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Abstract 

Statement of the Problem: Approximately ten million people develop tuberculosis (TB) each year, 

and this global incidence is declining at a rate of only 2% annually. New diagnostic assays and 

treatment regimens could improve TB control in high-burden settings, but decisions about whether 

and how to use these tools often involve multiple competing considerations. For example, the new 

Xpert MTB/RIF Ultra assay improves sensitivity for TB diagnosis but at the cost of lower specificity. 

New TB treatment regimens that shorten treatment duration too aggressively could reduce treatment 

efficacy. A shorter regimen for multidrug-resistant (MDR) TB may increase treatment access, but the 

non-inferiority of its treatment efficacy remains uncertain. Given such trade-offs, international and 

country-level decision-makers need to anticipate how new tools are likely to affect various local 

patient populations and epidemics.  

Methods: In this dissertation, dynamic transmission models of TB epidemics are used to (1) project 

the impact on MDR-TB incidence in Southeast Asia of a new 9-month treatment regimen, and (2) to 

compare the dependence of novel regimens’ impact on regimen characteristics such as efficacy, 

duration, tolerability, and barrier to resistance. In addition, a Markov model is used to simulate 

clinical outcomes (unnecessary treatments, deaths averted) of adopting the Xpert MTB/RIF Ultra 

cartridge, in several hypothetical settings emblematic of global TB epidemiology and in a specific 

study community in urban Uganda.  

Results: The 9-month MDR-TB regimen could lower MDR-TB incidence by 23% (95% uncertainty 

range 10–38%), but this projection depended on raising both treatment effectiveness and treatment 

availability and on limiting detrimental effects of second-line drug resistance. For novel regimens for 

both rifampin-susceptible and rifampin-resistant TB, treatment efficacy was the most critical of the 

regimen characteristics modeled and was responsible for approximately half of a regimen’s maximal 

epidemiologic impact. The clinical impact of switching to the Xpert MTB/RIF Ultra cartridge varied 
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widely between settings but was most favorable in clinical contexts with high prevalence of both TB 

and HIV, such as in sub-Saharan Africa.  

Conclusions: These mathematical models provide useful, context-specific guidance for deciding 

whether and how to implement new TB treatment regimens or diagnostic tools.  
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Chapter 1: Dilemmas in selection or prioritization of TB diagnosis and treatment 

interventions 

Each year, 10 million people worldwide develop tuberculosis (TB), and more than one million people 

die of TB, making it the world’s foremost infectious cause of mortality. Ending the global TB 

epidemic by 2030 is a component of the United Nations’ Sustainable Development Goals adopted in 

2015, and the World Health Organization (WHO) has laid out targets for reachinge dramatic 

reductions in incidence and mortality over the next two decades [1]. On our current epidemic 

trajectory, however, we will fall far short of achieving these targets (Figure 1.1).  

An important factor in the world’s slow progress in combating TB up until now is the inadequacy of 

conventional tools for diagnosis and treatment of TB. Diagnosing TB is challenging because of TB’s 

wide range of clinical manifestations, because people can transmit disease while asymptomatic, and 

because the sensitivity of the most widely available mode of bacteriologic diagnosis – sputum smear 

– is only around 50%. The introduction of the rapid molecular Xpert MTB/RIF assay (Xpert) in 

2010 considerably improved the accuracy attainable in routine TB diagnostic evaluation, but its 

sensitivity remains less than 90% overall and less than 80% in people living with HIV [2]. Diagnosis 

is also a challenge for drug-resistant TB. Although Xpert can detect resistance to rifampin (the most 

critical form of first-line TB drug resistance), no Xpert or other drug susceptibility testing is 

performed for the majority of newly diagnosed TB patients – and as a result, the annual number of 

incident drug-resistant TB cases outnumbers the number of treatment initiations for drug-resistant 

TB by a factor of more than four [3], allowing the global drug-resistant TB epidemic to largely 

propagate unchecked.  

TB, although curable, is also challenging to treat once diagnosed, due to limitations of current 

treatment regimens. The standard regimen for drug-susceptible TB involves 6 months of daily 

medicines, has significant side effects and drug-drug interactions, and still cures fewer than 90% of 
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the patients who take it. The TB community is in agreement that better regimens are needed, and 

regimen developers, global funders, and policy-makers are particularly hopeful that the current six-

month duration can be reduced and that future ultra-short regimens may transform the delivery of 

TB care. For rifampin-resistant (RR) and other drug-resistant (e.g. multidrug-resistant, MDR) TB, the 

currently available treatment is even more problematic (18-month conventional regimens involving 

daily injections, cure rates <60% globally), and the need for improved regimens is even greater. How 

to prioritize the development of new diagnostic and therapeutic tools, and whether and how to use 

specific new tools as they are introduced, are important questions facing global and country-level TB 

policy-makers, funders, researchers, clinicians.  

Dynamic modeling is a useful tool for addressing multiple types of questions about infectious disease 

epidemics. Mathematical and simulation models can be used to better understand and quantitatively 

estimate non-observable aspects of disease natural history or transmission – for example, to estimate 

parameters describing rates of transmission for infections from childhood viral diseases [4] to 

gonorrhea [5], or to better understand heterogeneity and periodicity of disease transmission (e.g. 

measles [6]). Models can also be used to forecast outbreak size or future endemicity for diseases 

ranging from seasonal influenza [8] to cholera [9] to Ebola [10] in absence of new public health 

interventions. Relatedly, dynamic models can forecast the impact of interventions: for example, the 

extent of mosquito control necessary to eradicate malaria [11], the impact of universal varicella 

vaccination and continued zoster reactivations on the epidemiology of chicken pox [12], or the 

potential for universal HIV testing and antiretroviral therapy to end the global HIV epidemic [13] – 

and they can identify additional data needed to make sure forecasts more accurately.  

Predicting the course of an epidemic and estimating the absolute magnitude of an intervention’s 

impact can be useful in anticipating public health threats and in economic evaluations about how best 

to use scarce health care resources. But some interventions may have both pros and cons from an 

epidemiologic standpoint, and dynamic models can be particularly useful for guiding decisions when 



3 

such trade-offs are involved. For example, when setting rubella vaccination targets, age-structured 

transmission models have been used to ensure that reductions in overall burden of rubella are not 

outweighed by increases in congenital rubella syndrome due to later age of infection among those 

women who do become infected [14]. Similarly, an example from TB is the use of modeling to weigh 

benefits of isoniazid preventive therapy in reducing TB incidence against the risk that it will increase 

acquired drug resistance that could make future TB more difficult to treat [15]. Decisions about the 

use of new diagnostic or therapeutic approaches often present such trade-offs for which modeling 

may aid decision-making.  

In this dissertation, mathematical models are used to address three strategic questions about TB 

control, as faced by international and country-level health policy-makers and funding agencies. In 

these situations, mathematical modeling can serve several purposes, including: (1) Engage a variety of 

stakeholders in distilling a complex problem into a defined question with agreed-upon criteria for 

evaluation; (2) Estimate the expected population-level effects of a potential clinical or public health 

intervention, taking into account all available information about the intervention’s individual-level 

effects, the natural history and epidemiology of TB, and the clinical and epidemiological context(s) in 

which the intervention would be implemented; (3) Characterize the degree of certainty in these 

estimates of effect; and (4) Identify the dependence of predicted effects on individual variables and 

assumptions, including those for which more precise or setting-specific data could significantly alter 

projections and affect decision-making.  

The first question that we address with a modeling analysis, in Chapter 2, is the adoption of the 9- to 

12-month “Bangladesh” regimen for the treatment of MDR-TB. This regimen was endorsed by 

WHO in May 2016 as a conditionally recommended alternative to conventional MDR/RR-TB 

treatment regimens for patients without fluoroquinolone or second-line-injectable drug resistance 

[16]. It is shorter and cheaper than conventional therapy and appeared in early observational studies 

to produce good outcomes compared to historical conventionally treated regimens [17]. However, 
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data were limited about the regimen’s true head-to-head performance against conventional 

MDR/RR-TB therapy (and still are, despite preliminary trial results that have so far failed to 

demonstrate non-inferiority [18]). There are also questions about the regimen’s viability in 

populations with higher prevalence of resistance to pyrazinamide and second-line drugs than was 

found among patients in the initial observational studies (including potential for limited applicability, 

less favorable outcomes, and/or higher rates of acquired fluoroquinolone resistance) [19,20]. Still, 

some modeling analyses suggest that the regimen’s advantages in terms of scale-up and cost could 

have a large impact in certain settings such as Uzbekistan where the current availability of MDR/RR-

TB treatment is severely restricted even if it does not improve outcomes relative to conventional 

therapy among those patients who receive treatment [21]. Decision-makers such as National TB 

Program managers must weigh these considerations – must consider the potential to improve 

treatment outcomes, the uncertainty therein, the extent to which the shorter regimen could increase 

treatment access, and their ability to identify patients who are ineligible due to second-line drug 

resistance and provide them with alternative therapy – in deciding whether (and for which patient 

groups) to adopt this new regimen. In Chapter 2, we use a dynamic transmission model of an MDR-

TB epidemic to explore the potential impact of adopting the shorter regimen in light of these 

uncertainties and trade-offs.  

A second related analysis, presented in Chapter 3, again considers new TB treatment regimens, but at 

an earlier strategic step in the development process as regimens are being constructed and evaluated. 

Specifically, we consider what desirable characteristics of new TB treatment regimens should be 

prioritized most highly in regimen development. Ideally, a new regimen would optimize every aspect 

of treatment simultaneously, but the more likely and more difficult situation is that only some aspects 

can be optimized. While multiple criteria (including ease of development, and cost) will factor into 

decisions about which regimen characteristics to prioritize, an important standard for judging a 

regimen is its impact on future population-level measures of TB burden (e.g. incidence and mortality) 
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– outcome measures that a transmission model can estimate. The context for the analysis presented 

in Chapter 3 was the development, by WHO with significant input from the Bill and Melinda Gates 

Foundation, of target regimen profiles (TRPs) for new TB treatment regimens. The questions 

addressed are also directly relevant to drug developers, regimen developers (e.g. those designing and 

conducting clinical trials of combinations of new and existing drugs), and future guideline developers 

(who may have to decide which of multiple possible drug combinations, or possible durations of a 

given drug combination, to recommend). Although our analysis considered the relative importance 

of a variety of regimen characteristics, one particularly important potential trade-off we evaluated – 

and one about which our modeling analysis led to interesting conclusions – is that between cure rates 

and treatment duration. The global TB community has, for good reasons, identified the development 

of shorter-duration regimens an important goal. However, it is known that there is a strong inverse 

relationship between treatment duration and risk of relapse for existing drug combinations [22], and 

past attempts to develop shorter regimens have led to higher relapse rates than anticipated [23]. In 

pursuing shorter regimens, it is important for regimen and guideline developers to understand the 

potential tradeoffs between the benefits of shortening treatment regimens and the potential harms of 

associated lower cure rates.  

