]. We consider both a “modest” scale-up scenario in which 

MDR treatment is made available to patients at high risk of MDR TB (i.e., those with 

previous treatment history), and an “expanded” scenario in which MDR TB treatment is 

available to all patients. We assume linear scale-up from 2015 coverage levels to 

100% by 2020, consistent with targets set by TB control programs such as in India [9], 

with drug susceptibility testing available for RIF only. Sensitivity (98%) and specificity 

(98%) for the detection of RIF resistance are set to reflect the use of currently available 

molecular diagnostics (e.g., GeneXpert) [14]. Patients diagnosed with RIF-resistant TB 

are assumed to receive a standardized treatment regimen regardless of individual 

resistance patterns. Patients whose RIF resistance is not appropriately diagnosed are 
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prescribed the standard first-line regimen, with poorer treatment outcomes and increased 

probability of resistance amplification during treatment [5, 15-17].  

  

Linkage to MDR TB treatment  

Under the baseline scenario, patients with MDR TB who fail an initial course of 

treatment for drug-susceptible TB (either because initial resistance was not detected, or 

because resistance emerged during treatment) are assumed to experience a delay before 

MDR TB is diagnosed and treated. For example, symptoms for these patients may 

improve on first-line therapy, leading to an initial assessment of treatment completion, 

but these patients then relapse with MDR TB soon after completing treatment, and 

their rifampin resistance is only detected when they present as being previously treated. 

We approximate the duration of this delay using the ratio of prevalence to incidence, thus 

assuming (in the absence of data to the contrary) that this delay is similar to the initial 

delay to care experienced by new patients [1]. We then consider an improved linkage-to-

care system in which all patients are tested for culture conversion at the end of treatment. 

In this scenario, patients who do not achieve culture conversion at the end of first-line 

therapy are tested for rifampin resistance and, when appropriate, they initiate treatment 

for MDR TB immediately after completing their initial course of first-line therapy. In this 

scenario, patients who discontinue treatment or experience reinfection after cure continue 

to experience the same delay to re-entry into care; only those with MDR TB who 

successfully complete their initial course of therapy are rapidly linked to treatment.   
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Improved treatment completion  

Based on literature estimates, we assume that 77% of patients who initiate MDR TB 

treatment successfully complete therapy [1, 18]. From this baseline, we simulate 

improvements in treatment completion, such as might be achieved by enhanced patient 

support or shortened treatment, by setting the proportion of patients who complete the 

full course of MDR treatment equal to that for first-line treatment (94%).   

  

Outcomes and sensitivity analyses  

We compare the baseline scenario (no change from current conditions) to combinations 

of the three interventions described above, over a time horizon of 20 years, and report the 

change in projected prevalence of MDR TB at 20 years. Results are reported as the 

median and interquartile range (IQR) of 1,751 data-consistent simulations, which 

incorporate variation due to both parameter uncertainty and event stochasticity. We also 

report the cumulative number of patients treated for MDR TB, cumulative MDR TB 

mortality, as well as the change in projected prevalence of MDR TB cases with additional 

resistance to fluoroquinolones (“pre-extensively drug-resistant” [XDR] TB).   

  

We additionally assess the sensitivity of our results to model parameters that were taken 

as fixed values in the main analyses, by individually varying the pace of scale-up of 

MDR treatment (3 years vs. 5 years), and the sensitivity (93% vs. 98%) and specificity 

(93% vs. 98%) of RIF resistance detection. Because undetected resistance to 

fluoroquinolones (FQ) can result in further amplification of resistance, with much poorer 

treatment outcomes compared to MDR TB with no additional resistance, 
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we also assess the influence of fluoroquinolone resistance on the potential benefit of 

scaling up MDR TB treatment. We do this by comparing baseline estimates against a 

scenario in which an equally efficacious but FQ-free regimen for MDR TB could be 

developed and scaled-up. For this hypothetical regimen, we assume that treatment 

outcomes for MDR and pre-XDR TB are equivalent.   

 

Software  

All analyses were conducted using the software R, version 3.2.2 [19].  

 

RESULTS  

Projected impact of treatment scale-up  

Projected trajectories of the prevalence of MDR TB under the modest and expanded 

scale-up scenarios (compared to baseline) are shown in Figure 4.2. Scaling up the 

diagnosis and treatment of MDR TB to 100% of previously treated patients is projected 

to reduce the prevalence of MDR TB by a median 28.1% (IQR 19.8-36.4%) after 20 

years, compared to baseline conditions (median prevalence [IQR] at 20 years: 2.2 [1.8-

2.8] per 100,000 vs. 3.0 [2.4-4.0] per 100,000). Expansion of MDR TB treatment to all 

patients (rather than previously treated patients only) has a modest additional impact, 

reducing MDR TB prevalence at 20 years by 32.9% (IQR 23.7-41.3%). The scale-up of 

MDR TB treatment has less impact on 20-year pre-XDR TB prevalence, and in some 

simulations it even results in increased prevalence of pre-XDR TB. The 25th and 75th 

percentile values for the change in the prevalence of pre-XDR TB at 20 years range from 

a 41.2% reduction to a 13.2% increase (median 18.8% reduction) under the modest scale-
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up scenario, and from a 36.3% reduction to a 31.3% increase (median 9.1% reduction) 

under the expanded scale-up scenario. 

  

Projected impact of programmatic improvements  

Improving linkage to care such that patients who have failed a course of treatment are 

immediately initiated on a repeat course of treatment reduces the projected prevalence of 

MDR TB by 26.7% (IQR 18.2-34.3%), to a median 2.3 cases (IQR 1.8-2.8) per 100,000 

at 20 years. Improving treatment completion to levels similar to those of first-line 

treatment has somewhat less impact, reducing the projected prevalence by 15.5% (IQR 

8.2-23.9%) to 2.6 cases (IQR 2.0-3.3) per 100,000 at 20 years. When combined, these 

programmatic interventions—in the absence of any increase in scale-up of MDR TB 

diagnosis and treatment in the broader population—reduce the projected MDR TB 

prevalence at 20 years by 38.8% (IQR 31.1-47.0%) to 1.9 cases (IQR 1.5-2.3) per 

100,000. The distribution of projected MDR and pre-XDR TB prevalence is shown in 

Figure 4.3, panels A and B.  

  

Combined interventions  

Combining treatment scale-up with programmatic improvements provides substantial 

additional impact on MDR TB prevalence. When MDR TB treatment is scaled-up to all 

TB cases, combination with improved treatment completion reduces projected MDR TB 

prevalence by 60.6% (IQR 54.4-67.3%), to a median 1.2 per 100,000 (IQR 1.0-1.5) at 20 

years. Combining expanded scale-up of MDR TB treatment with better treatment linkage 

after failure reduces projected prevalence of MDR TB by 42.7% (IQR 34.7-51.0%), to a 
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median 1.8 (IQR 1.4-2.2) cases per 100,000 at 20 years. Projected impact on pre-

XDR prevalence is greater when treatment scale-up is combined with improved 

completion than when it is combined with enhanced linkage to repeat treatment (Figure 

4.3, panel B). Combining all interventions together maximizes the projected impact: the 

projected prevalence of MDR TB decreases by 67.1% (IQR 60.8-73.1%), to a median 1.0 

(IQR 0.8-1.3) case per 100,000, and the projected prevalence of pre-XDR TB decreases 

by 74.5% (IQR 61.5-83.9%), to 0.1 (IQR 0.0-0.1) case per 100,000. When both linkage 

and treatment completion are improved, expanding MDR TB treatment to all patients 

rather than only those who have been previously treated actually reduces the total number 

of patients treated for MDR TB over 20 years (Figure 4.3, panel C). Maximizing scale-up 

along with programmatic improvements nearly halves the cumulative number of 

deaths among MDR TB patients (Figure 4.3, panel D).  

  

Sensitivity analyses  

Assuming a hypothetical fluoroquinolone-free regimen for MDR TB has little effect on 

the projected reduction in MDR TB prevalence under scale-up of MDR TB treatment 

(Figure 4.4, panel A). In contrast, there is a significant reduction in projected levels of 

pre-XDR TB (Figure 4.4, panel B): scaling up treatment access to all MDR TB cases 

reduces projected prevalence of pre-XDR TB at 20 years by 75.0% (IQR 60.8-85.7%) 

compared to baseline (vs. median reduction of 18.8% [IQR 13.2-41.2%] under existing 

treatment access). Additional sensitivity analyses, in which we varied model parameters 

on the sensitivity and specificity of RIF resistance diagnostics and the rate of treatment 

scale-up, had little impact on the primary outcomes (Figure 4.4, panel C).   
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DISCUSSION  

Significant efforts and resources are being expended to scale up the availability of 

diagnosis and treatment for MDR TB in Southeast Asia, in accordance with the region’s 

TB control targets [9, 20]. Considering only the impact of scaling up diagnosis and 

treatment, however, ignores the fact that other programmatic elements—including patient 

support and better regimens to improve treatment outcomes and linkage to MDR TB 

treatment after failing first-line therapy—are also critical for the control of MDR TB. 

This stochastic transmission model of TB illustrates that, while any intervention in 

isolation can likely have only limited impact on MDR TB prevalence over a 20-year time 

span, combining scale-up of diagnosis and treatment with better linkage to care and 

improved treatment success has the potential to dramatically reduce the prevalence of 

MDR TB during that same timeframe.  

 

Resource constraints are a major reason why treatment for MDR TB has not achieved 

sufficient levels of population scale-up to date [1, 20]. Our results show that impact on 

MDR TB is not simply a function of the quantity of resources allocated to MDR TB 

control, but also how those resources are used. For example, expanding MDR TB 

treatment—even for previously treated cases only—leads to a substantial increase in the 

number of people treated for MDR TB (Figure 3D), but without improvements in linkage 

or treatment success, it has only modest impact on MDR TB prevalence and mortality. In 

contrast, when both treatment linkage and completion are improved, treating all MDR TB 

patients regardless of treatment history may actually result in fewer courses of treatment 

needed over 20 years (relative to treating only previously treated cases). Although this 

model does not explicitly estimate the cost of each intervention, these projections of the 
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cumulative number of MDR TB patients treated suggest that a combination package of 

scaled-up diagnosis and treatment with improved linkage and treatment success is likely 

to represent a better use of resources than any one intervention in isolation.  

 

Support interventions to help patients complete their full course of treatment and ensure 

that those who are not successfully cured are rapidly linked to repeat treatment are likely 

to be crucial in achieving MDR TB control. Shorter treatment regimens for MDR TB, 

such as the 9-month regimen currently undergoing clinical trials, could significantly 

increase the proportion of patients who complete treatment [21]. The incorporation of 

drugs with fewer and less severe side effects would also help to bring the level of 

treatment completion for MDR TB closer to levels observed in first-line treatment. It is 

important to note that, even with shorter and more tolerable regimens, optimal treatment 

completion will require adequate follow-up and adherence support, as treatment 

completion even for first-line treatment is low in many settings [1].  

 

Regarding more extensively resistant TB strains, our model projections suggest that, 

under certain circumstances, expanded scale-up of MDR TB treatment could result in a 

higher prevalence of pre-XDR TB. Broader exposure to fluoroquinolones without 

concomitant drug susceptibility testing (and adapted treatment regimens) in a 

population with considerable levels of pre-existing fluoroquinolone-resistant TB (~ 24% 

of treatment-experienced TB cases in India) could undermine efforts to control 

drug resistance [22, 23]. Expanding capacity for additional drug susceptibility testing and 

developing a more diverse set of effective second-line regimens should therefore be an 

important research priority.  
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As our model focuses on the transmission of drug-resistant TB, we simplified other 

aspects of the model, assuming uniform mixing of the population and limiting our model 

to adult pulmonary TB. Similarly, we do not consider heterogeneities in patient 

susceptibility and/or contact and spatial variations in incidence that may enhance the 

transmission of TB, as our analyses focus on the comparative impact of selected 

interventions. Although our model does not explicitly account for sub-regional variations 

in TB epidemiology and control, we simulate a broad range of epidemiologic trajectories 

and assess outcomes over a distribution of simulations, which partially accounts for 

parameter variation across smaller regional scales [1].    