In a third modeling analysis, we explore what clinical impact is likely to result from an updated TB 

diagnostic test. As described above, the Xpert MTB/RIF assay has improved the accuracy of rapid 

TB diagnosis but still has a sub-optimal sensitivity, particularly in pauci-bacillary disease. The new 

Xpert MTB/RIF Ultra (“Ultra”) version of this assay (a new cartridge, released in 2017, which can be 

used on the same GeneXpert platform) was designed to improve this sensitivity. However, a 

diagnostic accuracy study in high-incidence settings showed Ultra also had considerably reduced 

specificity relative to the previous (“standard”) Xpert MTB/RIF cartridge. In order to aid a WHO-

convened group of experts to account for this sensitivity-specificity tradeoff in their 

recommendations regarding the use of Ultra, we developed a model that compares clinical outcomes 
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with standard Xpert and with Ultra. For this analysis, because the most important consequences 

occur among the patients evaluated for TB (with downstream transmission and incidence as a 

relatively small second-order effect), we did not use a transmission model, but instead developed a 

Markov model to simulate individual-level diagnostic and treatment outcomes among all the patient 

in a clinical cohort. This Markov modeling analysis, for each of 3 hypothetical cohorts representing 

patient populations in different clinical settings, is presented in Chapter 4.  

Finally, in Chapter 5, we consider how this model of Xpert Ultra can be applied to make decisions in 

real local patient populations. We first present an Excel tool, developed to allow country- or clinic-

level decision makers to explore the expected clinical outcomes of Ultra in a user-friendly way. We 

then apply both the Excel tool, and the original Markov model, to a local patient population of our 

own: the patients evaluated for TB in a Ugandan health center where we are preparing to conduct a 

study of TB transmission and potential transmission-interrupting interventions.  
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Figure 1.1: Current trend in global TB incidence, compared to the rates of incidence reduction 

per five-year period that will be required to meet WHO End TB Strategy goals for 2035.  
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Chapter 2. Determinants of the population-level impact of adopting a 9-month treatment 

regimen for multidrug-resistant tuberculosis1 

 

2.1  Abstract 

Background: In 2016, the World Health Organization endorsed a nine-month regimen for multidrug-

resistant tuberculosis (MDR-TB) that is cheaper and potentially more efficacious than conventional, 

longer MDR-TB treatment. The population-level implications of scaling up this regimen remain 

unknown. 

Methods: Using a dynamic transmission model, we simulated the introduction of this short-course 

regimen and projected the corresponding reduction in MDR-TB incidence by 2024. The primary 

analysis assumed that the short-course regimen would expand MDR-TB treatment (through saved 

resources/capacity) and achieve long-term efficacy at levels seen in preliminary cohort studies, in a 

representative Southeast Asian setting. Extensive sensitivity analyses explored a range of alternative 

assumptions. 

Findings: We projected that, under these primary (optimistic) assumptions, the short-course regimen 

could reduce MDR-TB incidence by 23% (95% uncertainty range [95% UR]: 10-38%), relative to 

continued use of longer MDR-TB therapy – resulting in an MDR-TB incidence of 3.3 (95% UR: 2.2-

5.6) per 100,000 in year 2024 under the short course regimen, compared to a projected MDR-TB 

incidence of 4.3 (95% UR: 2.9-7.6) per 100,000 under continued use of longer therapy. Assuming the 

new regimen affected only treatment efficacy, it reduced MDR-TB incidence by 14% (95% UR: 4-

28%); assuming it affected only treatment availability, the reduction was 11% (95% UR: 3-24%). 

Under more pessimistic assumptions regarding second-line drug resistance, the short-course regimen 

                                                           
1 Published as: Kendall EA, Fojo AT, Dowdy DW. “Expected effects of adopting a 9 month regimen for 
multidrug-resistant tuberculosis: a population modelling analysis.” Lancet Respir Med. 2017 Mar;5(3):191-
199. doi: 10.1016/S2213-2600(16)30423-4.  
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had minimal impact and potential for harm. The novel regimen’s impact was greater in settings with 

more ongoing MDR-TB transmission, but results were otherwise similar across settings characterized 

by different levels of TB incidence and MDR-TB prevalence. 

Interpretation: A short-course MDR-TB regimen has potential to substantially impact the MDR-TB 

epidemic, but this impact depends on its long-term efficacy, its ability to facilitate expanded 

treatment access, and the role of second-line drug resistance. 

 

2.2  Introduction 

Multidrug-resistant tuberculosis (MDR-TB), present in 3-4% of new TB cases and 20% of previously 

treated cases globally (with much higher prevalence in certain countries), causes 190,000 deaths each 

year and presents a major challenge to clinicians and policymakers [24]. Fewer than half of all notified 

TB cases with underlying MDR are identified as such, and with the scale-up of Xpert MTB/RIF 

(Cepheid, Inc.; Sunnyvale, CA, USA), many of those diagnosed with rifampin resistance have no 

access to appropriate treatment. Among individuals appropriately treated for MDR-TB, success rates 

using conventional, 20-24 month regimens (subsequently referred to as “longer therapy”) still 

languish at only 50% globally [25], due to a variety of factors including limited drug efficacy [25,26], 

lengthy and toxic regimens that are difficult to complete [27], and high rates of prevalent [28] and 

acquired resistance [29] to drugs used in second-line regimens. MDR-TB treatment is also resource-

intensive, costing thousands of dollars per patient [30] and consuming up to half of TB control 

budgets in high-burden countries [24].  

One potential solution to these challenges is the use of a shorter, cheaper, more effective, and more 

tolerable novel regimen to expand treatment capacity and improve treatment success. In May 2016, 

the World Health Organization (WHO) [31] made a conditional recommendation for a new short-

course regimen that can treat most MDR-TB patients in 9-12 months. This regimen (which consists 
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of an initial 4-6 month phase of seven drugs including a second-line injectable, followed by a 5-

month continuation of four of the oral drugs including pyrazinamide and a fluoroquinolone) costs 

less than $1000 per patient and has shown promising efficacy with more than 80% cured in initial 

observational cohorts [17,32–34]. WHO now recommends this short-course regimen for pulmonary 

MDR-TB patients without confirmed or probable resistance to key drugs in the regimen, 

acknowledging limited capacity to test for such resistance in many settings [16].  

There are unknowns about this new short-course regimen, however. First, the efficacy of this 

regimen appears superior in observational cohorts [31], but rigorous comparisons of long-term 

efficacy will not be available until 2018 [35]. In addition, use of this shortened regimen requires 

testing for susceptibility to additional drugs (fluoroquinolones and second-line injectable drugs, 

resistance to which is common in some MDR-TB patient populations [36]), and great uncertainty 

exists regarding treatment outcomes in those with resistance to other components of the regimen 

[31] (particularly pyrazinamide – to which 50% or more of MDR-TB strains are resistant [28]) – 

raising concerns about the regimen’s effectiveness and usefulness in geographical settings with more 

extensive resistance than the settings where it was developed and first tested [37]. Furthermore, it 

remains uncertain whether programs can truly use resources freed by a shorter regimen to expand 

treatment access for patients with MDR-TB. Finally, the impact of this regimen may differ 

substantially from one epidemiological setting to another. 

In order to investigate the potential impact of this novel regimen in light of these uncertainties, we 

used a transmission model of MDR-TB to project outcomes under different assumptions regarding 

regimen efficacy, treatment access, treatment outcomes in patients with additional drug resistance, 

and underlying epidemiology.  

 

2.3 Methods 
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2.3.1 Model description 

We developed a compartmental transmission model of an MDR-TB epidemic, similar to previous TB 

models [38,39], with explicit representation of MDR-TB diagnosis and treatment, as illustrated in 

Figure 2.1. The full model is described in Appendix 1. In brief, both drug-susceptible and MDR-TB 

strains circulate in a population, with MDR-TB emerging during treatment of drug-susceptible TB 

[22] and subsequently also spreading through person-to-person transmission. Active TB, once 

symptomatic, is identified and treated at a given rate, but only a fraction of patients is tested for 

MDR and treated accordingly. Treatment is either apparently effective (symptoms and infectiousness 

resolve, followed either by lasting cure or temporary resolution with subsequent relapse to active TB) 

or ineffective (associated with ongoing TB mortality risk and infectiousness). Longer MDR-TB 

therapy is modeled as lasting a median of 20 months and representing a full attempt at treatment, 

including any changes made to the initial regimen based on clinical response or drug susceptibility 

testing (DST) results; outcomes are based on observational cohorts [26]. We assume that those who 

do not respond to a full MDR-TB treatment attempt remain infectious until either death or 

spontaneous resolution.  

2.3.2 Calibration 

To explore a large and representative number of scenarios consistent with these data, we considered 

two million sets of model parameters drawn from distributions based on existing literature (Table 

2.1, and Appendix 1 Table A1.1). Appendix 1 provides details of the subsequent calibration process 

[38]. In the primary analysis, we calibrated the model to a setting characterized by WHO estimates of 

TB incidence, prevalence, mortality, and MDR prevalence (among new and retreatment TB 

notifications) for the Southeast Asian region in 2014 (Table 2.2) [24]. 

To model the expansion of MDR-TB diagnosis and treatment that has occurred over the past 

decade, the proportions of MDR-TB patients who are identified (e.g. by Xpert MTB/RIF) and 
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considered for MDR-TB treatment are increased linearly over time, from zero in 2004 to reported 

levels (3.8% and 67% among new and retreatment TB patients, respectively) in 2014. For the primary 

analysis, we assume that the probability of MDR-TB treatment subsequently remains constant 

(reflecting a relatively fixed treatment budget), whereas the short-course regimen allows expanded 

MDR-TB case detection and treatment (reflecting its lower cost/resource requirement). Sensitivity 

analysis of continued DST scale-up even in absence of the short-course regimen is presented in 

Appendix 1.  

2.3.3 Modeling a short-course MDR-TB regimen 

We modeled the introduction of a short-course regimen for MDR-TB as an instantaneous switch to 

the new regimen in 2016 (reflecting a simulated policy change with rapid restructuring of the MDR-

TB treatment program), for patients who are diagnosed with MDR-TB and are not found to have 

additional drug resistance that makes them ineligible.  

To estimate the number of additional MDR-TB patients who could be treated in a budget-neutral 

introduction of the novel regimen, we compared the costs of drugs and MDR-TB clinical care for 

each regimen. Drug costs for the short-course regimen are less than half those of longer MDR-TB 

therapy, and the shorter durations of the intensive phase and the overall treatment course also reduce 

other associated health care costs [31], while added second-line DST costs are small relative to the 

total cost of treatment [40]. We therefore assumed in the primary analysis, for simplicity, that twice as 

many patients could be treated with the short-course regimen (on the same budget) as with longer 

therapy. We implemented this doubling by expanding the number of MDR-TB cases offered 

treatment, first to previously treated patients and then to new patients.  

In the primary analysis, we modeled the following differences between longer therapy and the short-

course regimen: 
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 Eligibility: Approximately 10% of MDR-TB patients are found to have additional drug 

resistance that disqualifies them from the short-course regimen, leading to very poor 

outcomes as described below.  

 Duration: median 10 months for the short-course regimen versus 20 months for longer 

therapy [17]. 

 Loss to follow-up: reduced by half with the short-course regimen. 

 Treatment success for people remaining in treatment: 92.5% for the short-course regimen 

[17], versus 66 to 85% for longer therapy [26]. (Note that this percentage – which includes 

only those not lost to follow-up – is higher than reported figures that do not distinguish 

between loss to follow-up and other adverse outcomes.) 

 Relapse risk after successful treatment: 1% for the short-course regimen, versus 1-10% for 

longer therapy. 

We based the estimated outcomes of the short-course regimen on a published observational cohort 

in Bangladesh [17]; similar results were obtained elsewhere [31,34]. The estimated 10% ineligibility 

for the short-course regimen assumes that patients would be screened for second-line resistance with 

a line probe assay (of imperfect sensitivity) [41], moxifloxacin resistance would be similar to levels 

observed in Pakistan and Bangladesh [28], and second-line injectable mono-resistance would be rare 

[42,43]. In the primary analysis, we also assumed, conservatively, that patients found to have such 

disqualifying additional drug resistance would experience very poor outcomes, comparable to those 

reported for extensively drug-resistant (XDR) TB [24] and to TB outcomes in the pre-antibiotic era 

[44] (i.e., that 50% of these patients will ultimately die of TB, though such death may occur well after 

treatment is completed).  

We explored a number of alternatives to the above assumptions, as listed in Table 2.3. Alternatives 

involving interrelated aspects of second-line drug resistance prevalence, diagnosis, and associated 

treatment outcomes were explored combinatorially as detailed in Table 2.4.  
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The primary outcome for each scenario was the percent reduction in MDR-TB mortality in 2024, 

compared to projections under continued use of longer therapy. Results are reported as the median 

simulated value and corresponding 95% uncertainty range (UR), reflecting the 2.5th to 97.5th 

percentile of data-consistent simulations. 

2.3.4 Sensitivity Analysis 

We performed sensitivity analysis of the primary results to all underlying model parameters. We also 

evaluated the sensitivity of our results to assumptions about ongoing DST scale-up as noted above, 

to underlying dynamics of MDR-TB acquisition, transmission, and reactivation, and to alternative 

epidemiologic scenarios reflecting a range of both TB incidence and MDR-TB prevalence; these are 

detailed in Appendix 1.  

 

2.4 Results 

Model results (reflecting 11,289 data-consistent simulations) replicated our epidemiological 

calibration targets well, as shown in Table 2.2. Posterior distributions of model parameters favored 

lower rates of MDR acquisition and transmission (reflecting that MDR-TB is present in only 2% of 

new TB notifications, despite decades of treatment with isoniazid and rifampin) but otherwise 

suggested no strong support for specific parameter values within the ranges of the specified prior 

distributions (see Appendix 1 Figure A1.2). 

Assuming current practices continue, we projected that MDR-TB incidence would decrease by a 

median 14% over 10 years (from 4.9 to 4.3 per 100,000 per year, Figure 2.2A), reflecting higher levels 

of MDR-TB treatment than in the past. However, changes from -36% to +39% fell within the 95% 

uncertainty range, reflecting the paucity of longitudinal MDR-TB data available.  



15 

Despite this uncertainty in the overall trajectory of MDR-TB, short-course treatment was 

consistently projected to have benefit under the assumptions of the primary scenario. We projected 

that, eight years after introduction of the short-course regimen, MDR-TB incidence would be 23% 

lower with the short-course regimen than with continued use of longer therapy (95% UR: 10-38%; 

Figure 2.2B). A slightly larger reduction in MDR-TB mortality was projected (31%; 95% UR: 14-

46%) than for incidence.  

The magnitude of the short-course regimen’s impact was dependent on several key assumptions 

(Figures 2.3 and 2.4). If the short-course regimen improved outcomes among those treated but did 

not facilitate an increase in the number of MDR-TB patients treated (alternative #1), it was projected 

to reduce MDR-TB incidence by only 14% (95% UR: 4-28%). Similarly, if the short-course regimen’s 

benefit was restricted to expansion of treatment access alone (alternative #2), then the projected 

impact on MDR-TB incidence in 2024 fell to 11% (95% UR: 3-24%). Furthermore, if we assumed 

(alternative #3) that a finding of equivalent efficacy between the two regimens relied on the short-

course regimen only being used in those without additional resistance (while those excluded from the 

short-course regimen would experience very poor outcomes), then short-course therapy could have 

minimal impact on the MDR-TB epidemic as a whole (3% reduction in MDR-TB incidence, 95% 

UR: 9% increase to 16% reduction), despite doubling the number of people treated for MDR-TB. 

Similarly pessimistic projections were seen when the prevalence of disqualifying drug-resistance was 

increased to 30% (alternative #5). Figure 2.4 shows the projected impact of the short-course regimen 

in a given setting as a function of three measureable parameters: (1) treatment outcomes among 

those who take the short-course regimen; (2) treatment outcomes among those excluded from the 

short-course regimen (and thus given longer therapy); and (3) the proportion of the population 

excluded from the short-course regimen.    

In sensitivity analysis, the relative impact of the short-course regimen did not depend substantially on 

the degree of future DST scale-up (Appendix 1 Figure A1.4). Other variables that strongly influenced 
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the impact of short-course MDR therapy included the long-term efficacy of longer therapy and 

assumptions about the duration and trajectory of the MDR-TB epidemic (Appendix 1 Figures A1.5 

and A1.6). The regimen’s impact showed little sensitivity to the balance of acquired versus 

transmitted MDR-TB (Appendix 1 Figure A1.7) and was only moderately sensitive to the balance of 

recent versus remote MDR-TB transmission. Similarly, the short-course regimen had greater 

potential impact in high-MDR-prevalence settings; results were otherwise similar across a range of 

simulated epidemiological settings (Appendix 1 Table A1.3).  

 

2.5 Discussion 

This epidemic model suggests that implementing the short-course MDR-TB regimen could have 

important impact on MDR-TB epidemics – with an estimated 23% reduction in MDR-TB incidence 

over eight years, relative to continued use of longer therapy. This impact depends on key 

assumptions, including improved long-term efficacy, ability to leverage resource savings into a larger 

number of people treated, and minimizing poor outcomes resulting from additional drug resistance. 

If these assumptions prove incorrect, the short-course regimen could have minimal or even 

detrimental impact – for example, possibly having no effect on MDR-TB incidence even if the 

number of people treated for MDR-TB could be doubled. These findings emphasize the need for 

additional data collection as the short-course regimen is rolled out and highlight that implementing 

this regimen could achieve important population-level impact, but also that this result is far from 

certain.  

More efficacious regimens for MDR-TB are sorely needed, and a significant portion of the projected 

impact of a shorter regimen derives from the assumption of superior efficacy in those treated. The 

high treatment success rates of >80% and relapse risks of <1% [31] observed in initial short-course 

regimen cohorts are promising compared to published success rates (with longer therapy) of 50% 
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globally [24] and 62% among MDR-TB patients who would have met short-course regimen inclusion 

criteria [31]. Whether efficacy of this novel regimen is truly superior (and durable) awaits the results 

of an ongoing clinical trial [35]. Our results suggest that if the short-course regimen is not more 

efficacious than longer therapy in eligible patients, its impact will largely depend on whether it can 

facilitate expanded MDR-TB treatment and whether patients with disqualifying resistance can be 

appropriately triaged and successfully treated. In hotspots of more extensive drug resistance, the 

conditions under which the regimen offers benefit will be more limited – and will depend even more 

on the achievable gains in efficacy and resource use.  

Due to the high cost of traditional MDR-TB care, the potential to diagnose and treat more MDR-TB 

cases within constrained budgets contributes strongly to the short regimen’s potential impact. Our 

projections are similar to an estimate of the impact of universal Xpert use in India, accompanied by 

gradual improvement in MDR-TB treatment outcomes (25% reduction in MDR-TB incidence over a 

decade) [45]. However, unlike that prior analysis, we explore a mechanism (short-course treatment) 

by which such increased treatment access and improved treatment outcomes could potentially be 

achieved in budget-neutral fashion, if per-patient savings were used to identify and treat more 

patients. If resources were reallocated elsewhere, the impact of the short-course regimen on MDR-

TB incidence would shrink, but the overall impact on burdened TB programs and health systems – 

as well as on patients for whom MDR-TB can be economically devastating – could remain 

substantial. Future analyses to explicitly evaluate the economic impact of the short-course regimen 

are warranted. We also assume that availability of clofazimine will meet demands, that DST can be 

performed before patients are lost to follow-up, and that scale-up of the short-course regimen will 

occur rapidly. To the extent that scale-up is slow, incomplete, or associated with increased 

pretreatment losses to follow up, impact will be diminished. Moreover, although children and extra-

pulmonary TB contribute little to TB transmission, the still-uncertain usefulness of the short-course 

regimen in such populations will affect its ability to reduce MDR-TB morbidity and mortality.  
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Our model highlights an important drawback of the short-course regimen: its reliance on component 

drugs to which resistance is prevalent among some MDR-TB populations [28,46]. At baseline, we 

assumed that 10% of people without previous MDR-TB treatment would be identified as having 

resistance to fluoroquinolones or second-generation aminoglycosides (contraindications to the short-

course regimen) and excluded on that basis. In settings where this number is 30% [47] or higher [48], 

we project markedly diminished impact of the novel regimen. Relatedly, settings that implement the 

short-course regimen without sufficient capacity for rapid second-line DST may experience reduced 

regimen efficacy and diminished short-term benefit, as well as long-term risk of amplified second-line 

drug resistance. Pyrazinamide resistance also could limit the short-course regimen’s impact. 