 

Overall, our results emphasize that improving programmatic conditions is key to reaping 

the benefits of scaling up diagnosis and treatment for MDR TB. Under current 

programmatic conditions, scale-up to all MDR TB cases yields minimal benefits 

compared to a limited expansion of access to previously treated patients only, suggesting 

that, when MDR TB treatment is available to all previously treated patients, additional 

resources might be better invested in improving linkage to care and treatment completion 

before they are expended on full MDR TB treatment coverage. However, once strong 

programmatic conditions are in place, scaling up MDR TB treatment access to all 

patients can have major population-level benefits. Thus, the optimal path to improving 

MDR TB treatment programs may be to first combine limited expansion of diagnosis and 

treatment with programmatic interventions optimizing linkage to care and treatment 

success. Once these improvements are in place, to have optimal impact, diagnosis and 

treatment must eventually be expanded to all patients with MDR TB. These findings 
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provide important guidance for the scale-up of MDR TB treatment in high-burden 

settings.   
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Table 4.1: Selected model inputs (additional details in Tables 3.1 and B.3) 

Parameter Baseline 

value 

Sensitivity 

range 

Reference(s) 

MDR TB treatment coverage for new cases* 

2010 and prior 

2015 

 

0 

5.4% 

-- [1] 

MDR TB treatment coverage for previously 

treated cases* 

2010 and prior 

2015 

 

0 

26.1% 

-- [1] 

Rate of scale-up to full MDR TB treatment 

coverage 

5 years 3-10 years [9] 

Time to treatment initiation (months)* 

2000 and prior 

2013 and onward 

 

25.2  

17.4  

 [1] 

TB incidence decline, 2005 onwards 2% per 

year 

 [1] 

Rifampin resistance detection sensitivity 98% 93-98% [14] 

Rifampin resistance detection specificity 98% 93-98% [14] 

 

* We assume linear scale-up of MDR TB treatment coverage from 2010 to 2015, and 

linear reduction in the time to treatment initiation from 2000 to 2013.
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Table 4.2: Model calibration to epidemiologic data 

Epidemiologic criteria Target value References Calibration 

range 

Trajectories within 

range (%) Year Value 

Annual TB incidence, per 100,000 2013 

2010 

2005 

2000 

1995 

1990 

183 

194 

213 

220 

218 

218 

[1] 137-229 

145-242 

160-266 

165-275 

163-272 

163-272 

38% 

RIF-resistant among new cases (%) 2013 2.2% [1] 1.1-3.3% 24% 

RIF-resistant among retreatment cases (%) 2013 16% [1] 8-24% 35% 

RIF-resistant among retreatment cases with 

FQ resistance (%) 2013 25% 

[22] 

10-40% 

10% 

RIF-resistant among retreatment cases with 

PZA resistance (%) 2013 55% 

[24] 

40-70% 

42% 

PZA-monoresistant among new cases (%) 2013 

< % RIF 

resistance 

[25, 26] 

-- 

71% 

FQ-monoresistant among new cases (%) 2013 

< % RIF 

resistance 

[27, 28] 

-- 

98% 

 RIF: rifampin; FQ: fluoroquinolone; PZA: pyrazinamide.
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Figure 4.1: Model states 

 

The model is a stochastic realization of the compartmental structure described in detail in 

Chapter III. In addition to scale-up of MDR TB treatment, the model evaluates 

improvements in treatment completion (as highlighted by the blue arrows). Patients who 

are diagnosed as having failed a course of treatment may also be linked to a repeat course 

of treatment immediately, shortening their delay to care (dashed arrow). Each model state 

shown here (other than TB-uninfected) is further subdivided in the model to represent a 

total of eight drug resistance profiles, representing all possible combinations of resistance 

to rifampin, fluoroquinolones, and pyrazinamide. 
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Figure 4.2: Projected trajectories of MDR and pre-XDR TB under scale-up of MDR 

TB treatment 

A 

 
B 

 
C 
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D 

 
E 

 
F 

 
 

The first three panels (A, B, C) show projected trajectories of prevalence, incidence, and 

proportion of MDR TB, respectively, under expansion of treatment to previously treated 

patients (red) or all patients (blue), compared to the baseline condition (black), with no 
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additional programmatic interventions. The following panels (D, E, F) show 

corresponding projected trajectories of prevalence, incidence, and proportion of pre-XDR 

TB. In all panels, thick solid lines show the median trajectories and thin dotted lines 

indicate the boundaries of the 95% credible intervals.  
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Figure 4.3: Projected prevalence of MDR and pre-XDR TB at 20 years under 
various combinations of interventions 

 

A 

 
B 
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C 

 
D 

 
 

Panels A and B show the projected prevalence of MDR and pre-XDR TB at 20 years 

under alternative combinations of interventions. Panels C and D show the cumulative 

number of patients treated for MDR TB and the cumulative mortality among MDR TB 

patients over 20 years. “Modest” scale-up refers to drug susceptibility testing and 

treatment for previously treated cases, whereas “expanded” scale-up refers to these 

interventions for all TB cases. “Improved” linkage refers to culture for all individuals at 
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five months of treatment, with placement of those found to have MDR TB onto second-

line therapy by the end of the initial treatment course. 
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Figure 4.4: Sensitivity analyses 

A      B 

          
 

C 

 
Panels A and B show the projected reduction in prevalence of MDR (A) and pre-XDR 

TB (B) with treatment scale-up to previously treated (white) and all (gray) TB cases, 

assuming a hypothetical fluoroquinolone-free regimen for MDR TB of equal efficacy to 

current treatment. Panel C shows the projected impact of treatment scale-up to previously 

treated (red) or all (blue) MDR TB cases under variations in the sensitivity and specificity 

of rifampin resistance detection, as well as variations in the rate of treatment scale-up. 
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CHAPTER V 
 

 

 

 

“All scientific work is incomplete—whether it be observational or experimental. All 
scientific work is liable to be upset or modified by advancing knowledge. That does not 
confer upon us a freedom to ignore the knowledge we already have, or to postpone the 

action that it appears to demand at a given time.” 

~Sir Austin Bradford Hill 
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DISCUSSION 

 

This work describes projections of the potential population-level impact of tuberculosis 

(TB) treatment, focusing on shortened duration of first-line treatment (Chapter II), the re-

use of ancillary drugs in the treatment of multidrug-resistant (MDR) TB (Chapter III), 

and scale-up of MDR TB treatment (Chapter IV). The results of these studies provide 

important insights into the implementation of treatment interventions to maximize 

population-level impact and help achieve TB control targets. In addition to epidemiologic 

projections, the models featured in these studies contribute to our understanding of TB 

dynamics, and identify key areas of uncertainty to be explored in collaborative efforts 

between mathematical modeling experts and field researchers.  

 

Summary of findings 

In Chapter II, we find that previous modeling studies that projected a substantial impact 

of shortened treatment duration on future TB incidence (10% incidence reduction with a 

4-month regimen) were biased as they did not account for the fact that many patients 

become cured even without completing a full course of treatment [1]. In our analysis, we 

find that shortening first-line treatment to 4 months would reduce TB incidence by only 

2% over 15 years. Keeping all other things equal, substantial epidemiologic impact would 
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require shortening TB treatment to a few weeks, similar to other respiratory infections 

[2]. In Chapter III, we find that the re-use of pyrazinamide (PZA) in both first-line and 

second-line TB treatment may augment the emergence of pre-extensively drug-resistant 

(pre-XDR) TB, which is resistant to INH, RIF, and fluoroquinolones; furthermore, we 

identify TB strains resistant to both rifampin and PZA as a key intermediate step in the 

progression to XDR TB. Finally, in Chapter IV, we find that scale-up of treatment for 

MDR TB in Southeast Asia could reduce incidence by nearly 30% by 2035, with even 

greater impact when combined with programmatic interventions that improve treatment 

linkage and completion. 

 

Study strengths and limitations 

These studies share limitations common to all models, and it is important to consider 

these limitations in interpreting the results and their implications. All models necessarily 

simplify the phenomena that they represent; ideally models should be only as complex as 

they need to be to capture the relevant aspects of the modeled system (within the 

constraints of available knowledge and data), and simple enough to keep model results 

interpretable and transparent [3]. Here, we tailored our models to the specific questions 

being addressed in order to achieve this balance of complexity and simplicity. It is 

important to note that our results should not be interpreted as predictions of future TB 

trends, nor as absolute estimates of impact. Rather, our findings provide important 

comparisons of the relative impact of a set of interventions, and the qualitative findings 

are robust. Models cannot predict chance events (e.g., disruption to health systems as was 

caused by the recent Ebola outbreak in West Africa) or major shifts in technology, 
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programs, or policy that can significantly impact disease trends [4-6]. Nevertheless, the 

overall conclusions regarding the relative impact of the evaluated interventions should 

remain valid and robust, barring any such major shifts to TB dynamics within the next 20 

years. 

 

Some of our findings may not be generalizable to epidemiologic and programmatic 

settings beyond those considered in the study. We did not consider the effect of HIV in 

our models, which may limit the applicability of our findings to settings where HIV is a 

major driver of the TB epidemic. In particular, the results in Chapters III and IV may not 

be generalizable to settings beyond Southeast Asia, given widespread variability in the 

prevalence of resistance to TB drugs and TB treatment policies across countries. 

However, given that Southeast Asia is one of the regions with the greatest burden of 

MDR TB, interventions targeted at this region will go a long way towards curbing global 

levels.  

 

Perhaps the most significant limitation of this work is that it primarily addresses the 

epidemiologic impact of treatment, and does not include other key components of the 

global strategy for TB control, such as case-finding and prevention [7]. Indeed, non-

therapeutic interventions may have comparable or greater impact on TB epidemiology, 

but this was not the focus of this work [8]. It is likely that combined approaches will be 

necessary, especially in settings with high HIV prevalence [9-11]. Nevertheless, 

treatment remains an important tool in the TB control strategy, and it will be important to 

implement it optimally to maximize its impact at the population level. 
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Last, but not least, it is important to remember that the most important purpose of TB 

treatment is to cure patients suffering from a debilitating and stigmatizing disease. The 

direct benefits to patients, as assessed by the outcomes of clinical studies, remain the 

most important factor in the development of a treatment regimen. However, clinical 

effect alone does not determine treatment policies, and it is important to provide policy-

makers with guidance on the epidemiologic (as well as economic) impact of treatment 

policies under consideration. As such, studies that demonstrate epidemiologic impact can 

serve as an advocacy tool for expanding access to safe, effective and impactful treatment. 

 

Future research  

Future studies should address some of the remaining gaps and limitations in the present 

work, in addition to evaluating the potential impact and optimal implementation of new 

technologies as they become available. Incorporating modeling results into policy 

remains a challenge, and studies that project impact for the specific epidemiologic and 

programmatic settings where interventions are being considered may be needed [3]. It 

will also be important to tie epidemiologic models to economic considerations, something 

that remains particularly rare in TB research [12]. The present work focuses on treatment, 

but TB control will require a broad set of interventions that may act synergistically—

models incorporating socio-behavioral factors and evaluating combinations of 

interventions will provide much-needed insights for future policy decisions [13, 14].  

 

Our studies identified important data gaps and sources of uncertainty. In particular, 

uncertainty regarding the underlying prevalence of resistance to drugs beyond rifampin 
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and isoniazid, as well as the probability of acquiring resistance to these drugs, were 

identified as key data limitations in Chapter III. Recently completed drug resistance 

surveys of first- and second-line TB drugs have helped to fill this gap and provide a more 

complete understanding of cross-resistance between various drugs [15, 16]. The high 

prevalence of resistance to PZA and fluoroquinolones reported in these surveys (e.g., as 

high as 42% PZA resistance in Belarus) highlight the urgency of studies and 

interventions to prevent the further spread of drug resistance and protect the utility of 

available antimycobacterial drugs [16]. These data may also help to reduce uncertainty in 

model projections in addition to providing important epidemiological indicators of 

current prevalence of drug resistance in a variety of settings. Clinical research 

investigating the effect of specific combinations of resistance on treatment outcomes 

would also be highly valuable. Laboratory and epidemiologic approaches to estimating 

the relative transmissibility of drug-resistant TB strains are being developed and will 

continue to enhance our understanding of the implications of drug resistance for 

transmission [17, 18].  

 

Finally, our findings indicate that improvements to current TB diagnostics and treatment 

could have significant epidemiologic impact (in addition to direct benefits to patients) if 

they can improve treatment completion and help ensure universal access to treatment. 

This is consistent with the existing agenda to develop shorter treatment regimens, 

especially for MDR TB [19]. It will also be important to develop not only technologies 

but also logistical interventions to ensure rapid diagnosis of TB and drug resistance and 

prompt initiation of treatment thereafter. Improvements to diagnostics for resistance to 
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PZA and second-line drugs in particular could significantly bolster efforts to provide 

universal access to effective treatment for MDR TB. Given the importance of treatment 

completion, research into patient support and other socio-behavioral interventions to 

promote adherence throughout the course of treatment will contribute greatly to ensuring 

optimal patient-level outcomes and population-level impact of TB treatment [20]. 

 

Public health implications 

Existing evidence suggests that much of TB transmission occurs prior to the initiation of 

treatment—in part due to prolonged delays to presentation to care, diagnosis, and 

treatment initiation—thus limiting the potential of treatment to interrupt the chain of 

transmission [21, 22]. This is not to undermine the importance of treatment—indeed it 

will remain important to maintain high treatment completion and success in order to 

achieve TB control. With regard to drug-susceptible TB, treatment shortening can have 

many benefits for individual patients as well as for health systems, but moderate 

reductions in treatment duration are unlikely to substantially change population-level 

outcomes [23-25]. Major reductions in treatment duration are unlikely to happen with 

drugs that are currently available or in late phases of clinical development—indeed the 

failure of several trials of four-month regimens indicates that treatment shortening 

without relapse may require entirely new drugs unlikely to be available before the End 

TB Strategy’s interim target timepoint of 2035 [7, 26]. There is still hope for a four-

month, pretomanid-based treatment regimen to be available in the coming years, but such 

a regimen will likely be more expensive than the current six-month regimen, and thus 

may not be available in settings of high TB transmission and high treatment 
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discontinuation where shorter treatment would have the most epidemiologic impact [27]. 