Pyrazinamide is included for the duration of the regimen and may be important for ensuring good 

treatment outcomes or preventing additional drug resistance, but 37-81% of MDR-TB strains may be 

pyrazinamide resistant [28]. Assessment of pyrazinamide’s role is therefore urgently needed; if further 

study determines that individuals with resistance to pyrazinamide should also be excluded from 

taking this regimen (resulting in exclusion of nearly 50% of MDR-TB patients from the short-course 

regimen in Southeast Asia [28], and a greater proportion in some other settings [49]) then the 

regimen’s population-level impact is likely to be very limited. 

As with all models, our analysis involves certain limitations. Our model projections reflect 

uncertainty related to trends in first- and second-line resistance, rapidly changing diagnostic and 

treatment practices, and limited data on the population dynamics of MDR-TB. Importantly, this 

model assumes a simplified homogenous mixing and may overestimate the impact of this regimen in 

specific settings. The model used in this analysis also simplifies its dynamic representation of drug 

resistance to only two strains. Resistance to other drugs is implicitly factored into treatment 

outcomes, but transmission of multiple drug-resistant strains is not explicitly modeled. For this 

reason, we limited projections to a relatively short (<10 year) time horizon over which the selection 

of resistance to second-line drugs is expected to have relatively little epidemiological impact. 
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Mounting second-line resistance – if it occurs – could lead to worse outcomes over time than those 

projected here, especially in the longer term. Future modeling analyses could evaluate the effect of 

the short-course regimen on acquisition and emergence of fluoroquinolone resistance. We also were 

unable to model all the complexities of TB epidemics; for example, we did not explicitly model 

individual heterogeneity in HIV or diabetes status or variation in TB-associated or background 

mortality rates over time, but these may be important considerations in certain settings.  

In summary, this analysis illustrates the potential for a newly recommended short-course regimen to 

have important impact on the MDR-TB epidemic. However, it also highlights that this impact is 

dependent on certain key factors, including the regimen’s long-term efficacy, the ability to facilitate 

scale-up of MDR-TB treatment through saved resources, and the number and outcomes of patients 

who are excluded on the basis of additional drug resistance. Critical pieces of data in estimating the 

ultimate impact of this regimen include evidence of durable efficacy in a randomized trial, as well as 

data on the effect of resistance to pyrazinamide, which is highly prevalent in MDR-TB. Additional 

research to develop better regimens in the future will be essential, given these key limitations of the 

current short-course regimen. Ultimately, in making urgent decisions about whether to implement 

this novel regimen at the country and global levels, the potential to reduce MDR-TB incidence by 

20% or more must be weighed against the substantial uncertainty still surrounding the long-term 

effects of this regimen on the population dynamics of MDR-TB.  
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Table 2.1: Select model parameters*  

Parameter Median 
Estimate 

Sampling 
Range† 

Referenc
es* 

Probability of rapid progression after initial TB 
infection 

0.14 0.08-0.25 [50] 

Protection from latent infection, against rapid 
progression after reinfection  

0.5 0.1-0.9 [51] 

Reactivation rate, latent to early 
(asymptomatic) active TB [year-1] 

0.001 0.0005-0.002 [52] 

Rate of TB diagnosis and treatment initiation 
[year-1] 

1 0.7-1.5 [24]  

Proportion failing to initiate MDR treatment 
after MDR-TB diagnosis (in excess of DS-TB loss 
to follow up) 

0.05 0.03-0.10 [24] 

Treatment efficacy§    

      New DS-TB patients, first-line therapy 0.98 0.96-0.99 [24] 

      MDR-TB patients, longer therapy 0.77 0.66-0.85 [26] 

Proportion who relapse, among those with 
apparent treatment response 

   

      New DS-TB patients, first-line therapy 0.040 0.026-0.060 [22] 

      MDR-TB patient, longer therapy 0.040 0.015-0.100 [53] 

Probability of loss to follow up during therapy    

      First-line therapy 0.06 0.03 – 0.1 [24] 

      Longer MDR-TB therapy 0.19 0.14-0.25 [24] 

Relative transmissibility of MDR strain 0.60 0.38-0.94 [54] 

Risk of acquiring MDR during first-line therapy 0.005 0.0025-0.01 [22] 

Proportion disqualified from the short-course 
MDR regimen 

0.1 0.07-0.15 [28,55] 

* See Appendix 1 Table A1.1, for a complete list of parameters and additional references, and 

Appendix 1 Table A1.2 for an illustration of how the values of treatment-related parameters 

translate to observed treatment outcomes. 

† Log-normal distributions were used for continuous measures bounded from 0 to infinity, and 

logit-normal distributions for continuous measures bounded from 0 to 1. The ranges shown 

reflect the 2.5th through 97.5th percentiles of these distributions.  

§ Fraction of treated patients who have an apparent treatment response, including those who 

may later be lost to follow up and/or experience relapse.   
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Table 2.2: Calibration targets and model fit 

 Reported values* for 
Southeast Asia† 

Model values (median 
and 95% range) 

TB incidence /100,000/year  203 (192-232) 203 (191-207) 

Annual change in incidence -2% -2.2% (1.8-2.8%) 

TB prevalence /100,000 275 (224-330) 271 (228-323) 

TB mortality /100,000/year 26.2 (20.9-32.6) 26.7 (21.2-32.3) 

MDR %, new notifications 2.2 (1.9-2.6) 2.1 (1.9-2.5) 

MDR %, retreatment notifications 16 (14-18) 16.7 (14.4-17.9) 

*All estimates reflect World Health Organization reported figures [24], restricted to adult 

pulmonary TB, and are expressed per 100,000 population over age 15. Estimates from WHO are 

adjusted based on the fraction of TB cases that are pulmonary, the fraction estimated to occur 

in adults, and the fraction of the Southeast Asian population that is over age 15.  

† Member states of WHO Southeast Asia region: Bangladesh, Bhutan, Democratic People's 

Republic of Korea, India, Indonesia, Maldives, Myanmar, Nepal, Sri Lanka, Thailand, Timor-Leste 
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Table 2.3. Assumptions in primary scenario and alternative scenarios 

Variable  Primary Comparison Alternative scenarios Location of 
Analysis Baseline Short-

Course 
Regimen 

Level of MDR-TB 
treatment initiation 

Maintain 
current 
levels 

Twice 
current 
levels  

Maintain current levels in baseline 
and with short-course regimen 

Gradual increase in baseline, 
doubled by short-course regimen 

Gradual increase, baseline and 
short-course regimen 

Immediately optimize DST, 
baseline and short-course regimen  

Figure 2.3, 
Scenario 1 

Figure A1.4 

 

Figure A1.4 

 

Figure A1.4 

Fraction with 
apparent treatment 
response among 
patients receiving 
short-course 
regimen* 

Not 
applicable 

92.5% Same as longer therapy (~77%†) 
 

Figure 2.3, 
Scenarios 2 
& 3 

Longer-therapy 
outcome for MDR-
TB patients 
ineligible for short-
course therapy* 

Not 
applicable 

20% cured 
at end of 
therapy 
(“Very 
poor”)‡ 

Same (~77%†) apparent response 
as for all MDR-TB patients in 
baseline scenario (“Fair”) 

Figure 2.3, 
Scenarios 3 
& 4 

Fraction ineligible 
for short-course 
regimen (based on 
second-line 
resistance and DST 
practices)* 

Not 
applicable 

10%  30%  
 
 
0%  
 

Figure 2.3, 
Scenario 5 
 
Figure 2.3, 
Scenario 6 

Relapse risk, among 
those with 
apparent treatment 
response who 
finish course 

~4% for 
longer 
therapy† 

1% for 
short-
course 
regimen 

~8% (twice that of longer therapy) 
for short-course regimen  
 
 

Figure 2.3, 
Scenario 7 

Loss to follow up ~19% for 
longer 
therapy† 

10% for 
short-
course 
regimen 

~19% for both regimens† Figure 2.3, 
Scenario 8 

* See Table 2.2 for further details; also explored in combinatorial fashion as explained in Table 

2.4 and displayed in Figure 2.4. 

† Sampled from distributions shown in Table 2.1 

‡ Apparent treatment response not explicitly modeled; see Appendix 1 Table A1.2 and footnote 

to Table 2.4 for further details of calculation.  
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Table 2.4. Variables used in combinatorial analyses of shorter-course MDR-TB treatment 

scenarios 

Variable Values Considered Rationale 

Fraction with 
apparent 
treatment 
response among 
patients 
receiving short-
course regimen 

98%, with 1% relapse 
 

As reported for fluoroquinolone- and 
pyrazinamide-susceptible patients[31] 

92.5%, with 1% relapse Average across all MDR-TB patients receiving the 
regimen in Bangladesh[17] 

85%, with 2.5% relapse  As reported (with large uncertainty) for patients 
resistant to pyrazinamide only[31] 

77%, with 4% relapse Average outcomes of longer MDR therapy 

Longer-therapy 
outcome for 
MDR-TB 
patients 
ineligible for 
short-course 
therapy 

Fair: 77%, with 4% relapse Outcomes equivalent to the average longer 
therapy outcome in baseline scenario. May reflect 
effective individualization of treatment or limited 
drug resistance among the disqualified population 
(e.g. pyrazinamide resistance alone). 