Improvements to first-line TB treatment given the current set of technological and 

programmatic tools should focus on identifying as many TB patients as possible, 

initiating them on treatment early, and developing appropriate program and patient 

support interventions to ensure high treatment success. 

 

The potential impact of treatment improvements is considerably greater for MDR TB. 

Indeed, given current poor treatment access and outcomes, the duration of MDR TB 

infectiousness after presentation to care is longer than in drug-susceptible TB, and a 

greater proportion of total transmission can be averted with more effective treatment 

compared to current conditions. Curbing MDR TB may have little impact on overall 

levels of TB, as most TB cases are drug-susceptible, but it remains an important goal that 

will require continued advocacy for scale-up of treatment and the necessary ancillary 

interventions to optimize its benefits for both patients and populations [28]. Whereas 

major reductions in treatment duration may be far off for first-line regimens, there is very 

tangible room for improvement on several aspects (duration, efficacy, tolerability) of 

MDR TB treatment, which could overcome current programmatic challenges [29]. 

Several observational studies have demonstrated the effectiveness of 12- and 9-month 

regimens in low-resource settings in Asia and Africa, and the STREAM clinical trial is 

underway to confirm these findings [30-33]. If approved and implemented, these shorter 

MDR TB treatment regimens will also require solid programmatic support to maintain 

optimal outcomes and prevent the emergence of additional resistance [34]. The utility of 

such regimens may be limited to select settings with low levels of resistance to second-
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line drugs: studies in Europe and Latin America found that only approximately 4% of 

MDR TB patients would be eligible for the 9-month standardized “Bangladesh regimen” 

due to resistance to one or more drugs in the regimen [35, 36].  

 

Our finding that PZA “recycling” promotes the emergence of XDR TB poses a quandary 

for TB policy-makers. Ongoing surveys indicate that there are already alarmingly high 

rates of PZA resistance in some settings, especially among MDR TB patients. A recent 

systematic review and meta-analysis found a pooled estimate of 16.2% [95% confidence 

interval 11.2-21.2%] prevalence of PZA resistance among all incident TB cases, and 

60.5% [52.3-68.6%] among MDR TB cases; moreover, the studies included in the meta-

analysis reported PZA resistance in all WHO regions [16, 37]. There is currently no drug 

available that could replace PZA and have the same unique effect on eradicating persister 

bacilli. Without such a drug, it is likely that PZA will continue to be re-used, especially 

given laboratory data suggesting that it has synergistic activity with pretomanid and 

bedaquiline [38-40]. Limiting PZA’s effect on the spread of XDR TB would thus require 

expansion of access to resistance diagnostics for second-line drugs, especially in settings 

where MDR TB treatment is being scaled up, and where there is already a high 

prevalence of resistance to PZA and/or fluoroquinolones (e.g., Southeast Asia). Although 

these diagnostics remain poorly sensitive and specific, there is evidence that they 

improve treatment outcomes [41]; they could also help to curb XDR TB by guiding 

clinician decisions on whether or not to include PZA in the treatment regimens of MDR 

TB patients.  
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As we seek ways to accelerate progress towards our targets, treatment remains a key 

component of the TB control toolset. Nevertheless, we must make full use of available 

interventions—and generate the political will and resources to implement them as 

effectively as possible—if we are to achieve TB control. Success may seem far off, but 

what seems impossible today may not be so tomorrow; the past century has been one of 

unprecedented success against infectious diseases old and new, and it is high time to 

extend these successes to TB [42-44]. Hopefully, the work described here provides 

valuable insights into ways to maximize the potential impact of TB treatment as a tool for 

epidemiological control, and make TB a disease of the past once and for all. 
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APPENDIX A 
 

 

 

  

“When you can measure what you are speaking about, and express it in numbers, you 
know something about it. But when you cannot, your knowledge is of a meager and 

unsatisfactory kind.” 

~Lord Kelvin 
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SUPPLEMENTARY MATERIAL TO CHAPTER II 

 

MODEL INPUTS 

We derive our model inputs from published data on the natural history and treatment 

outcomes of TB. In order to account for the four phases of treatment of varying duration 

in our model, we convert proportions to time-dependent rates by dividing proportion 

values by the duration (in years) of each treatment phase. Take, for example, treatment 

phase 1, which lasts two weeks (t1 = 1/24 of a year).  Thus, the sum of all exit rates from 

this phase (failure, tf1, phase completion, tc1, mortality, μ1, and default, δ1) should equal 

24/year.  We next calculate the proportion of individuals entering phase 1 who exit by 

each of these four routes; for example, the proportion of individuals who die is calculated 

as the overall proportion of individuals who die (m = 0.04), multiplied by the proportion 

of those deaths that occur in phase 1 (m1 = 0.27).  The proportion of individuals who 

default is calculated in similar fashion.  The proportion of individuals who fail is assumed 

to be zero unless the regimen ends at the end of the phase (i.e., in phase 1, the failure 

proportion is zero for two-month, four-month, and six-month regimens), in which case 

the failure proportion is assumed to be a value that is the same for all regimens (f = 0.02 

at baseline).  Thus, f represents the probability of failure, conditional on completing 

therapy.  
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Table A.1: Initial state conditions 

 

State Description Number of individuals, per 100,000 

S(0) # in Susceptible compartment 62,280 

L(0) # in Latent TB compartment 31,197 

A(0) # in Active TB compartment 104 

T1(0) # in Treatment phase 1 compartment 4 

T2(0) # in Treatment phase 2 compartment 11 

T3(0) # in Treatment phase 3 compartment 14 

T4(0) # in Treatment phase 4 compartment 13 

C(0) # in Cured compartment 6,377 

N Total population 100,000 
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Table A.2: Model parameters 

Parameter Description Reference/baseline value  

[95% uncertainty range] 

Ref(s) 

β Transmission rate per person-year 8.5 [4.25-12.75] [1]  

p Relative susceptibility to infection after prior exposure to TB 0.4 [0.20-0.60] [2, 3] 

ri Relative infectiousness in treatment phase 1 compared to active TB 0.5 [0.25-0.75]  

r Proportion of infections progressing immediately to active TB 0.15 [0.09-0.26] [4] 

er Rate of endogenous reactivation from latent to active TB, per year 0.0005 [0.0003-0.0008] [5, 6] 

sc Self-cure rate, per year 0.2 [0.10-0.30] [7] 

μ0 Background mortality rate, per year 0.014 [0.01-0.03] [8] 

μTB Mortality rate in active TB state, per year 0.2 [0.10-0.30] [7] 

rl Rate of relapse after treatment, per year 0.001 [0.0005-0.0015] [9] 

cd TB treatment rate, per year  0.84 [0.42-1.26] [10] 

d Overall proportion of treatment default  0.07 [10] 

m Overall proportion of deaths on treatment 0.04 [10] 

f Overall proportion of treatment failure 0.02 [10] 
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Table A.2 (cont.) 
Parameter Description Reference/baseline value  

[95% uncertainty range] 
Ref (s) 

  i= 1 i= 2 i= 3 i=4  
ti Duration of treatment phase i, in years 1/24 1/8 1/6 1/6  
di Proportion of all defaults from a 6-month 

regimen that occur in phase i 
0.03 0.27 0.38 0.32 [11] 

δi Treatment default rate in phase i, per year: 
d*di/ti 

0.05 
[0.03-0.08] 

0.15 
[0.08-0.23] 

0.16 
[0.08-0.24] 

0.13 
[0.07-0.20] 

[10] 

mi Proportion of all deaths on a 6-month treatment 
regimen that occur in phase i 

0.27 0.32 0.205 0.205 [12-14] 

μi Total (background + TB-specific) mortality 
rate in phase i, per year: m*mi/ti 

0.26 
[0.13-0.39] 

0.10 
[0.05-0.15] 

0.05 
[0.02-0.07] 

0.05 
[0.02-0.07] 

[7] 

tfi Treatment failure rate in phase i for regimen 
with n treatment phases, per year (for i=n): f/ti 

0.48  
[0.24-0.72] 

0.16  
[0.08-0.24] 

0.12  
[0.06-0.18] 

0.12  
[0.06-0.18] 

[10] 

       (for i<n) 0 0 0 0  
tci Rate of continuation from phase i to phase i+1 

(or to cure if i=n), per year: 1/ti – (tfi+δi+μi) 
23.69 7.75 5.79 5.70  

dfci Proportion in a 6-month regimen who are cured 
after default in phase i 

0 0.16 
[0.08-0.23] 

0.63 
[0.31-0.94] 

0.86  
[0.43-1] 

[10] 

dffi Proportion in a 6-month regimen who return to 
active TB after default in phase i 

1 0.84  
[0.77-0.92] 

0.38 
[0.06-0.69] 

0.14  
[0-0.57] 

[15, 16] 
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 Figure A.1: Model structure, including parameter definitions 
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MODEL EQUATIONS 

Figure A.1 shows a schematic representation of the model with relevant equations and 

rate constants for transitions between compartments. Initial state conditions for each 

compartment are listed in Table A.1. Model parameters, reference values, and the range 

of values used in the probabilistic uncertainty analysis are listed in Table A.2. 

 

Force of infection  

 

 

The rate at which individuals in each compartment become infected with TB depends 

upon the force of infection (probability of an uninfected individual becoming infected per 

unit time), which varies with time according to the number of infectious (i.e., in active 

TB or treatment phase 1) individuals in the population. Thus, the force of infection F(t) is 

the product of the number of transmissions per unit time β¸ the number of individuals 

with active TB A(t), the number of individuals in the first treatment phase T1(t) 

multiplied by the relative infectiousness of that compartment ri, divided by the total 

number of individuals in the population N (held constant at 100,000 in this model). We 

assume homogenous mixing of the population, such that each susceptible individual has 

an equal chance of coming into contact with an infectious individual. 

 

Infection with rapid progression to active TB  
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Infection with latent TB  

 

A proportion (r) of individuals who become infected with TB progress immediately to 

active disease, such that the rate of progression from the susceptible state to active 

disease νR(t) is equal to the force of infection F(t) multiplied by the proportion of rapidly 

progressing infections r. 

The remainder (1-r) of newly infected individuals progress at a rate νL(t) to a state of 

latent disease, in which they are not infectious.  

 

Reinfection from latent or cured state, with rapid progression to active TB  

 

Individuals in the latent and cured states can become reinfected with TB at a rate 

determined by the force of infection F(t) and the proportion (r) progressing immediately 

to active disease. Prior exposure to TB confers relative protection against reinfection, 

such that only a proportion p of individuals in the latent or cured states are susceptible to 

infection. We vary this “latent protection” parameter widely in sensitivity and uncertainty 

analyses.  

 

Births  

  

We model a closed population, with the number of births B(t) equivalent to the number of 

deaths at any time. The mortality rate constants for each compartment are listed in Table 
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A.2. Individuals in the susceptible, latent and cured states [S(t), L(t), and C(t), 

respectively] progress to death according to a background mortality rate μ0 Rbased on a 

life expectancy at birth of 70 years [8]. Individuals in the active TB state A(t) have an 

additional, TB-related mortality risk μTB. Individuals in the treatment compartments are 

subject to a mortality rate μi that varies with each treatment phase Ti, with 1≤ i ≤4.  

 

Relapse, reactivation, treatment initiation, self-cure 

We assume constant rates of relapse after treatment and reactivation of latent TB to active 

disease (see Table A.2). Individuals in active disease are detected and diagnosed at a 

constant rate to progress to the first phase of treatment. They may also experience self-

cure and progress to the cured state without going through treatment.  

 

Treatment 

We model varying durations of treatment by determining the number of treatment phases 

(n) required for a full treatment course in each simulation, such that the six-month 

regimen requires completion of n = 4 phases and the four-month regimen requires 

completion of n = 3 phases, etc... Entry into the “Cure” compartment requires either 

completion of treatment phase n or cure after default from any treatment phase 1 through 

n. Individuals may complete each phase of treatment, die or default. A proportion of 

defaulters (dfc) will have undergone sufficient treatment to progress to cure, while the 

remainder (dff) returns to the active TB state.  
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The differential equations describing rates of transition between model compartments are 

as follows:  

 

• Susceptible, S:  

At any time, entry into the susceptible state is determined by the number of births 

B(t). The rate of exit is determined by the sum of the rates of progression to active 

disease, latent disease, and mortality (νR(t), νL(t), and μ0, respectively).  