Poor: 50% durably cured at 
end of therapy* 

Corresponds to outcomes for patients with MDR-
TB and  fluoroquinolone resistance[31] 

Very Poor: 20% cured at 2 
years† 

Most conservative assumption; those excluded 
experience typical outcomes of XDR-TB 

Fraction 
ineligible for 
short-course 
regimen (based 
on second-line 
resistance and 
DST practices) 

0% No second-line DST, or very low prevalence of 
second-line resistance 

10% Line probe assay (for fluoroquinolones and 
second-line injectables), levels of resistance 
similar to Pakistan/Bangladesh 

30% Line probe assay, levels of resistance similar to 
Eastern Europe 

50% Exclusion of all patients with pyrazinamide or 
second-line drug resistance in a typical setting 

* Corresponds to 2/3 “fair” outcomes and 1/3 “very poor” outcomes 

† “Very poor outcomes” are modeled as an ongoing probability of ~13%/year of cure, as well as 

ongoing TB mortality risk. At 2 years, this results in approximately 23% death, 20% cure, and 

57% persisting with active disease  
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Figure 2.1: Model structure, short MDR-TB regimen model. Possible movements between the 

main states of the model are shown. Once first-line drug-susceptibility testing (DST) is 

performed and indicates first-line resistance, assignment to an MDR-TB treatment regimen 

depends on the availability of the short-course regimen and the prevalence of additional 

resistance as detected by the accompanying second-line DST practice. “Disqualifying resistance” 

refers to those who are suspected or documented as having additional drug resistance that 

makes them ineligible for the short-course regimen; which patients fall into this category 

depends on the prevalence of additional resistance and the second-line DST practices that 

accompany the short-course regimen. We do not explicitly model different second-line DST 

practices but rather assume that those with such additional resistance (e.g., fluoroquinolone 

resistance detected by line-probe assay, where line-probe assay precedes treatment with the 

short-course regimen) will have worse outcomes on longer MDR TB treatment, compared to the 

average patient treated with longer MDR-TB treatment in the absence of a short-course 

regimen (i.e., including those with no additional resistance). Individuals on treatment with 

apparent treatment response (*) experience symptomatic improvement but ultimately 

experience one of three outcomes: durable cure (no further active TB unless re-infected), 

“temporary recovery” (relapse at some point after treatment), and newly acquired MDR-TB 

(with subsequent relapse). The probability of durable cure is higher for those lost to follow up 

before the end of treatment. “MDR-TB following unsuccessful treatment attempt” includes 

those who failed MDR-TB treatment with either regimen, who relapsed after treatment with 

either regimen, and those with known MDR-TB who never initiated treatment because of 

pretreatment loss to follow up or limited programmatic capacity. These individuals – like those 

in other active, untreated TB compartments – are modeled as having an ongoing risk of TB-

related mortality and an ongoing possibility of spontaneous resolution.  
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Figure 2.2: Projected MDR-TB incidence in the baseline scenario, under current practice (panel 

A) and with the short-course regimen (Panel B). The incidence of multidrug-resistant 

tuberculosis (MDR-TB) is shown on the vertical axis, as a function of time. Dotted vertical lines 

show the point at which model results were compared to notification data from the World 

Health Organization (2014), and at which the novel short-course regimen was assumed to be 

introduced (2016). 
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Figure 2.3: Reduction in MDR-TB incidence in 2024, under alternative scenarios of short-

course regimen characteristics. Each distribution shows the projected reduction in TB incidence 

under the short-course regimen relative to longer therapy (percent reduction in incidence), 

under alternative assumptions about the characteristics of the short-course regimen as specified 

in the text. The height of each colored region corresponds to the probability density of the 

model projections at each value on the horizontal axis; the black rectangle depicts the 

interquartile range; and the vertical lines and annotations depict the median projected value 

and 95% uncertainty range of projections. The top half of each plot (same in all plots) shows the 

projected 23% incidence reduction in the primary short-regimen scenario: improved long-term 

efficacy, expanded (doubled) treatment access, very poor outcomes for the 10% of MDR-TB 

cases ineligible for the novel regimen, halving of losses to follow-up, and reduced relapse risk. 

The bottom half shows the corresponding projection under each alternative scenario named on 

the left. See Table 2.3 for further descriptions of each scenario. 
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Figure 2.4: Reduction in MDR-TB incidence in 2024, under different combinations of short-

course regimen outcomes, regimen exclusions, and treatment outcomes in those excluded. 

Shown as median and 95% uncertainty range. Differences in modeled treatment outcomes 

reflect not only the efficacy of the regimen but also the prevalence of additional drug resistance 

in the population and the DST assay used.  Since these underlying values are difficult to 

measure, this figure provides decision-makers with projections of impact according to three 

measureable parameters. The rationale for these characteristics is explained in Table 2.4. 

Specific scenarios of interest (assuming published point estimates of short-course efficacy in 

different subgroups[31]), are indicated: Full phenotypic DST (or full rapid DST if available in the 

future), used in an area of moderate second-line resistance prevalence (*); Second-line line 

probe assay screening, in an area of very low (†), moderate (††), or high (†††) prevalence of 

additional resistance; and Regimen implemented without having second-line DST available, in an 

area of moderate second-line resistance prevalence (‡).  
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Chapter 3. Priorities for development of novel treatment regimens: guidance from a model of 

epidemiologic impact2 

 

3.1  Abstract 

Background: Novel drug regimens are needed for tuberculosis (TB) treatment. New regimens aim to 

improve on characteristics such as duration, efficacy, and safety profile, but no single regimen is likely 

to be ideal in all respects. By linking these regimen characteristics to a novel regimen’s ability to 

reduce TB incidence and mortality, we sought to prioritize regimen characteristics from a population-

level perspective.  

Methods and Findings: We developed a dynamic transmission model of multi-strain TB epidemics in 

hypothetical populations reflective of the epidemiological situations in India (primary analysis), South 

Africa, the Philippines, and Brazil. We modeled the introduction of various novel rifampicin-

susceptible (RS) or rifampicin-resistant (RR) TB regimens that differed on six characteristics, 

identified in consultation with a team of global experts: (1) efficacy, (2) duration, (3) ease of 

adherence, (4) medical contraindications, (5) barrier to resistance, and (6) baseline prevalence of 

resistance to the novel regimen. We compared scale-up of these regimens to a baseline reflective of 

continued standard of care.  

For our primary analysis situated in India, our model generated baseline TB incidence and mortality 

of 157 (95% uncertainty range [UR]: 113–187) and 16 (95% UR: 9–23) per 100,000 per year at the 

time of novel regimen introduction, and RR-TB incidence and mortality of 6 (95% UR: 4–10) and 0.6 

(95% UR: 0.3–1.1) per 100,000 per year. An optimal RS-TB regimen was projected to reduce 10-y 

TB incidence and mortality in the India-like scenario by 12% (95% UR: 6%–20%) and 11% (95% 

                                                           
2 Published as: Kendall EA, Shrestha S, Cohen T, Nuermberger E, Dooley KE, Gonzalez-Angulo L, 
Churchyard GJ, Nahid P, Rich ML, Bansbach C, Forissier T, Lienhardt C, Dowdy DW. Priority-Setting for 
Novel Drug Regimens to Treat Tuberculosis: An Epidemiologic Model. PLoS Med. 2017 Jan 
3;14(1):e1002202. doi: 10.1371/journal.pmed.1002202.  
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UR: 6%–20%), respectively, compared to current-care projections. An optimal RR-TB regimen 

reduced RR-TB incidence by an estimated 32% (95% UR: 18%–46%) and RR-TB mortality by 30% 

(95% UR: 18%–44%). Efficacy was the greatest determinant of impact; compared to a novel regimen 

meeting all minimal targets only, increasing RS-TB treatment efficacy from 94% to 99% reduced TB 

mortality by 6% (95% UR: 1%–13%, half the impact of a fully optimized regimen), and increasing 

the efficacy against RR-TB from 76% to 94% lowered RR-TB mortality by 13% (95% UR: 6%–

23%). Reducing treatment duration or improving ease of adherence had smaller but still substantial 

impact: shortening RS-TB treatment duration from 6 to 2 months lowered TB mortality by 3% (95% 

UR: 1%–6%), and shortening RR-TB treatment from 20 to 6 months reduced RR-TB mortality by 

8% (95% UR: 4%–13%), while reducing nonadherence to the corresponding regimens by 50% 

reduced TB and RR-TB mortality by 2% (95% UR: 1%–4%) and 6% (95% UR: 3%–10%), 

respectively. Limitations include sparse data on key model parameters and necessary simplifications 

to model structure and outcomes. 

Conclusions: In designing clinical trials of novel TB regimens, investigators should consider that even 

small changes in treatment efficacy may have considerable impact on TB-related incidence and 

mortality. Other regimen improvements may still have important benefits for resource allocation and 

outcomes such as patient quality of life. 

 

3.2 Introduction 

The number of available or prospective drugs for treating tuberculosis (TB) is undergoing a long-

overdue expansion. Delamanid and bedaquiline, both recently approved for the treatment of 

multidrug-resistant (MDR) TB [56,57], are the first novel agents registered for TB treatment in 

decades. Antibiotic classes such as carbapenems [58] and oxazolidinones [59] are also being 

repurposed to treat highly resistant TB cases. There is hope that later-generation fluoroquinolones 
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[60], rifamycins [61], and newer drug classes [35,62] could shorten first-line treatment for TB (usually 

six months), and in 2016 WHO endorsed a regimen that shortens MDR TB treatment to 9–11 

months [31] from a conventional duration of at least 18–20 mo. Despite these advances, however, 

many characteristics of TB regimens could be further improved, including not only treatment 

duration but also tolerability [63,64], efficacy [26,65], drug–drug interactions and medical indications 

[66,67], and the barrier against acquiring drug resistance while on therapy [29,68].  

The development of improved treatment regimens within the next decade is recognized as a critical 

component of efforts to achieve drastic reductions in TB cases and deaths, which have been set as 

targets by the global community [69]. The WHO’s End TB Strategy, adopted by the World Health 

Assembly in 2015, highlights new drugs and shorter regimens as part of the path to a 95% reduction 

in global TB deaths by 2035, relative to the estimated 1.4 million that occurred in 2015 [70,71]. 