• Latent, L:  

At any time, the number of new latent infections is determined by the number of 

susceptible individuals S(t) multiplied by the rate of progression to latent disease 

νL(t). The rate of exit is determined by the number of individuals in the latent TB 

compartment L(t) multiplied by the sum of the rates of endogenous reactivation to 

active disease er, reinfection with rapid progression to active disease νC(t), and 

mortality μ0.  

• Active TB, A:  

  

At any time, the number of new cases of active disease includes cases resulting from 

rapid progression after initial infection at rate νR(t)for individuals in the susceptible 

state S(t), endogenous reactivation at rate er and reinfection at rate νC(t) for 

individuals in the latent state L(t), and relapse at rate rl and reinfection at rate νC(t) for 

individuals in the cured state, in addition to failure after treatment completion at rate 

tfi and the proportion dffi of individuals in each treatment phase Ti(t) who default at 
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rate δi and subsequently return to the active disease state. The rate of exit is 

determined by the sum of the rates of background mortality μ0, TB-specific mortality 

μTB, TB treatment rate cd, and self-cure without treatment sc.  

• Treatment phase 1, T1:  

• Treatment phase 2, T2:  

• Treatment phase 3, T3:  

• Treatment phase 4, T4:  

At any time, entry into the first phase of treatment is determined by the rate of 

detection cd for individuals in the active disease state A(t). The number of individuals 

from each phase of treatment i who enter the subsequent phase of treatment i+1 (or 

the cured state if phase i is the last phase of treatment) is equal to the rate of treatment 

continuation tci multiplied by the number of individuals in each treatment phase Ti(t).  

Individuals may exit each treatment phase by death at rate μi, default at rate δi, 

continuation to the next phase at rate tci, and failure of treatment at rate tfi if they are 

in the final phase.  

• Cure, C:  

where n = index for last phase of treatment in regimen (e.g., n = 4 for six-month 

regimen, n = 2 for two-month regimen). 

At any time, the number of new cured cases includes self-cure at rate sc for A(t) 

individuals in the active disease state, treatment success at rate tcn for Tn(t) 

individuals in the last treatment phase, in addition to the proportion dfci of the Ti(t) 

individuals in each treatment phase who experience default at rate δi and subsequently 
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progress to the cured state. Exit from the cured state is determined by the rates of 

relapse rl, reinfection νC(t), and mortality μ0. 

 

PARTIAL TREATMENT EFFICACY DATA INPUTS 

We estimated the proportion of relapse among those completing one-third, one-half or the 

entirety of the treatment regimen based on relapse outcomes in early clinical trials of 

short-course TB regimens [15, 17]. These trials report 24% and 14% relapse after 60 

months of follow-up for two-month and four-month treatment regimens consisting of 

streptomycin, isoniazid, rifampin, and pyrazinamide. Similar outcomes were achieved 

with a four-month regimen in a trial conducted in East Africa [18]. We estimate the 

probability of stable cure for patients who default after two months or four months of 

treatment based on the proportion of patients who did not experience relapse over long-

term follow-up in these trials. As a conservative approach, we assume a “stepwise” 

distribution of the probability of cure after default in each phase of treatment; for 

example, the probability of cure with default at any point between four and six months is 

estimated as the probability of cure with completion of four months of treatment.  

 

The best estimate that we found for the probability of cure after two months of treatment 

was from a clinical trial of a two-month regimen in patients with smear-negative, culture-

positive pulmonary tuberculosis [15]. We used data from a review of early clinical trials 

of first-line TB regimens of two to six months to estimate a correction factor based on the 

assumption of relatively faster progression to cure among smear-negatives, who are 

thought to have a lower bacillary burden, compared to smear-positive TB patients [16, 

19]. Because these trials were conducted in the 1970s, we presume that HIV was not a 
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significant factor in the outcomes of smear-positive vs. smear-negative TB. We estimated 

that the probability of relapse after two months of treatment is twice as high among 

smear-positive than smear-negative cases; in sensitivity analyses, we vary this correction 

factor from 1 to 3 and further vary the probability of cure with 2 months of treatment by 

±50% to account for the uncertainty in the values of these parameters. We then compute a 

weighted probability of cure using the relative prevalence of smear-negatives and smear-

positives among new TB cases [10].  

 

We used interpolation to derive estimates for the probability of cure after two weeks of 

treatment, assuming a linear increase between initiation of treatment and the completion 

of two months. This results in an estimated probability of cure of 15.6% among 

individuals who complete two to eight weeks of treatment. To account for the scarcity of 

data for these estimates and the inherent uncertainty related to our assumptions, we used 

a wide range of estimates in sensitivity analyses around these parameters. We assumed 

that there is no chance of cure with default during the first two weeks of treatment. 

 

For the shortened treatment regimens, we adjusted these estimates of probability of cure 

after default as follows: for each 1/3 incremental reduction in total treatment duration 

from the six-month regimen (to four months and two months), the probability of cure at 

phase n increases by 1/3 of the difference in probability of cure between phases i and i+1 

in the six-month regimen. For example, given probabilities of cure of 16%, 63%, and 

86% at two weeks, two months and four months in the six-month regimen, the probability 

of cure at two months in the four-month regimen is computed as 63% + 1/3 * (86% - 
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63%) = 70%. In sensitivity analyses, we vary this correction factor for the probability of 

cure (cpcf) from 1/6 to 1/2.  

 

We also assess the impact of using linear interpolation of the clinical trial data to set the 

probability of cure with default. This represents a less conservative approach, with higher 

probabilities of cure compared to using the stepwise distribution described above. For 

instance, the probability of cure for those who default between months 2 and 4 is 

computed as the mean of the proportions cured with two-month and four-month courses 

of treatment in the trials, rather than as the proportion cured with the two-month 

treatment course. This results in probabilities of cure of 31%, 74%, and 92% with default 

in treatment phases 2, 3, and 4 of standard six-month therapy (vs. 16%, 63%, and 86% 

with stepwise distribution) but does not significantly alter results on the transmission 

impact of novel regimens (1.3% incidence reduction at 10 years with four-month vs. six-

month regimen compared to 1.9% with stepwise distribution). 

 

STRUCTURAL SENSITIVITY ANALYSES 

As a sensitivity analysis, we repeated the main analysis in a setting of declining incidence 

rather than a steady state. We first initialized the model at a steady state reflective of the 

TB epidemic a decade ago, then reduced the transmission rate and simulated the course 

of the epidemic to obtain a decline reflective of current global TB incidence estimates. 

We then simulated the continuation of the six-month regimen or the introduction of 

shorter regimens. 
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We also assessed the robustness of our findings to increased detail in model structure, by 

repeating the analysis with two alternate models. In Model 2, we replaced the single 

“Latent TB” compartment with three sequential compartments reflecting “Immediate” 

(year 1), “Recent” (years 2-5), and “Remote” (years 6 and beyond) latent infection, 

resulting in a total of 10 compartments (Figure A.2, panel A). In this model, reinfection 

can occur in the “Recent” and “Remote” latent infection compartments in addition to the 

“Cured” compartment, and results in return to the “Latent Immediate” compartment. 

Rapid progression can occur from either “Immediate” or “Recent” latent infection, 

resulting in transition to the “active TB” compartment. As in the primary model, we set 

the total proportion of latent infection of cases progressing rapidly to active TB at 15%, 

with 63% occurring in the first year and 37% occurring in the subsequent four years [3]. 

 

In Model 3, we replicated the structure of the original model four times to create four age 

subdivisions (0-14, 15-29, 30-44, and ≥45 years old), resulting in a total of 32 

compartments (Figure A.2, panel B). Rates of background mortality for each age group 

are derived from global life tables estimates [8]. As in the original model, we maintained 

the total population constant by setting the number of births in each timestep equal to the 

total number of deaths, with all individuals being born in the susceptible state in the 0-14 

age subdivision. In addition to progressing through the TB states, individuals in the first 

three age subdivisions progress to the next age subdivision at a rate of 1/15 yr-1. We used 

this model to replicate the analysis under varying assumptions of (1) equal rates of 

infection and reactivation across all age subdivisions, (2) rates of infection set to 50% of 
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the baseline value among children (ages 0-14), and (3) rates of reactivation set to 50% of 

the baseline value among children to assess the impact of differential disease progression 

by age. 

 

For both Model 2 and Model 3, we initialized the model at steady-state and projected 

incidence using the same procedures as in the primary analysis. The conclusions 

remained largely unchanged in all of these sensitivity analyses, with the reduction in 

incidence at 10 years with a four-month vs. six-month regimen ranging from 0.9% to 

2.5% when taking into account the efficacy of partial treatment; as in the primary 

analysis, incidence reduction was overestimated when we did not account for this partial 

efficacy (5.1% to 13.5%; 5.3 to 5.7-fold). Detailed results are presented in Table A.3.  
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Table A.3: Additional sensitivity analysis results 

 Incidence reduction at 10 years 

 With partial 

efficacy 

No partial efficacy 

Primary analysis 1.9% 10.3% 

Declining incidence 1.7% 9.3% 

Model 2 (latent infection) 0.9% 5.1% 

Model 3 (age structure) 2.4% 12.8% 

Model 3, differential infection rates 2.4% 13.0% 

Model 3, differential reactivation rates 2.5% 13.5% 
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Figure A.2: Structural sensitivity analyses  

 

 

A 



 

 

142 

 

Structural sensitivity analyses on (A) latent infection and (B) age structure. Model parameters are the same as in the primary model 

except where indicated otherwise in the legend. Illustration of births and deaths in panel A and age progression in panel B are omitted 

for clarity

B 
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UNCERTAINTY ANALYSIS 

A total of 2,449 combinations of input values were generated using Latin Hypercube 

Sampling [20], of which 1,449 were excluded because they resulted in baseline incidence 

below or above the specified range (62-188 per 100,000). Incidence values from the 

remaining 1,000 combinations of inputs were used to generate 95% uncertainty ranges. 

This selection procedure did not induce appreciable bias in the range of selected values 

for any of the model parameters (Figure A.3). We conducted a similar uncertainty range 

analysis for a moderate-burden setting (incidence 100 per 100,000 ±50% and 3% default 

proportion) and a high-burden setting (incidence 300 per 100,000 ±50% and 20% default 

proportion). A total of 2,086 and 4,009 combinations of input values were generated for 

the moderate-burden and high-burden settings respectively, of which 1,000 resulted in 

incidence values within the specified ranges and were used to generate the 95% 

uncertainty ranges.  
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Figure A.3: Uncertainty analysis 
 

 

 

  

(A) Distribution of input values for each parameter used in uncertainty analysis and 

baseline incidence for each combination of input parameters. (B) Distribution of 

incidence at 15 years with 6-month regimen with full set of initial input values generated 

by Latin Hypercube sampling (LHS) vs. restricted set (incidence 62-188 per 100,000)  

A 

B 
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APPENDIX B 
 

 

 

  

 “It is in the admission of ignorance and the admission of uncertainty that there is a hope 
for the continuous motion of human beings in some direction that doesn't get confined.” 

~Richard Feynman 
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SUPPLEMENTARY MATERIAL TO CHAPTER III 

 

METHODOLOGIC DETAILS 

Overview 

This analysis projects trajectories of drug-resistant TB using a deterministic, dynamic 

transmission model of TB. Because several key parameters essential to modeling TB 

drug resistance are poorly supported with empirical data, we sample input values for 

these parameters. This requires us to define sampling bounds for parameters relating to 

the probability of acquiring resistance, the relative transmission fitness, and the 

probabilities of treatment outcomes for every combination of resistance to three distinct 

drugs, and every treatment regimen modeled in the analysis.  

 

Effects of drug resistance 

Acquired resistance to TB drugs arises due to inadequate treatment that exerts selective 

pressure on populations of bacilli bearing resistance-conferring mutations. In contrast, 

primary resistance occurs when a previously uninfected person is infected by an 

individual with drug-resistant TB and thus develops drug-resistant TB without any prior 

exposure to treatment [1]. 
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Moreover, individuals who initiate TB treatment with pre-existing resistance are even 

more susceptible to developing additional resistance-conferring mutations (resistance 

amplification) compared to those with drug-susceptible disease [1]. We assume that 

genetic mutations conferring drug resistance arise randomly in a bacterial population that 

is sufficiently large, that is, before treatment or very early in the course of treatment. 

Once such mutations occur, selection pressure exerted by inadequate treatment allows the 

mutant bacilli to multiply, resulting in clinical resistance to one or more drugs. With 

fewer fully effective drugs in their regimen, patients with drug-resistant TB are less likely 

to be cured at the end of their treatment; they also have fewer active drugs to provide a 

barrier against the development of further resistance during treatment [2, 3]. The final 

outcome of treatment is conditional on both (1) the chosen treatment regimen and (2) the 

final resistance state (Figure B.1). 
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Figure B.1: Effect of drug resistance and regimen choice on treatment outcomes 
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Regimen choice 

In this analysis patients can receive any of three treatment regimens, depending on 

previous treatment history and available drug resistance diagnostics. The first is the 

standard first-line regimen consisting of isoniazid (INH), rifampin (RIF), pyrazinamide 

(PZA) and ethambutol (EMB) for six months, abbreviated as HRZE. Patients with 

previous TB treatment history may be prescribed a “Category II” regimen that includes 

the same drugs as the first-line regimen, with one additional drug, and is given for eight 

months; we assume that this regimen is no more efficacious than the first-line regimen 

but has lower probability of completion (83% vs. 94%) [4]. Patients who are identified as 

having RIF-resistant TB are offered a standardized second-line regimen, abbreviated as 

STR, consisting of a fluoroquinolone (FQ), PZA, EMB, an injectable aminoglycoside, 

and ethionamide, as is common practice in Southeast Asia and other settings [5-7]. This 

regimen is given for 18-24 months, with even poorer treatment completion (77%) [8]. 

  

Regimen choice depends on the drug susceptibility diagnostic and treatment algorithm. 

Our model inputs for the probability of access to second-line treatment reflect not only 

availability of drug susceptibility testing (DST) in Southeast Asia but also other avenues 

to treatment. For instance, many patients are prescribed second-line treatment on the 

basis of clinical suspicion (e.g, failure of previous TB treatment, known contact with 

MDR TB case) [4]. At baseline, 5% of treatment-naïve patients and 26% of treatment-

experienced patients have access to the standardized second-line regimen. The model 

allows for DST for RIF, FQ and PZA, with differing levels of access for treatment-naïve 

patients, patients who have previously failed TB treatment, and other patients with 
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recurrent TB. The sensitivity values for resistance to each drug (RIF: 98%; FQ: 93%; 

PZA: 80%) reflect the state of current molecular diagnostics and can be altered to 

investigate hypothetical new testing technologies with improved characteristics [9-13]. 

We assume that only detection of RIF sensitivity is available, consistent with current 

availability of DST in Southeast Asia [14]. We assume 100% specificity for simplicity. 

Thus, all patients without RIF resistance (drug-susceptible or resistant to PZA and/or FQ) 

receive the first-line or Category II regimen, depending on previous treatment experience. 

For patients with any RIF resistance, the proportion receiving the standardized second-

line regimen is computed as the product of the probability of access to DST and the 

sensitivity of RIF resistance detection. 

 

Treatment outcomes 

Although we do not explicitly model resistance to INH, empirical data indicate that most 

TB strains resistant to RIF are also resistant to INH [15]. We therefore assume that RIF 

resistance in the model includes underlying resistance to INH and reflect this assumption 

in our treatment outcome probabilities. Table B.1 lists the data sources related to the 

probability of cure vs. failure based on drug resistance and choice of treatment regimen. 

These data are sufficient to define a baseline probability of cure for every combination of 

resistance and treatment regimen considered in the model (Table 3.2). We allow for 

uncertainty around these outcome probabilities by randomly varying the probability of 

treatment failure in each simulation by a multiplicative factor of 0.75-1.25 for drug-

resistant strains, or 0.5-5 for drug-susceptible TB. We apply additional constraints in the 

sampling procedure to ensure that resistance to any given drug in a regimen results in 
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poorer treatment outcomes compared to strains that do not harbor resistance to that drug. 

For example, TB resistant to both RIF and PZA will have poorer treatment outcomes than 

both RIF-resistant/PZA-susceptible and PZA-resistant/RIF-susceptible TB. 

A small proportion of patients who are seemingly cured of TB at the completion of their 

treatment course will nevertheless experience recurrence soon thereafter (relapse). Based 

on published data from Southeast Asia, we set the probability of relapse for patients with 

drug-susceptible TB at 4%, with the remainder of patients experiencing stable cure. We 

apply a relative risk of 4, 3, and 2 respectively, for patients with resistance to RIF, FQ or 

PZA, compared to those with drug-susceptible TB, for the first-line treatment regimen 

[16, 17]. For strains with resistance to multiple drugs, we apply the highest applicable 

relative risk (e.g., for a strain resistant to both RIF and PZA, we apply a relative risk of 4, 

for a final relapse probability of 16%). For patients receiving a second-line regimen 

(which does not contain RIF), we use the same principles but assume that RIF resistance 

has no effect on the probability of relapse; thus, we define the probabilities of relapse 

based only on resistance to FQ and PZA (e.g., for a strain resistant to both RIF and PZA, 

we apply the PZA relative risk of 2, for a final relapse probability of 8%).  

 

Some patients recover from active TB even without completing a full course of treatment. 

Thus, as illustrated in Figure B.2, the overall probability of recovering from active TB 

reflects patients who achieve a stable cure after completing treatment, as well as patients 

who recover despite discontinuing treatment (shown in blue). The overall probability of 

receiving an ineffective treatment regimen reflects patients who complete their treatment 

but remain infectious/symptomatic upon completion, thus prompting an immediate repeat 



 

154 
 

course of treatment (shown in gray). The overall probability of remaining infectious with 

active TB reflects patients who are initially thought to be cured upon treatment 

completion but subsequently experience relapse, as well as patients who remain 

infectious due to incomplete treatment (shown in red). Each of these outcomes is 

conditional on the final drug resistance profile 𝑗𝑗 and the choice of treatment regimen 𝑘𝑘, 

with 𝑐𝑐𝑗𝑗|𝑘𝑘, 𝜙𝜙𝑗𝑗|𝑘𝑘, and 𝜎𝜎𝑗𝑗|𝑘𝑘 denoting the conditional probabilities of cure/recovery, 

ineffective treatment, and continued active TB, respectively, such that 𝑐𝑐𝑗𝑗|𝑘𝑘 + 𝜙𝜙𝑗𝑗|𝑘𝑘 +

𝜎𝜎𝑗𝑗|𝑘𝑘 = 1. 
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Table B.1: Data sources for outcomes upon treatment completion 

 
 

  

Outcome Drug resistance Value References 
First-line treatment 

Cure Drug-susceptible 98% [18] Failure 2% 
Relative risk of cure vs. drug-
susceptible TB 

RIF 0.53 [18] 
PZA 0.86 [19] 

Individualized second-line treatment  
Cure RIF 91% [20] 
Failure 9%  
Absolute reduction in 
probability of cure vs. RIF 
resistance 

RIF/FQ 16% [21] 

RIF/PZA 0 Assumed 
Standardized second-line treatment 

Absolute reduction in 
probability of cure vs. 
individualized regimen 

RIF 0 Assumed 

RIF/FQ 10% [20] 
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Figure B.2: Treatment outcome probabilities 
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Resistance acquisition 

Sampling bounds for the probability of acquiring resistance during a single course of 

treatment are based on a published meta-analysis [22]. This study reported probabilities 

of resistance amplification of 0.008 [95% confidence interval 0.005-0.01] and 0.14 [0.09-

0.2] among patients whose TB was drug-susceptible and drug-resistant at baseline, 

respectively. We therefore set the bounds for the probability of resistance amplification to 

0-2% for patients with no pre-existing resistance to any drug in their treatment regimen, 

and 0-25% for patient with pre-existing resistance to one or more drugs in their treatment 

regimen. Resistance can only be acquired to a drug that is included in a patient’s 

treatment regimen. However, because TB is frequently misdiagnosed as bacterial 

pneumonia, which is commonly treated with fluoroquinolones, we allow for some 

probability (0-1%) of acquiring resistance to FQ for treatment-naïve patients on the 

HRZE regimen. We vary this probability by 1- to 5-fold for previously treated patients, 

who are more likely to have been exposed to fluoroquinolones.  

 

We assume that increasing levels of pre-existing resistance can only increase the 

probability of resistance amplification during treatment. For example, the probability of 

resistance amplification for a TB strain with pre-existing resistance to RIF and PZA must 

be equal to or greater than the probability for a TB strain with pre-existing resistance to 

RIF alone or PZA alone. Pre-existing resistance to a drug that is not included in the 

treatment regimen has no effect. For example, the probability of resistance amplification 

under treatment with the standardized second-line regimen is the same for fully drug-

susceptible strains and RIF-resistant strains, as RIF is not included in this regimen. Using 
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the above principles and assumptions, we derive sampling bounds for each possible 

change in resistance profile and each treatment regimen, as shown in Table B.2. 

 

We also allow for the acquisition of resistance to more than one drug in a single course of 

treatment. If TB bacilli acquire resistance to one drug, they then have an increased 

probability of acquiring resistance to a second drug within the same treatment course. We 

therefore assume sequential acquisition of resistance. For example, resistance can arise to 

drug A first, followed by drug B, or it could arise to drug B first, followed by drug A. If 

𝛼𝛼𝐴𝐴 and 𝛼𝛼𝐵𝐵 R represent the probabilities of acquiring resistance to drug A and drug B 

respectively in a drug-susceptible state on a given treatment regimen, and 𝛼𝛼𝐴𝐴|𝐵𝐵 and 𝛼𝛼𝐵𝐵|𝐴𝐴 R 

represent the probabilities of acquiring resistance to drugs A and B given pre-existing 

resistance to drugs B and A, respectively, then the probability of acquiring resistance to 

both drugs in a single treatment course is computed as: 𝛼𝛼𝐴𝐴𝐴𝐴 =  𝛼𝛼𝐴𝐴𝛼𝛼𝐵𝐵|𝐴𝐴 +  𝛼𝛼𝐵𝐵𝛼𝛼𝐴𝐴|𝐵𝐵. We 

can thus define the complete set of probabilities 𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘 and 𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘
𝑅𝑅  for transitions from 

resistance state 𝑖𝑖 to resistance state 𝑗𝑗, conditional on treatment regimen 𝑘𝑘, for treatment-

naïve and treatment-experienced patients respectively. 
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Table B.2: Upper sampling bounds, probability of resistance acquisition during treatment 

Initial 
resistance 

Acquired 
resistance 

HRZE/ 
Category II 

Standardized 
2nd-line Additional sampling constraints 

None RIF 2% 0  
None FQ 1% N/A  
None PZA 2% N/A  
RIF RIF/FQ 1% 2% Must be equal to or greater than probability of DS→FQ 

RIF RIF/PZA 25% 2% Must be equal to or greater than probability of DS→PZA 

FQ RIF/FQ 2% * 0 Must be equal to or greater than probability of DS→RIF 

FQ FQ/PZA 2% * N/A Must be equal to or greater than probability of DS→PZA 

PZA RIF/PZA 25% 0 Must be equal to or greater than probability of DS→RIF 

PZA FQ/PZA 1% N/A Must be equal to or greater than probability of DS→FQ 

RIF/FQ RIF/FQ/PZA 25% ** 25% 
Must be equal to or greater than probability of 
RIF→RIF/PZA and FQ→FQ/PZA 

RIF/PZA RIF/FQ/PZA 1% 25% 
Must be equal to or greater than probability of 
RIF→RIF/FQ and PZA→FQ/PZA 

FQ/PZA RIF/FQ/PZA 25% † 0 
Must be equal to or greater than probability of 
FQ→RIF/FQ and PZA→RIF/PZA 

 
DS: drug-susceptible 
N/A: not applicable as 2nd-line treatment only available for RIF-resistant TB 
* Set equal to probability of amplification from drug-susceptible state 
** Set equal to probability of RIF→RIF/PZA 
† Set equal to probability of PZA→RIF/PZA 
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Transmission fitness 

We assume that even TB strains with resistance to multiple drugs are at least 50% as 

transmissible as drug-susceptible TB. This lower bound is supported by laboratory data 

estimating the fitness cost of specific drug resistance-conferring mutations in competitive 

growth assays [23]. Although these laboratory assays are not necessarily indicative of the 

relative transmissibility of these TB strains at the population level, which is more difficult 

to assess, they do provide a reasonable bound for possible values. Laboratory data also 

suggest that many resistant strains are nearly as fit as drug-susceptible TB, although 

resistance to RIF is associated with greater costs, and MDR TB strains are known to be 

less transmissible [24, 25]. We therefore set the bounds for the relative transmission 

fitness of TB strains resistant to PZA alone or FQ alone to 0.75-1, and the relative fitness 

of RIF-resistant strains to 0.5-1. For strains harboring resistance to multiple drugs, we set 

the lower bound of transmission fitness at 0.5; we further assume that their relative 

transmission fitness can be no greater than that of strains with less resistance. Thus, if 𝑓𝑓𝐴𝐴 

and 𝑓𝑓𝐵𝐵 represent the relative transmission fitness of strains resistant to drug A and drug B 

respectively, a strain resistant to both drugs has fitness 𝑓𝑓𝐴𝐴𝐴𝐴 ≤ min (𝑓𝑓𝐴𝐴,𝑓𝑓𝐵𝐵). 