[70][69]The Stop TB Partnership, similarly, names development of “drug regimens (including for 

drug-resistant TB) that are highly effective, faster-acting and nontoxic” as an essential investment if 

we are to meet TB elimination goals set forth in the United Nations’ Sustainable Development Goals 

[72]. In September 2016, WHO released target regimen profiles, describing characteristics desired in 

future TB regimens [73]. In the pursuit of these improved TB treatment regimens, improving all 

possible characteristics simultaneously in a single regimen will likely be impossible in the short term 

[74], leading to inevitable trade-offs. For example, higher cure rates may be difficult to achieve 

simultaneously with shorter treatment duration, and simpler or better-tolerated regimens may be less 

robust to emergence of drug resistance. Few tools currently exist to understand specific regimens’ 

population-level impact or to help prioritize different characteristics from this epidemiologic 

perspective when constructing and evaluating new regimens. We therefore developed a population-

level model of novel regimens for TB, implemented within a representative set of hypothetical TB 

epidemics, for purposes of systematically understanding the relationships between regimen 

characteristics and potential population-level impact.  
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3.3 Methods 

We created a deterministic compartmental transmission model of a pulmonary TB epidemic in an 

adult population, similar to prior models with respect to the natural history of TB and HIV [38,75], 

but incorporating additional structure related to active TB treatment and drug-susceptibility 

phenotypes in order to simultaneously model resistance to rifampicin and to components of novel 

regimens (Figure 3.1). Parameters related to novel regimen characteristics (Table 3.1) were 

determined through an expert consultation process described below and in Appendix 2 Methods 

A2.1.  

3.3.1 TB Natural History 

A complete description of the model depiction of TB natural history is provided in Appendix 3 

Methods A3.2. Briefly, the risk of TB infection at each point in time reflects the number of active TB 

cases of each drug-susceptibility phenotype. A fraction of those who become infected (or re-infected) 

progress rapidly to active disease, while the remainder develop latent infection with a small but 

persistent hazard of reactivation. Active TB results in transmission as well as additional mortality risk, 

and HIV modifies multiple aspects of TB natural history.  

Populations with active TB seek care and receive a TB diagnosis at a defined rate according to 

treatment history and HIV status. Once diagnosed, most immediately start treatment, while a smaller 

fraction experience pretreatment loss to follow-up and remain in the active compartment. 

Nonadherence is modeled as a rate of loss to follow-up each month; the modeled rate is higher than 

that reported in treatment cohorts, in order to account for documented losses to follow-up as well as 

estimates of intermittent nonadherence.  

3.3.2 Treatment Regimens 
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Three treatment regimens are modeled in each analysis: current standard of care for rifampicin-

susceptible (RS) TB, standard of care for known rifampicin-resistant (RR) or MDR TB (modeled as 

lasting 20 months), and a novel regimen intended for the treatment of either RS-TB or RR-TB. 

Treatment regimens are assigned on the basis of drug susceptibility testing and patient eligibility 

(Figure 3.1 B-C), assuming gradual novel regimen scale-up over 3 y.  

Novel regimens are modeled as consisting of a “companion” component (one or more drugs in 

current use) and a “novel” component (one or more novel agents to which resistance is negligible at 

baseline). Infections may be susceptible or resistant to each of the companion component, novel 

component, and rifampicin, for a total of 23 = 8 modeled drug-susceptibility phenotypes. New 

resistance may be acquired during use of a regimen containing the element in question. We assume a 

modest 15%–45% reduction (Appendix 2 Table A2.1) in transmission fitness for infections resistant 

to rifampicin and/or the novel component [54,76].  

We modeled introduction of a single type of novel regimen (i.e., intended either for RS-TB or for 

RR-TB) in each analysis. We assumed linear introduction of novel regimens over 3 y up to a total 

population coverage of 75% and measured impact at 10 y after initiation. For comparability, we 

assumed continued gradual scale-up of rifampicin drug-susceptibility testing (DST) through increased 

use of Xpert MTB/RIF or other molecular assays (as described in Appendix 3 Methods A3.2) and no 

other changes in current practice apart from the novel regimen, and we assumed that treatment with 

the novel regimen was only initiated after performing DST for drugs in the regimen.  

3.3.3 Treatment Outcomes 

A fraction of patients treated with a given regimen is assumed to relapse with acquired drug 

resistance, according to a regimen’s barrier to resistance. Among other patients, the probability of 

durable cure reflects the fraction of the intended treatment course that is completed, the efficacy of 

the regimen, and the initial drug susceptibility (section 2.4 in Appendix 3 Methods A3.2). Efficacy 
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(Table 3.1 and Appendix 2 Table A2.1) is defined as the proportion of patients who, in the absence 

of drug resistance and conditional on completing the full treatment course, experience durable cure. 

When durable cure is not achieved, the result may be either treatment failure (persistent active 

disease) or relapse to active disease after a short period of non-infectiousness (modeled as a “pending 

relapse” state from which relapse occurs at a specified rate).  

3.3.4 Model Initialization and Calibration 

We started each model simulation by calibrating to epidemiologic targets based on present-day India 

(TB prevalence 195/100,000, HIV co-prevalence 4% of individuals with TB, and RR-TB 2.2% of 

new TB cases [24]); to explore the impact of novel regimens in epidemiologic settings with a range of 

TB and HIV burden, alternative analyses were also performed with the model calibrated to 

epidemiologic targets for Brazil, the Philippines, and South Africa (Appendix 2 Table A2.2). For each 

set of calibration targets, we randomly selected sets of model parameter values for a drug-susceptible 

TB epidemic from the ranges presented in Appendix 2 Table A2.1 using Latin Hypercube Sampling 

(LHS). We adjusted the TB transmission rate and HIV infection rate in each simulation to achieve 

the target TB prevalence and HIV co-prevalence when the drug-susceptible epidemic was at 

equilibrium. We then introduced drug resistance to each simulation by randomly sampling (again 

using LHS) 20 sets of parameters related to rifampicin resistance (Appendix 2 Table A2.1) for each 

drug-susceptible simulation—thereby resulting in 20 separate simulations for each drug-susceptible 

epidemic. After the introduction of rifampicin resistance, we allowed the model to progress for 25 y, 

reflecting the slow emergence of drug resistance over a prolonged time period prior to the historical 

introduction of effective second-line therapy. During the final 10 y of each calibration period, we 

gradually introduced second-line treatment, thereby enabling us to replicate the current situation in 

which most previously treated RR-TB cases and a minority of treatment-naïve RR-TB cases are 

identified and appropriately treated (Appendix 2 Table A2.1). We then evaluated the prevalence of 

RR-TB among incident TB cases in each simulation at the end of this calibration period, excluding 
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those that differed from our calibration target (2.2% in the primary analysis) by more than a factor of 

1.5. The resulting calibrated epidemics were used to model the introduction of novel regimens at the 

end of this the calibration period. To ensure an adequate number of simulations, we doubled the 

number of simulations until results reached stability. A sensitivity analysis described in Appendix 2 

Methods A2.3 considers an alternative Bayesian approach to model calibration in which we weighted 

all simulations according to a joint Gaussian likelihood function based on WHO estimates of TB 

incidence, mortality, and RR-TB prevalence.  

3.3.5 Selection of Novel Regimen Characteristics and Their Target Values 

In consultation with a WHO-appointed group of experts, we selected six characteristics of novel 

regimens for inclusion in our model of population impact (Table 3.1). These characteristics were not 

meant to form an exhaustive list but rather were chosen based on their potential to guide drug 

development and their ease of conceptualization. Regimen efficacy (which refers to the proportion 

cured within a specified duration) was distinguished from regimen duration and from ease of 

adherence (defined per month of regimen duration) because of the different mechanisms by which 

they impact treatment effectiveness and because of the potential for tradeoffs between these 

characteristics. (For example, the same drug combination could be used for a shorter course with 

lower efficacy or for a longer course with higher efficacy, or another drug could be added to enhance 

efficacy and shorten duration but would reduce ease of adherence). For each characteristic, we relied 

on literature review and expert consultation to define a minimum acceptable value for a new regimen, 

an optimistic target, and an intermediate target (Table 3.1). Appendix 2 Methods A2.1 contains 

additional details of the process.  

For the characteristic of regimen efficacy, minimal targets for novel RS- and RR-TB regimens were 

based on the proportions achieving durable cure, among those who completed treatment, for 

participants in recent drug-susceptible TB treatment trials [77–79] who received standard treatment, 
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and for patients in a systematic review of observational MDR TB cohorts [26]. Intermediate and 

optimistic efficacy targets represented consensus about attainable and more ambitious targets, 

respectively (section 1.2.2 in Appendix 2 Methods A2.1). Targets for barrier to resistance for an RS-

TB regimen ranged from minimal resistance to the risk of resistance amplification for patients with 

isoniazid mono-resistant TB treated with the standard regimen. For an RR-TB regimen, this barrier 

ranged from that of the current standard RS-TB regimen to that of current RR-TB standard of care 

(section 1.2.3 in Appendix 2 Methods A2.1). Prevalence of preexisting resistance to the novel 

regimen was assumed to range from no resistance to the approximate prevalence of isoniazid and 

fluoroquinolone resistance among RS-TB and RR-TB patients, respectively (section 1.2.4 in 

Appendix 2 Methods A2.1). Regimen duration varied from current standard durations to the most 

optimistic durations considered plausible within the next decade (section 1.2.5 in Appendix 2 

Methods A2.1). Proportions of patients who could be excluded from novel regimens for reasons 

other than drug resistance were determined by estimating the prevalence among TB patients of each 

of multiple possible contraindications (see list in section 1.2.6 in Appendix 2 Methods A2.1) and 

considering that a regimen could have zero, one, or multiple such contraindications; sensitivity 

analyses considered HIV-specific exclusions. Finally, the adherence characteristic combined observed 

rates of loss to follow-up as well as intermittent nonadherence (section 1.2.7 in Appendix 2 Methods 

A2.1), modeling both processes as a monthly attrition rate in order to fully capture the potential 

impact of shortened treatment durations on adherence and resulting effectiveness (section 2.4.2 in 

Appendix 2 Methods A2.2).  

3.3.6 Outcome Measures and Reporting 

Our primary outcome was the reduction in TB mortality (for RS-TB regimens) or RR-TB mortality 

(for RR-TB regimens) in the India-like setting, 10 y after introduction of a given regimen, relative to a 

novel regimen meeting only minimal targets and to a novel regimen meeting all optimal targets 

(Figure 3.2). Secondary outcomes included reduction in incidence, reduction in total number of 
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patient-months on treatment, reduction in mortality in other epidemiologic settings, and reduction in 

mortality when regimen improvements enhanced or limited scale-up of the novel regimen (causing 

an RS-TB regimen to reach from 50% to 100% of eligible patients after 3 y and causing an RR-TB to 

expand its reach more quickly through accompanying accelerated scale-up of rifampicin DST).  

The model was coded and statistical analyses performed in R version 3.2.3 [80]. Unless otherwise 

specified, results are presented as the median and 95% uncertainty range (UR) (representing the 0.025 

through 0.975 quantiles) over all simulations that met calibration targets.  

3.3.7 Sensitivity Analyses 

To understand the role of scale-up of a novel regimen, we considered variation in the mortality 

impact of a novel RS-TB regimen as its reach ranged between 50% and 100% of eligible patients. For 

an RR-TB regimen, we evaluated the extent to which its impact increased if it its introduction were 

accompanied by accelerated scale-up of rapid rifampin susceptibility testing.  

We evaluated the sensitivity of the relative impact of each particular regimen characteristic, and of 

the total impact of a fully optimized novel regimen, to each of the model input parameters 

(Appendix 2 Table A2.1) by calculating partial rank correlation coefficients (PRCCs). For sensitivity 

analysis of the impact of HIV-specific exclusions, we modeled a scenario in which the same total 

fraction of patients was excluded, but those exclusions were concentrated among people living with 

HIV, as well as an extreme scenario in which all HIV-positive individuals in the South African setting 

were excluded from the novel regimen.  

In structural sensitivity analyses, we tested sensitivity to our assumption of homogeneous contact 

structure by repeating our primary analysis after dividing the modeled population into two groups 

with 50% higher and 50% lower transmission rates than the base case, partitioning the population 

between these groups in a ratio that maintained the same overall TB prevalence. We also tested 

sensitivity of these impacts to our assumption of an underlying RS-TB epidemic at equilibrium by 
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instead modeling an epidemic in which TB incidence was decreasing at a rate of 2%–3%/year due to 

secular declines in the transmission coefficient, probability of progressing rapidly to active disease, 

latent TB reactivation rate, and TB diagnosis rate (the four parameters to which TB incidence was 

most sensitive). 

 

3.4 Results 

3.4.1 Calibration and Baseline Projections 

For the evaluation of RS-TB regimens in India, 4,917 simulations met calibration targets, with an 

estimated baseline TB incidence and mortality of 157 (95% UR: 113–187) and 16 (95% UR: 9–23) 

per 100,000 per year. Corresponding estimates for the 5,298 simulations calibrated to evaluate the 

RR-TB regimen scenario were as follows: TB incidence of 143 (95% UR: 103–170), TB mortality of 

16 (95% UR: 9–24), RR-TB incidence of 6.0 (95% UR: 3.5–10.2), and RR-TB mortality of 0.6 (95% 

UR: 0.3–1.1)—all expressed in units per 100,000 per year. Appendix 2 Table A2.3 shows 

corresponding outputs for the other epidemiological settings modeled. 

3.4.2 Impact of an Optimal Novel Regimen 

A novel regimen for RS-TB, if it met all optimistic development targets (Table 3.1), was projected to 

reduce TB incidence by 12% (95% UR: 6%–22%) and TB mortality by 11% (95% UR: 6%–20%) 

relative to current practice at 10 y after implementation in the primary (India-like) setting. Given the 

much greater room for improvement in current RR-TB treatment, a novel regimen for RR-TB that 

met all optimistic targets could reduce RR-TB incidence by 32% (95% UR: 18%–46%) and RR-TB 

mortality by 30% (95% UR: 18%–44%) within 10 y.  

3.4.3 Primary Analysis: Relative Impact of Individual Novel Regimen Characteristics 
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Upon varying each of the six regimen characteristics in isolation (compared to a regimen that met 

either minimal targets only or all optimal targets), regimen efficacy had the greatest potential impact 

on mortality and incidence (Figure 3.3 and Appendix 2 Figure A2.1). Improving the efficacy of a 

novel RS-TB regimen from 94% (current-regimen estimate) to 99% was projected to reduce TB 

mortality by 6% (95% UR: 1%–13%) relative to current practice; this impact of improved efficacy 

alone was nearly half (44%, 95% UR: 33%–52%) of the total achievable impact of a fully optimized 

regimen (Figure 3.3 A). Conversely, a novel RS-TB regimen that met all other optimistic 

development targets except for efficacy had 60% (47%–68%) of the impact of a regimen that was 

fully optimized, including increased efficacy (Figure 3.3 B). Similar results were seen for a novel RR-

TB regimen when efficacy was increased from 76% (estimate for current RR-TB regimen) to 94% 

(comparable to current RS-TB treatment) (Figure 3.3 C-D).  

The impact of shortening treatment duration on treatment outcomes and resulting TB mortality and 

transmission was substantial but less than that of improving regimen efficacy. Compared to a 

regimen with the minimal value of all characteristics, a shortening of RS-TB treatment duration from 

6 months to 2 months, or of RR-TB treatment duration from 20 months to 6 months, achieved 

approximately one quarter of the mortality impact that could achieved by optimizing all six regimen 

characteristics rather than only the duration characteristic (Figure 3.3 A-C). However, this magnitude 

of effect was only seen in settings of poor efficacy and poor adherence; if efficacy and tolerability of 

the regimen were improved to optimal levels, the additional impact of achieving a short duration was 

limited to about 10% of total novel regimen impact (Figure 3.3 B,D). 

Reducing nonadherence by 50% (i.e., achieving the optimistic adherence level for a novel regimen) 

had similar but slightly less impact than aggressively shortening treatment duration (Figure 3.3) and 

had similarly diminishing yield as efficacy and duration improved relative to current care (Figure 3.3 

B,D). Among the other regimen characteristics modeled, medical contraindications and exclusions 

due to preexisting resistance each had negligible impact when the novel regimen offered little 
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advantage over standard therapy (Figure 3.3 A,C) but became more influential when the novel 

regimen was optimized in other respects (Figure 3.3 B,D). Concentrating the same number of 

contraindications among people living with HIV (e.g., due to drug–drug interactions with 

antiretrovirals) had slightly greater mortality impact than other types of medical contraindications, 

and excluding all people living with HIV from an otherwise effective regimen would cause a very 

large reduction in impact in a high-HIV-prevalence setting such as South Africa (Appendix 2 Results 

A2.2).  

Low barriers to acquired resistance could substantially reduce the impact of novel regimens. For 

example, even under our optimistic assumption that novel-regimen DST was available and 

consistently used, a low barrier to resistance (e.g., 5% of RS-TB patients acquiring resistance, Figure 

3.3 A, striped yellow bar) lowered the impact of an otherwise optimal novel RS-TB regimen on TB 

mortality by 27% (95% UR: 19–40) within this 10-y time frame. Considerations for each regimen 

characteristic were similar whether evaluating incidence or mortality as the outcome (Appendix 2 

Figure A2.1).  

3.4.4 Ancillary Impact of Novel Regimen Characteristics: Resource Use and Scalability 

Reductions in treatment duration, in particular, had potential ancillary effects on resource 

requirements. For example, reducing RS-TB treatment duration from 6 to 2 months, which we 

projected could reduce mortality by 22% (95% UR: 13%–29%), was also projected to reduce total 

patient-months of TB treatment in year 10 by 35% (95% UR: 33%–37%) (Appendix 2 Figure A2.5). 

By contrast, the impact of improved efficacy (and other regimen characteristics) on total treatment 

time reflects only the ability of such regimens to reduce the number of incident TB cases requiring 

treatment; thus, their treatment-related resource savings are smaller and accrue more gradually.  

Although we assumed the same scale-up for all novel regimens in the primary analyses above, the 

potential for regimen characteristics such as improved duration or safety to facilitate wider scale-up 
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of a novel regimen is also an important consideration. In our secondary analyses of variation in 

regimen scale-up, we found that the mortality impact of an optimized RS-TB regimen would be twice 

as large if it reached all eligible patients than if it reached only half of eligible patients while the 

remainder continued to receive current care (14% reduction, 95% UR: 8%–26%, versus 7% 

reduction, 95% UR: 4%–14%). If a particular regimen characteristic, such as elimination of a cold 

chain requirement or the expansion of opportunities to create fixed dose combinations, allowed such 

a substantial increase in the proportion of eligible patients reached by a superior regimen, then that 

characteristic could be as influential as efficacy. However, similar to the impact of other 

characteristics, the impact of scalability reflected the novel regimen’s ability to offer additional 

advantages over standard therapy, with negligible epidemiologic advantage when a novel regimen 

otherwise met only minimal targets.  

Similarly, if introduction of a novel regimen for treating RR-TB facilitated rapid scale-up of universal 

rifampicin DST, the estimated impact on RR-TB mortality increased: an optimized RR-TB regimen 

could reduce RR-TB mortality by 30% (95% UR: 18%–44%) under continued gradual DST scale-up, 

compared to 45% (95% UR: 29%–60%) when accompanied by universal RR-TB detection within 3 y 

(Appendix 2 Figure A2.6). 

3.4.5 Primary Results for Other Epidemiologic Settings 

Results for the other settings modeled (Brazil, the Philippines, and South Africa) were similar overall 

to those obtained for India (Appendix 2 Figures A2.2, A2.3, and A2.4), but the high HIV co-

prevalence in South Africa did result in some small differences. The higher TB case fatality before 

people with HIV-TB coinfection start TB treatment slightly reduced the proportion of TB incidence 

and mortality that an optimized novel RS-TB regimen could prevent (Appendix 2 Table A2.4). The 

higher annual infection and mortality risks in the South African setting also resulted in a small 
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increase in the relative importance to a novel regimen’s impact of preexisting resistance and a small 

decrease in the relative importance of regimen duration and adherence (Appendix 2 Figure A2.4).  

3.4.6 Other Sensitivity Analyses 

Using an “intermediate” novel regimen as the baseline for comparison, the model parameters that 

most influenced a standardized (meeting all intermediate targets) novel regimen’s mortality impact 

(Appendix 2 Figure A2.7) were the efficacy and loss to follow-up associated with the standard 

regimens and, for RR-TB regimens, the extent of RR-TB detection. The relative amounts of relapse 

versus failure and the timing of relapse were also important (Appendix 2 Figure A2.7).  

The relative importance of regimen characteristics was sensitive to underlying assumptions about the 

values of model parameters in ways that differed between RS versus RR-TB regimens (Figure 3.4). 