 

Our model allows for individuals in the latent (i.e., asymptomatic, uninfectious) TB state 

to become super-infected with a different strain of TB and to subsequently develop active 

(infectious) disease with one of the two strains [26]. We assign the probability of active 

disease developing with one strain vs. the other based on each strains’ transmission 

fitness values. Thus, in an individual latently infected with a strain 𝑖𝑖 (fitness 𝑓𝑓𝑖𝑖) who 

becomes exposed to strain 𝑗𝑗 ≠ 𝑖𝑖  (fitness 𝑓𝑓𝑗𝑗), the superinfecting strain 𝑗𝑗 will become 
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dominant with probability 𝜁𝜁𝑖𝑖,𝑗𝑗 = 𝑓𝑓𝑗𝑗/(𝑓𝑓𝑖𝑖 + 𝑓𝑓𝑗𝑗). For individuals who are reinfected with the 

same strain (i.e., 𝑖𝑖 = 𝑗𝑗),  𝜁𝜁𝑖𝑖,𝑖𝑖 = 1. 

 

Emergence of resistance and transmission 

We randomly sample the time of emergence of resistance to RIF and PZA (𝑡𝑡1; 10 to 40 

years in the past), and FQ (𝑡𝑡2; 10 to 30 years in the past, but after the emergence of 

RIF/PZA resistance). These sampling bounds reflect the timing of availability of the 

HRZE regimen and fluoroquinolones. The variation in the time of emergence of drug 

resistance partly accounts for strains that have only begun to circulate in more recent 

years and have variable transmission fitness due to compensatory mutations that have 

accumulated over time. Once the time of resistance emergence is reached in a given 

simulation, the probabilities of resistance acquisition are scaled up linearly over 5 years, 

reflecting gradual scale-up of the regimen. After setting the sampling bounds for all of 

the parameters described above, we use the midpoint of each sampling range as a 

baseline value to calibrate the sampling range of the transmission parameter (β0) to 

achieve the desired incidence and prevalence values in 2013. Based on this procedure, we 

set the sampling bounds for the transmission parameter at 12 ±4. 
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Table B.3: Model input parameters 

Parameter Description Value/ 
sampling range 

Reference(s) 

𝛽𝛽0 Baseline transmission rate per person-year 8-16 Calibrated 
𝑝𝑝 Proportion progressing rapidly to active TB  0.15 [27] 
𝜓𝜓 Rate of endogenous reactivation from latent to active TB, 

per year 
0.007 [28] 

𝜔𝜔𝐴𝐴 Baseline rate of diagnosis and treatment initiation, per year 0.69 [4] 
𝜔𝜔𝐹𝐹 Rate of repeat treatment initiation for patients on 

ineffective treatment per year 
 
2 

[29] 

𝜖𝜖 Relative susceptibility to reinfection among individuals 
with previous TB exposure 

0.5 [30, 31] 

𝑟𝑟 Relative infectiousness of patients on ineffective treatment 0.2 [32] 
ℎ  Rate of spontaneous recovery from active TB, per year 0.17 [33] 
𝜇𝜇0 Baseline mortality rate, per year 1/70 [34] 
𝜇𝜇𝑇𝑇𝑇𝑇 TB-specific mortality rate, per year 0.17 [33] 
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Table B.3 (cont.) 

Parameter Description Value/ 
sampling range 

Reference(s) 

Transmission fitness and resistance acquisition 
𝑓𝑓𝑖𝑖 Relative transmission fitness, strain 𝑖𝑖  See details in 

“Transmission 
fitness” section 

[23-26] 

 𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘  
 

𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘
𝑅𝑅  

Probability of acquiring resistance per treatment course, 
from strain 𝑖𝑖 to strain 𝑗𝑗, conditional on treatment regimen 
𝑘𝑘, treatment-naïve or treatment-experienced 

See details in 
“Resistance 

acquisition” section 

[22] 

𝑚𝑚𝑅𝑅  Relative risk of FQ resistance acquisition on HRZE, 
treatment-experienced vs. treatment-naïve 

1-5  
 

Assumed 

Treatment outcomes  
𝑥𝑥𝑖𝑖,𝑘𝑘 

 
𝑥𝑥𝑖𝑖,𝑘𝑘𝑅𝑅  

Proportion receiving regimen  𝑘𝑘 among those with TB 
strain 𝑖𝑖, treatment-naïve and treatment-experienced 

See details in 
“Regimen choice” 

section 

[4, 11, 12, 14] 

𝑐𝑐𝑖𝑖|𝑘𝑘 Probability of cure/recovery with strain 𝑖𝑖 and treatment 
regimen 𝑘𝑘 

See details in 
“Treatment 

outcomes” section 

[18-21] 

𝜎𝜎𝑖𝑖|𝑘𝑘 Probability of remaining in active TB state with strain 𝑖𝑖 
and treatment regimen 𝑘𝑘 

𝜙𝜙𝑖𝑖|𝑘𝑘 Probability of ineffective treatment with strain 𝑖𝑖 and 
treatment regimen 𝑘𝑘 
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STATE TRANSITIONS AND MODEL EQUATIONS 

Model state compartments 

The six major compartments in the model reflect the natural history and treatment of 

tuberculosis, as shown in Figure 1, with the “R” subscript denoting patients with previous 

treatment experience:  

- 𝑈𝑈: Uninfected 

- 𝐿𝐿 & 𝐿𝐿𝑅𝑅: Latent infection/recovered from active TB 

- 𝐴𝐴 & 𝐴𝐴𝑅𝑅: Active TB disease 

- 𝐹𝐹: On ineffective (failing) treatment 

 

All compartments (with the exception of the Uninfected compartment) are further 

subdivided into eight possible resistance profiles according the infecting TB strain, as 

denoted by the subscript 𝑖𝑖, where 1 ≤ 𝑖𝑖 ≤  8. Thus,  

- 𝐿𝐿 = ∑ 𝐿𝐿𝑖𝑖8
𝑖𝑖=1  ; 𝐿𝐿𝑅𝑅 = ∑ 𝐿𝐿𝑖𝑖𝑅𝑅8

𝑖𝑖=1  

- 𝐴𝐴 = ∑ 𝐴𝐴𝑖𝑖8
𝑖𝑖=1  ; 𝐴𝐴𝑅𝑅 = ∑ 𝐴𝐴𝑖𝑖𝑅𝑅8

𝑖𝑖=1  

- 𝐹𝐹 = ∑ 𝐹𝐹𝑖𝑖8
𝑖𝑖=1   

The total population is thus computed as 𝑁𝑁 =  𝑈𝑈 + ∑ (𝐿𝐿𝑖𝑖 + 𝐿𝐿𝑖𝑖𝑅𝑅 + 𝐴𝐴𝑖𝑖 + 𝐴𝐴𝑖𝑖𝑅𝑅 + 𝐹𝐹𝑖𝑖)8
𝑖𝑖=1 . 
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Force of infection 

We define 𝜆𝜆𝑖𝑖 as the strain-specific force of infection, which depends on the prevalence of 

each strain in the population as well as the relative transmission fitness. Thus, for any 

strain 𝑖𝑖, with transmission fitness 𝑓𝑓𝑖𝑖: 

 𝜆𝜆𝑖𝑖 =  𝛽𝛽0𝑓𝑓𝑖𝑖𝐼𝐼𝑖𝑖/𝑁𝑁  

𝐼𝐼𝑖𝑖 = 𝐴𝐴𝑖𝑖 + 𝐴𝐴𝑖𝑖𝑅𝑅 + 𝑟𝑟𝐹𝐹𝑖𝑖, reflecting the total number of individuals with active TB caused by 

strain 𝑖𝑖, and accounting for the reduced transmission among individuals on ineffective 

treatment (compartments 𝐹𝐹𝑖𝑖).  

 

Initial infection  

A proportion 𝑝𝑝 of individuals who initially become infected with strain 𝑖𝑖 progress 

immediately to active TB, with the remainder advancing to latent TB. Thus, the per 

capita rates of progression upon initial infection are: 

- 𝑈𝑈 → 𝐿𝐿𝑖𝑖: (1 − 𝑝𝑝)𝜆𝜆𝑖𝑖  

- 𝑈𝑈 → 𝐴𝐴𝑖𝑖: 𝑝𝑝𝑝𝑝𝑖𝑖 

 

Spontaneous recovery 

Spontaneous recovery among both treatment-naïve and treatment experienced individuals 

occurs at the same rate:  

- 𝐴𝐴𝑖𝑖 → 𝐿𝐿𝑖𝑖:ℎ  

- 𝐴𝐴𝑖𝑖𝑅𝑅 → 𝐿𝐿𝑖𝑖𝑅𝑅:ℎ 
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Reactivation 

Progression from latent infection to active disease among both treatment-naïve and 

treatment-experienced individuals occurs at the same rate: 

- 𝐿𝐿𝑖𝑖 → 𝐴𝐴𝑖𝑖:𝜓𝜓  

- 𝐿𝐿𝑖𝑖𝑅𝑅 → 𝐴𝐴𝑖𝑖𝑅𝑅:𝜓𝜓 

 

Reinfection 

Individuals latently infected with strain 𝑖𝑖 can become reinfected with any other strain 𝑗𝑗, 

but have reduced susceptibility to infection. As in initial infection, a proportion 𝑝𝑝 

progress immediately to active disease. The probability 𝜁𝜁𝑖𝑖,𝑗𝑗 that the super-infecting strain 

𝑗𝑗 will become dominant is determined by the relative transmission fitness of the two 

strains, as described earlier.  

- 𝐿𝐿𝑖𝑖 → 𝐿𝐿𝑗𝑗: (1 − 𝑝𝑝)𝜆𝜆𝑗𝑗𝜖𝜖𝜁𝜁𝑖𝑖,𝑗𝑗 , 𝑖𝑖 ≠ 𝑗𝑗  

- 𝐿𝐿𝑖𝑖𝑅𝑅 → 𝐿𝐿𝑗𝑗𝑅𝑅: (1 − 𝑝𝑝)𝜆𝜆𝑗𝑗𝜖𝜖𝜁𝜁𝑖𝑖,𝑗𝑗, 𝑖𝑖 ≠ 𝑗𝑗 

- 𝐿𝐿𝑖𝑖 → 𝐴𝐴𝑗𝑗: 𝑝𝑝𝑝𝑝𝑗𝑗𝜖𝜖𝜁𝜁𝑖𝑖,𝑗𝑗, 𝑖𝑖 ≠ 𝑗𝑗   

- 𝐿𝐿𝑖𝑖𝑅𝑅 → 𝐴𝐴𝑗𝑗𝑅𝑅:𝑝𝑝𝑝𝑝𝑗𝑗𝜖𝜖𝜁𝜁𝑖𝑖,𝑗𝑗, 𝑖𝑖 ≠ 𝑗𝑗 
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Successful treatment 

Individuals exit the active TB compartments according to the baseline rate of diagnosis 

and treatment initiation. The probability of recovery depends on whether additional 

resistance is acquired during treatment, and on the probability of cure/recovery based on 

the final resistance state 𝑗𝑗 given treatment regimen 𝑘𝑘.  

- 𝐴𝐴𝑖𝑖 → 𝐿𝐿𝑗𝑗𝑅𝑅: 𝜔𝜔𝐴𝐴 ∑ (𝑥𝑥𝑖𝑖,𝑘𝑘𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘𝑐𝑐𝑗𝑗|𝑘𝑘), 𝑖𝑖 ≤ 𝑗𝑗𝑘𝑘  

- 𝐴𝐴𝑖𝑖𝑅𝑅 → 𝐿𝐿𝑗𝑗𝑅𝑅: 𝜔𝜔𝐴𝐴 ∑ (𝑥𝑥𝑖𝑖,𝑘𝑘𝑅𝑅  
𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘
𝑅𝑅 𝑐𝑐𝑗𝑗|𝑘𝑘), 𝑖𝑖 ≤ 𝑗𝑗𝑘𝑘  

Patients on ineffective treatment immediately begin a new course of treatment after an 

average of six months. 

- 𝐹𝐹𝑖𝑖 → 𝐿𝐿𝑗𝑗𝑅𝑅: 𝜔𝜔𝐹𝐹 ∑ (𝑥𝑥𝑖𝑖,𝑘𝑘𝑅𝑅  
𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘
𝑅𝑅 𝑐𝑐𝑗𝑗|𝑘𝑘), 𝑖𝑖 ≤ 𝑗𝑗𝑘𝑘   

 

Ineffective and insufficient treatment 

The rates of transition associated with ineffective and insufficient treatment are computed 

similarly, based on the probabilities for each treatment outcome.   

- 𝐴𝐴𝑖𝑖 → 𝐹𝐹𝑗𝑗: 𝜔𝜔𝐴𝐴 ∑ (𝑥𝑥𝑖𝑖,𝑘𝑘𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘𝜙𝜙𝑗𝑗|𝑘𝑘), 𝑖𝑖 ≤ 𝑗𝑗𝑘𝑘   

- 𝐴𝐴𝑖𝑖𝑅𝑅 → 𝐹𝐹𝑗𝑗: 𝜔𝜔𝐴𝐴 ∑ (𝑥𝑥𝑖𝑖,𝑘𝑘𝑅𝑅 𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘
𝑅𝑅 𝜙𝜙𝑗𝑗|𝑘𝑘), 𝑖𝑖 ≤ 𝑗𝑗𝑘𝑘  

- 𝐹𝐹𝑖𝑖 → 𝐹𝐹𝑗𝑗: 𝜔𝜔𝐹𝐹 ∑ (𝑥𝑥𝑖𝑖,𝑘𝑘𝑅𝑅 𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘
𝑅𝑅 𝜙𝜙𝑗𝑗|𝑘𝑘), 𝑖𝑖 < 𝑗𝑗𝑘𝑘   

    

- 𝐴𝐴𝑖𝑖 → 𝐴𝐴𝑗𝑗𝑅𝑅: 𝜔𝜔𝐴𝐴 ∑ (𝑥𝑥𝑖𝑖,𝑘𝑘𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘𝜎𝜎𝑗𝑗|𝑘𝑘), 𝑖𝑖 ≤ 𝑗𝑗𝑘𝑘   

- 𝐴𝐴𝑖𝑖𝑅𝑅 → 𝐴𝐴𝑗𝑗𝑅𝑅: 𝜔𝜔𝐴𝐴 ∑ (𝑥𝑥𝑖𝑖,𝑘𝑘𝑅𝑅 𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘
𝑅𝑅 𝜎𝜎𝑗𝑗|𝑘𝑘)𝑘𝑘 , 𝑖𝑖 ≤ 𝑗𝑗 

- 𝐹𝐹𝑖𝑖 → 𝐴𝐴𝑗𝑗𝑅𝑅: 𝜔𝜔𝐹𝐹 ∑ (𝑥𝑥𝑖𝑖,𝑘𝑘𝑅𝑅 𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘
𝑅𝑅 𝜎𝜎𝑗𝑗|𝑘𝑘), 𝑖𝑖 ≤ 𝑗𝑗𝑘𝑘     
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Births and deaths 

The baseline mortality rate is applied to the 𝑈𝑈 and 𝐿𝐿 compartments, and an increased 

mortality rate is applied to patients with active TB. The population is kept constant such 

that the number of births equals the total number of deaths, with all births occurring in 

the uninfected compartment: 

𝜇𝜇0 ∑ (𝐿𝐿𝑖𝑖 + 𝐿𝐿𝑖𝑖𝑅𝑅)8
𝑖𝑖=1 +  𝜇𝜇𝑇𝑇𝑇𝑇 ∑ (𝐴𝐴𝑖𝑖 + 𝐴𝐴𝑖𝑖𝑅𝑅 + 𝐹𝐹𝑖𝑖)8

𝑖𝑖=1   
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Full system of equations 

The full system of ordinary differential equations in the model can thus be summarized as 

follows, where subscripts  𝑖𝑖, 𝑗𝑗 ∈ {1, … ,8} denote each TB strain, and subscript 𝑘𝑘 ∈

{1,2,3} denotes the treatment regimen: 

 

(1) 𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

= 𝜇𝜇0  ∑ (𝐿𝐿𝑖𝑖 + 𝐿𝐿𝑖𝑖𝑅𝑅)𝑖𝑖 + 𝜇𝜇𝑇𝑇𝑇𝑇 ∑ (𝐴𝐴𝑖𝑖 + 𝐴𝐴𝑖𝑖𝑅𝑅 + 𝐹𝐹𝑖𝑖)𝑖𝑖 − 𝑈𝑈∑ 𝜆𝜆𝑖𝑖𝑖𝑖  

 

(2) 𝑑𝑑𝐿𝐿𝑖𝑖
𝑑𝑑𝑑𝑑

= (1 − 𝑝𝑝)𝜆𝜆𝑖𝑖𝑈𝑈 + ℎ 𝐴𝐴𝑖𝑖 + (1 − 𝑝𝑝)𝜖𝜖 ∑ (𝜆𝜆𝑖𝑖𝜁𝜁𝑗𝑗,𝑖𝑖𝐿𝐿𝑗𝑗)𝑗𝑗≠𝑖𝑖 − �𝜖𝜖 ∑ �𝜆𝜆𝑗𝑗𝜁𝜁𝑖𝑖,𝑗𝑗� + 𝜓𝜓 + 𝜇𝜇0𝑗𝑗≠𝑖𝑖 �𝐿𝐿𝑖𝑖 

 

(3) 𝑑𝑑𝐴𝐴𝑖𝑖
𝑑𝑑𝑑𝑑

= 𝑝𝑝 𝜆𝜆𝑖𝑖𝑈𝑈 +𝜓𝜓𝐿𝐿𝑖𝑖 + 𝑝𝑝 𝜖𝜖 ∑ �𝜆𝜆𝑖𝑖𝜁𝜁𝑗𝑗,𝑖𝑖𝐿𝐿𝑗𝑗�𝑗𝑗≠𝑖𝑖   

      −�𝜔𝜔𝐴𝐴 ∑ �𝑥𝑥𝑖𝑖,𝑘𝑘𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘�𝑐𝑐𝑗𝑗|𝑘𝑘 + 𝜙𝜙𝑗𝑗|𝑘𝑘 +  𝜎𝜎𝑗𝑗|𝑘𝑘��𝑗𝑗≥𝑖𝑖,𝑘𝑘 + ℎ +  𝜇𝜇𝑇𝑇𝑇𝑇� 𝐴𝐴𝑖𝑖   

 

(4) 𝑑𝑑𝐹𝐹𝑖𝑖
𝑑𝑑𝑑𝑑

=  𝜔𝜔𝐴𝐴�∑ �𝑥𝑥𝑗𝑗,𝑘𝑘𝜂𝜂𝑗𝑗,𝑖𝑖|𝑘𝑘𝜙𝜙𝑖𝑖|𝑘𝑘𝐴𝐴𝑗𝑗 + 𝑥𝑥𝑗𝑗,𝑘𝑘
𝑅𝑅 𝜂𝜂𝑗𝑗,𝑖𝑖|𝑘𝑘

𝑅𝑅 𝜙𝜙𝑖𝑖|𝑘𝑘𝐴𝐴𝑗𝑗𝑅𝑅�𝑗𝑗≤2,𝑘𝑘 � +𝜔𝜔𝐹𝐹 ∑ �𝑥𝑥𝑗𝑗,𝑘𝑘
𝑅𝑅 𝜂𝜂𝑗𝑗,𝑖𝑖|𝑘𝑘

𝑅𝑅 𝜙𝜙𝑖𝑖|𝑘𝑘𝐹𝐹𝑗𝑗�𝑗𝑗<𝑖𝑖,𝑘𝑘  

      − �𝜔𝜔𝐹𝐹  ∑ �𝑥𝑥𝑖𝑖,𝑘𝑘𝑅𝑅  𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘
𝑅𝑅 (𝑐𝑐𝑗𝑗|𝑘𝑘 + 𝜎𝜎𝑗𝑗|𝑘𝑘)�𝑗𝑗≥𝑖𝑖,𝑘𝑘 +  𝜔𝜔𝐹𝐹 ∑ �𝑥𝑥𝑖𝑖,𝑘𝑘𝑅𝑅  𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘

𝑅𝑅  𝜙𝜙𝑗𝑗|𝑘𝑘� + 𝜇𝜇𝑇𝑇𝑇𝑇𝑗𝑗>𝑖𝑖,𝑘𝑘 � 𝐹𝐹𝑖𝑖  

 

(5) 𝑑𝑑𝐿𝐿𝑖𝑖
𝑅𝑅

𝑑𝑑𝑑𝑑
= ℎ 𝐴𝐴𝑖𝑖𝑅𝑅 +  𝜔𝜔𝐴𝐴 ∑ �𝑥𝑥𝑗𝑗,𝑘𝑘𝜂𝜂𝑗𝑗,𝑖𝑖|𝑘𝑘𝑐𝑐𝑖𝑖|𝑘𝑘  𝐴𝐴𝑗𝑗�𝑗𝑗≤𝑖𝑖,𝑘𝑘 +  𝜔𝜔𝐴𝐴 ∑ �𝑥𝑥𝑗𝑗,𝑘𝑘

𝑅𝑅 𝜂𝜂𝑗𝑗,𝑖𝑖|𝑘𝑘
𝑅𝑅 𝑐𝑐𝑖𝑖|𝑘𝑘  𝐴𝐴𝑗𝑗𝑅𝑅�𝑗𝑗≤𝑖𝑖,𝑘𝑘   

     + ∑ �𝑥𝑥𝑗𝑗,𝑘𝑘
𝑅𝑅 𝜂𝜂𝑗𝑗,𝑖𝑖|𝑘𝑘

𝑅𝑅 𝑐𝑐𝑖𝑖|𝑘𝑘  𝐹𝐹𝑗𝑗� + (1 − 𝑝𝑝)𝜖𝜖𝑗𝑗≤𝑖𝑖,𝑘𝑘 ∑ �𝜆𝜆𝑖𝑖𝜁𝜁𝑗𝑗,𝑖𝑖𝐿𝐿𝑗𝑗� −𝑗𝑗≠2 �𝜓𝜓 + 𝜖𝜖 ∑ �𝜆𝜆𝑗𝑗𝜁𝜁𝑖𝑖,𝑗𝑗� + 𝜇𝜇0𝑗𝑗≠𝑖𝑖 � 𝐿𝐿𝑖𝑖𝑅𝑅  

 

(6) 𝑑𝑑𝐴𝐴𝑖𝑖
𝑅𝑅

𝑑𝑑𝑑𝑑
= 𝜓𝜓𝐿𝐿𝑖𝑖𝑅𝑅 + 𝑝𝑝 𝜖𝜖 ∑ �𝜆𝜆𝑖𝑖𝜁𝜁𝑗𝑗,𝑖𝑖𝐿𝐿𝑗𝑗𝑅𝑅�+  𝜔𝜔𝐴𝐴𝑗𝑗≠𝑖𝑖 ∑ �𝑥𝑥𝑗𝑗,𝑘𝑘𝜂𝜂𝑗𝑗,𝑖𝑖|𝑘𝑘𝜎𝜎𝑖𝑖|𝑘𝑘𝐴𝐴𝑗𝑗�𝑗𝑗≤𝑖𝑖,𝑘𝑘   

      + 𝜔𝜔𝐹𝐹 ∑ �𝑥𝑥𝑗𝑗,𝑘𝑘
𝑅𝑅 𝜂𝜂𝑗𝑗,𝑖𝑖|𝑘𝑘

𝑅𝑅 𝜎𝜎𝑖𝑖|𝑘𝑘𝐹𝐹𝑗𝑗�+  𝜔𝜔𝐴𝐴𝑗𝑗≤𝑖𝑖,𝑘𝑘 ∑ �𝑥𝑥𝑗𝑗,𝑘𝑘
𝑅𝑅 𝜂𝜂𝑗𝑗,𝑖𝑖|𝑘𝑘

𝑅𝑅 𝜎𝜎𝑖𝑖|𝑘𝑘𝐴𝐴𝑗𝑗𝑅𝑅� 𝑗𝑗≤𝑖𝑖,𝑘𝑘   

      − �ℎ +  𝜔𝜔𝐴𝐴 ∑ �𝑥𝑥𝑖𝑖,𝑘𝑘𝑅𝑅 𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘
𝑅𝑅 (𝑐𝑐𝑗𝑗|𝑘𝑘 +  𝜙𝜙𝑗𝑗|𝑘𝑘)�𝑗𝑗≥𝑖𝑖,𝑘𝑘 + 𝜔𝜔𝐴𝐴 ∑ (𝑥𝑥𝑖𝑖,𝑘𝑘𝑅𝑅 𝜂𝜂𝑖𝑖,𝑗𝑗|𝑘𝑘

𝑅𝑅 𝜙𝜙𝑗𝑗|𝑘𝑘) + 𝜇𝜇𝑇𝑇𝑇𝑇𝑗𝑗>𝑖𝑖,𝑘𝑘 � 𝐴𝐴𝑖𝑖𝑅𝑅  
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MODEL CALIBRATION AND ADDITIONAL ANALYSES 

Simulation selection  

After generating 100,000 simulations using inputs sampled from uniform distributions 

with bounds as described above, we retain trajectories that are consistent with current 

epidemiologic data, using a procedure analogous to an approximate Bayesian 

computation rejection algorithm, as illustrated in Figure 3.2 [35]. The choice of uniform 

prior distributions reflects inherent uncertainty about the values of these parameters. 

Compared to peaked distributions, uniform distributions also increase sampling from the 

bounds of the sampling range, thus ensuring that our sampled parameters sets include 

scenarios that, although unlikely, are important in evaluating the plausibility of extreme 

epidemiologic scenarios. 

 

We generate simulations under two alternative assumptions: (1) that PZA provides 

protection against the development de novo mutations conferring resistance to RIF or FQ 

during treatment and (2) that PZA provides no such protection. In the baseline scenario, 

we sample all parameters inputs as described above. In the alternative (“no-protection”) 

scenario, we modify the probabilities of resistance acquisition such that PZA resistance 

has no effect on further resistance amplification. For example, we set the resistance 

acquisition probabilities for PZAr  RIF/PZAr amplification equal to the sampled values 

for DS  RIFr amplification. Thus, the “no-protection” scenario features lower 

probabilities of resistance amplification among all strains with PZA resistance, compared 

to the baseline scenario.  
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Overall, 1.1% of simulations under the baseline scenario projected epidemiologic 

trajectories consistent with available epidemiologic data for Southeast Asia (Figures B.3). 

The proportion of trajectories meeting each of the calibration criteria is shown in Table 

B.4. To assess the effect of this procedure, we examine the posterior distributions of our 

input parameters among the selected trajectories and compare them to the uniform prior 

distributions using the Kolmogorov-Smirnoff statistic (Table B.5). Attempts to calibrate 

the model to Southeast Asia data under the “no-protection” scenario had a much lower 

yield, with only 47 of 100,000 simulations (0.05%) meeting the calibration criteria, 

primarily due to an inability to match the reported prevalence of RIF resistance among 

FQ-resistant retreatment cases (Table B.4, Figure B.4). Although it is also possible that 

our model was unable to match available data under the no-protection scenario because it 

cannot not fully capture the dynamics of such a system, we interpreted this incongruence 

of model output and epidemiologic data as indicating that the no-protection scenario is 

less plausibly reflective of the true effect of PZA. This interpretation is consistent with 

the ten-fold difference in yield of data-consistent simulations between the two scenarios, 

and previous empirical studies that support a protective role of PZA [17, 36]. We 

therefore retain the data-consistent parameters generated under the baseline scenario for 

all subsequent analyses, and run all simulations assuming a protective effect of PZA 

against resistance to RIF and FQs.  

 

Regression and correlation analyses 

To identify the primary drivers of drug resistance trajectories, we first categorize each 

selected trajectory based on whether it results in a prevalence of drug resistance 
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exceeding a set threshold within 20 years. We scale all of the sampled parameters to z-

scores based on the empirical distribution of values among the selected trajectories. We 

then estimate a multivariate logistic regression model, using the z-scores as explanatory 

variables and report regression coefficients and odds ratios associated with a change of 

0.1 standard deviation. We exclude explanatory variables found to have excessive 

collinearity based on a variance inflation factor >10 in a stepwise procedure, until no 

such parameters remain in the model [37]. Once the final model is defined, we select 

variables with a statistically significant regression coefficient (p<0.05) and rank them 

based on the absolute value of the coefficient. We conduct a similar analysis using partial 

rank correlation coefficients (PRCCs) on the original (i.e., not scaled) values for the 

prevalence of drug resistance.  

 

Alternate epidemiologic settings 

In order to assess the applicability of our results to settings with the highest TB burden, 

we selected the 100 simulations that were most representative of TB epidemiology in 

these countries, as well as in the Southeast Asia region, in terms of overall TB incidence 

and prevalence of MDR TB. For each country (India, Pakistan, Indonesia), we compared 

WHO data to our simulations assuming a joint Poisson likelihood function with the 

WHO-reported estimate as the mean. Although the absolute estimates of the proportion 

of trajectories resulting in a prevalence of pre-XDR TB exceeding the predefined 

thresholds changes, the overall findings are robust: replacing PZA with an alternative 

drug of similar efficacy greatly reduces the projected prevalence of pre-XDR TB (Figure 

B.7).  
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Stochastic model adaptation 

We adapted the system of differential equations shown above to a stochastic model using 

the Gillespie stochastic simulation adaptive tau method, as implemented in the R package 

“adaptivetau” [38]. We further modified the model by incorporating scale-up of MDR 

treatment, improvements in case detection, and decline in TB incidence reflective of 

trends in Southeast Asia in 1995-2013, and applied a 2% annual decrease in incidence to 

better reflect regional trends [39]. We generated 200,000 randomly sampled values for 

key model inputs, as described above, and projected 1 stochastic trajectory for each 

parameter set, using a population size of 10 million individuals. We retained 1,751 

trajectories that met our pre-defined calibration targets based on available epidemiologic 

data from Southeast Asia (Table B.4). We used these simulations to replicate all 

subsequent analyses and compare our findings to those obtained using the deterministic 

version of the model. 
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Table B.4: Calibration criteria 

Epidemiologic criteria Target value References Calibration 
range 

Trajectories within range (%) 

Year Value Baseline No protection 

Annual TB incidence, per 100,000 2013 

2010 

2005 

2000 

1995 

1990 

183 

194 

213 

220 

218 

218 

[4] 

 

137-229 

145-242 

160-266 

165-275 

163-272 

163-272 

42%   42% 

RIF-resistant among new cases (%) 2013 2.2% [4] 1.1-3.3% 32% 29% 

RIF-resistant among retreatment cases 
(%) 

2013 16% [4] 8-24% 46% 40% 

RIF-resistant among retreatment cases 
with FQ resistance (%) 2013 25% 

[40] 

 10-40% 

16% 1.8% 

RIF-resistant among retreatment cases 
with PZA resistance (%) 2013 55% 

[41] 

 40-70% 

45% 30% 

PZA-monoresistant among new cases (%) 2013 
< % RIF 
resistance 

[42, 43] 

 -- 

86% 84% 

FQ-monoresistant among new cases (%) 2013 
< % RIF 
resistance 

[44, 45] 
-- 

99% 99% 
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Figure B.3: Distribution of calibration criteria, baseline scenario  

 

 

Distribution of simulation outcomes used for model calibration, assuming a protective effect of PZA against the development of 

mutations conferring resistance to RIF and FQ. Values meeting the calibration criteria (shown in parentheses) are colored in gray. 
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Figure B.4: Distribution of calibration criteria without protection effect 

 

Distribution of simulation outcomes used for model calibration, assuming that PZA confers no protective effect against the 

development of mutations conferring resistance to RIF and FQ. Values meeting the calibration criteria (shown in parentheses) are 

colored in gray. This assumption resulted in 20 times fewer simulations matching epidemiologic calibration criteria compared to the 

baseline scenario (Figure B.3).
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Table B.5: Distribution of sampled input parameters before and after selection of simulations consistent with current 
epidemiology (baseline scenario) 

  
Sampled values Data-consistent values 

D statistic p-value 
Median 25th %ile  75th %ile  Median 25th %ile  75th %ile  

Time of emergence of resistance 
RIF, PZA 34.864 27.459 42.444 32.681 26.615 39.278 0.120 0.000 
FQ 44.652 39.445 47.997 41.610 36.813 45.512 0.210 0.000 

Probability of resistance acquisition, HRZE regimen 
DS→RIFr 0.010 0.005 0.015 0.011 0.008 0.015 0.147 0.000 
DS→FQr 0.005 0.002 0.008 0.006 0.004 0.008 0.174 0.000 
DS→PZAr 0.010 0.005 0.015 0.010 0.005 0.015 0.019 0.849 
RIFr→RIF/FQr 0.008 0.006 0.009 0.009 0.008 0.010 0.201 0.000 
RIFr→RIF/PZAr 0.130 0.070 0.190 0.188 0.145 0.220 0.328 0.000 
PZAr→RIF/PZAr 0.130 0.070 0.190 0.155 0.098 0.206 0.124 0.000 
PZAr→FQ/PZAr 0.008 0.006 0.009 0.009 0.007 0.010 0.119 0.000 
RIF/PZAr→RIF/FQ/PZAr 0.010 0.009 0.010 0.010 0.009 0.010 0.136 0.000 

Probability of resistance acquisition, standardized 2nd-line regimen 
RIFr→RIF/FQr 0.010 0.005 0.015 0.011 0.006 0.016 0.080 0.000 
RIFr→RIF/PZAr 0.010 0.005 0.015 0.011 0.006 0.016 0.054 0.006 
RIF/FQr→RIF/FQ/PZAr 0.131 0.070 0.191 0.130 0.067 0.188 0.021 0.760 
RIF/PZAr→RIF/FQ/PZAr 0.131 0.070 0.190 0.192 0.139 0.223 0.306 0.000 
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Table B.5 (cont.) 

Transmission fitness 
RIFr 0.750 0.625 0.875 0.634 0.578 0.698 0.388 0.000 
FQr 0.875 0.812 0.937 0.869 0.813 0.929 0.046 0.031 
PZAr 0.875 0.813 0.938 0.818 0.782 0.866 0.291 0.000 
RIF/FQr 0.589 0.532 0.678 0.561 0.524 0.620 0.163 0.000 
RIF/PZAr 0.589 0.533 0.677 0.551 0.521 0.597 0.248 0.000 
FQ/PZAr 0.661 0.580 0.742 0.651 0.579 0.726 0.062 0.001 
RIF/FQ/PZAr 0.515 0.504 0.540 0.512 0.504 0.531 0.074 0.000 

Probability of cure, HRZE regimen 
DS, FQr 0.940 0.915 0.965 0.942 0.915 0.965 0.027 0.441 
RIFr, RIF/FQr 0.520 0.460 0.580 0.490 0.439 0.560 0.136 0.000 
PZAr, FQ/PZAr 0.865 0.847 0.882 0.866 0.846 0.882 0.016 0.956 
RIF/PZAr, RIF/FQ/PZAr 0.406 0.363 0.463 0.372 0.344 0.407 0.248 0.000 

Probability of cure, standardized 2nd-line regimen 
RIFr 0.915 0.903 0.928 0.914 0.902 0.927 0.028 0.426 
RIF/FQr 0.661 0.621 0.701 0.658 0.616 0.697 0.044 0.038 
RIF/PZAr 0.810 0.785 0.835 0.808 0.785 0.833 0.038 0.104 
RIF/FQ/PZAr 0.583 0.531 0.631 0.574 0.521 0.624 0.061 0.001 

Relative risk of FQ resistance acquisition retreatment vs. new cases 
  2.998 2.009 4.001 3.933 3.090 4.539 0.280 0.000 

Transmission parameter 
  12.005 10.013 13.999 11.886 10.810 13.149 0.209 0.000 
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SUPPLEMENTAL RESULTS 

Figure B.5: Projected trajectories of pre-XDR TB  

 

 
(A) Random subsample of generated trajectories up to 2015, shown in gray. 

(B, C) Even after selecting for trajectories consistent with current TB epidemiology, 

shown in red, the range of drug resistance prevalence (B) and the proportion of drug-

resistant TB cases (C) in 2035 vary widely. Replacing PZA with an equally effective 

drug in the treatment regimens of patients with PZA-resistant TB greatly reduced 

projected levels of pre-XDR TB, as shown by the overlaid blue curves.  
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Figure B.6: Projected trajectories of RIF-resistant TB  

 

 

(A) Random subsample of generated trajectories up to 2015, shown in gray. 

(B, C) Data-consistent trajectories of prevalence (B) and proportion (C) of pre-XDR TB 

projected to 2035, shown in red. Replacing PZA with an equally effective drug in the 

treatment regimens of patients with PZA-resistant TB (blue) had little impact on 

projected trajectories.

B 

A 
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Figure B.7: Impact of PZA replacement on projected prevalence of pre-XDR TB 
across high TB burden settings 

 
A     India 

 
 
 
 
 

 
B      Indonesia  

 
C      Pakistan 
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D      Southeast Asia 

 

Proportion of data-consistent simulations in which projected pre-XDR TB prevalence in 

2035 exceeds three pre-defined acceptability thresholds. We selected the 100 simulations 

most representative of TB epidemiology in India (A), Indonesia (B), Pakistan (C) and the 

Southeast Asia region (D). In all cases, replacing PZA with an alternative drug of equal 

efficacy among patients with PZA-resistant TB greatly reduces the proportion of 

trajectories exceeding the pre-XDR TB acceptability threshold in 2035. 

PZA: pyrazinamide
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Figure B.8: Impact of PZA replacement on projected prevalence of pre-XDR TB, in 
deterministic vs. stochastic model 

 

A    Deterministic model

 
B    Stochastic model

 
 

Proportion of data-consistent simulations in which projected pre-XDR TB prevalence in 

2035 exceeds three pre-defined acceptability thresholds. In both the deterministic and the 

stochastic frameworks, replacing PZA with an alternative drug of equal efficacy among 

patients with PZA-resistant TB greatly reduces the proportion of trajectories exceeding 

the pre-XDR TB acceptability threshold in 2035. 

PZA: pyrazinamide 
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Figure B.9: Factors associated with high projected pre-XDR TB prevalence 
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(A) Odds ratios (with 95% confidence intervals) for parameters most strongly correlated with prevalence of pre-XDR TB exceeding 1, 

1.5, or 2 cases per 100,000 population in 2035, baseline scenario. Similar results for the baseline scenario are obtained with alternative 

analyses using partial rank correlation coefficients (B). In contrast, PZA-related parameters became less predictive of pre-XDR 

prevalence if PZA was replaced with an equivalent alternative drug for patients with PZA-resistant TB (C). 

B 
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