For example, although improvements in the efficacy of an RS-TB regimen consistently had greater 

impact than improvements in other characteristics of an RS-TB regimen, this impact was greatest 

when new cases were detected quickly, relapses (as opposed to outright failures, who could be 

immediately re-treated) were a large proportion of those not cured by treatment, and re-diagnosis of 

those relapses was slow. The impact of RR-TB regimen efficacy improvements was instead most 

sensitive to the extent of RR-TB detection (among both new and retreatment patients) and the 

amount of loss to follow-up experienced with existing regimens at baseline. Improvements in 

duration and ease of adherence had greater impact when rates of loss to follow-up were high at 

baseline and when fractional treatment courses were associated with large increases in relapse risk. 

Further sensitivity analysis results, including consideration of declining TB incidence and HIV-

specific regimen exclusions, are shown in Appendix 2 Results A2.2, Table A2.6, Table A2.7, Figure 

A2.7, Figure A2.8, and Figure A2.9. 

 

3.5 Discussion 
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We used a dynamic transmission model in a series of idealized settings to help prioritize 

characteristics of novel drug regimens for treating TB. We found that increases in efficacy, for both 

RS-TB and RR-TB regimens, have the greatest potential to reduce TB incidence and mortality 

through direct impacts on treatment outcomes and resulting TB transmission. Shortened duration 

and improved tolerability may also yield substantial population-level benefits, but these will come in 

part through facilitating expanded treatment availability or reallocation of resources from treatment 

to other aspects of TB control. This process of using an epidemiological model, in ongoing 

consultation with worldwide experts, to help prioritize elements of new drug regimens offers a new 

approach to inform the development of combination antimicrobial regimens. 

For RS-TB regimens, our finding that further improvements in efficacy could be more important 

than regimen shortening runs counter to the prevailing focus on developing a non-inferior, shorter 

regimen. This result reflects our use of evidence that (a) existing RS-TB treatment already cures a 

majority of patients who complete as little as 2 months of therapy [81] and (b) 85% or more of TB 

patients currently complete a full course of treatment [24]. These data suggest that more patients 

currently relapse due to incomplete regimen efficacy rather than loss to follow-up. Unfortunately, 

changes of a few percentage points in efficacy may be the characteristic most difficult to demonstrate 

in randomized trials of feasible size and scope. This finding has important implications for clinical 

trial design, suggesting that non-inferiority margins for any novel RS-TB regimen should be as 

narrow as possible to avoid unintended harm from a shorter but marginally less effective regimen. 

Notably, efficacy and duration of treatment are not truly independent measures; as more potent anti-

TB regimens are developed, a choice may be faced between the operational benefit of reducing 

treatment duration and the epidemiological value of using those same potent agents for a full six mo. 

These results also highlight the potential importance of developing biomarkers to identify individual 

patients who are at highest risk for relapse and may benefit from extended or intensified therapy. For 
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RR-TB, the importance of efficacy largely reflects the poor efficacy of the existing regimen and the 

substantial gains that remain to be made. 

Ultimately, the potential impact of novel drug regimens must be assessed from a holistic perspective; 

impact of specific regimen characteristics on incidence and mortality is only one consideration. In 

attempting to attain the ambitious targets of the End TB Strategy [1], indirect and ancillary effects of 

regimen improvements (for example, reduced resource requirements or improved patient experience) 

may be even more important, as better treatment outcomes in isolation will not achieve these goals. 

Specific regimen characteristics may facilitate more complete or more rapid scale-up of a more 

effective regimen—for instance, dosing frequency or safety monitoring requirements may determine 

whether a novel regimen is adopted for widespread use in particular settings. Because of 

unpredictability of the extent to which such features will limit uptake in different contexts, and 

because some such features (e.g., availability of fixed dose combinations) may be determined after a 

regimen is largely developed, our analysis standardized scale-up between regimens and settings. 

However, characteristics that determine scalability (e.g., dosing frequency or safety monitoring 

requirements) could be the most critical regimen characteristics in particular settings. In addition, 

synergies with other interventions—such as improved diagnosis, case-finding, and preventive 

therapy—must also be considered. For RR-TB, for example, the availability of simpler and safer 

regimens could motivate TB programs to expand RR-TB diagnosis and treatment [45], outweighing 

the direct effect of any particular regimen improvement in many settings. Averting adverse events 

such as liver, renal, and oto-toxicity is also important to individual patients, and reductions in 

regimen duration or visit frequency could reduce often-devastating patient costs and lost productivity 

[82,83].  

This analysis has several limitations. First, as with all modeling analyses, we adopted a simplified 

structure and used parameters with substantial uncertainty. In particular, we simplified HIV natural 

history, age, and contact structure. These simplifications are unlikely to change the relative impact of 
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different regimen characteristics as long as regimen improvements apply similarly across the 

population, but they could bias our results if simultaneous differences exist both in TB epidemiology 

(e.g., transmission) and in the differential impact of different regimen variables. More specific to this 

analysis, the particular task of linking regimen characteristics to anticipated population-level impact 

presents unique challenges, in that some characteristics (and the interdependence between them) are 

not easily represented in simplified models. In some cases, multiple regimen features all influence a 

single aspect of epidemic dynamics (e.g., the multiple reasons patients may be excluded from or 

poorly adherent to a regimen), while in other cases, a single outcome assessed during regimen 

development comprises multiple processes within such a mechanistic model (e.g., regimen 

effectiveness depends on both regimen potency and patient adherence). We therefore left the 

mechanism for achieving some specifications (e.g., “50% reduction in nonadherence”) open to 

developer interpretation. This precludes direct mapping of some elements of a typical target profile 

(e.g., dosing frequency or number of tablets) onto the model, while making the model better suited to 

its primary purpose of weighing the relative importance of different types of regimen strengths from 

an epidemiologic perspective. Similarly, synergies between different regimen characteristics may make 

it difficult to interpret a measure of an individual characteristic’s impact in the absence of a single 

specific regimen under study. For example, the potential gain from making a regimen more tolerable 

depends in part on the treatment duration, with greater impact when duration is longer (and, 

similarly, when efficacy is lower). The baseline and minimal levels selected may also change over 

time; of particular note, we used 20 months as the worst-case duration for new RR regimens, but a 9-

mo MDR TB regimen has already been endorsed for widespread use [31], setting a new benchmark 

for RR regimen duration and perhaps also efficacy [17]. We also deferred consideration of scalability 

to secondary analyses due to its context dependence, and, in doing so, we may have underestimated 

the impact of characteristics such as duration in those settings in which shorter duration would result 

in wider adoption of a novel regimen. Finally, there is much uncertainty about the selection, 
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amplification, and transmission of drug resistance associated with novel regimens; we attempt to 

mitigate the effects of such uncertainty by assuming use of DST for novel regimens and by limiting 

analyses to a 10-y time horizon, but the relationships between preexisting drug resistance, emergence 

and amplification of resistance during treatment, and impact of resistance on treatment efficacy and 

disease transmission warrant further exploration. Consistent DST may be essential for regimens that 

have low barrier to resistance or significant overlap with regimens already in use.  

In conclusion, this analysis suggests that TB drug development could achieve substantial impact on 

mortality and TB incidence by capitalizing on new, more potent TB drugs and drug combinations to 

improve treatment efficacy. Other regimen characteristics such as duration and safety are also 

critically important, but much of their impact on population-level dynamics may occur through 

indirect effects on the health system. The importance of even small changes in efficacy implies that 

the reported efficacy gains of new MDR regimens may be at least as impactful as their reduced 

duration [17], that clinical trials of new RS-TB regimens should ensure that efficacy is at least 

maintained in new regimens, and that a strategy of increasing RS-TB regimen potency rather than 

shortening duration merits further consideration. The development of novel drug regimens will be an 

essential component of ending the global TB epidemic, and priority-setting frameworks such as the 

one presented here can help to focus resources on those regimens likely to have the greatest impact 

at the population level. 
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Table 3.1. Modeled novel regimen characteristics and target values.* 

Regimen 
characteristic 

Definition of characteristic Values modeled 
for novel RS-TB 

regimen 

Values modeled 
for novel RR-TB 

regimen  
Efficacy  Probability that a patient who 

completes the specified novel 
regimen duration and whose 
infection is and remains 
susceptible to the regimen will be 
cured without relapse** 

 Minimal: 94% 
 Intermediate: 

97% 
 Optimistic: 

99% 

 Minimal: 76% 
 Intermediate: 

88% 
 Optimistic: 94% 
 

Barrier to 
resistance 

Probability that a patient treated 
with the novel regimen acquires 
and relapses with resistance to one 
or more components of the 
regimen 

 Minimal: 5% 
 Intermediate: 

0.8% 
 Optimistic: 0% 

 Minimal: 10% 
 Intermediate: 

5% 
 Optimistic: 0.8% 

Preexisting 
novel-regimen 
resistance 

Proportion of patients in the novel 
regimen’s targeted population (RS- 
or RR-TB) with resistance to one or 
more components of the novel 
regimen at baseline 

 Minimal: 10% 
 Intermediate: 

3% 
 Optimistic: 0% 

 Minimal: 15% 
 Intermediate: 

5% 
 Optimistic: 0% 

Medical 
contraindications 

Proportion of target population 
excluded from novel regimen 
treatment due to patient 
characteristics or adverse reactions 
necessitating a change of 
regimen*** 

 Minimal: 11% 
 Intermediate: 

5% 
 Optimistic: 0% 

 Minimal: 11% 
 Intermediate: 

5% 
 Optimistic: 0% 

Duration  Months of treatment required 
before the specified efficacy is 
achieved.  

 Minimal: 6 mo 
 Intermediate: 

4 mo 
 Optimistic: 2 

mo 

 Minimal: 20 mo 
 Intermediate: 9 

mo 
 Optimistic: 6 

mo 

Tolerability/ease 
of adherence 

Reduction in monthly 
nonadherence with novel regimen 
compared to standard regimen 
(due to, e.g., dosing schedule, pill 
burden, or route of administration) 

 Minimal: 0% 
 Intermediate: 

25% 
 Optimistic: 

50% 

 Minimal: 0% 
 Intermediate: 

25% 
 Optimistic: 50% 

*See Appendix 2 Methods 2.1 for descriptions of the selection and estimation processes for 
these characteristics. 

**This includes all relapses (and does not count reinfections as relapse); based on the modeled 
time to relapse, approximately three fourths of these relapses would be captured through 2-y 
follow-up.  

***This parameter combined those who must receive an alternative regimen from the start and 
those who switch to an alternative regimen due to intolerance. We did not explicitly model 
impacts of side effects on quality of life and other important patient-level measures.  
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Figure 3.1. Model structure, novel regimens model. The model (panel A) includes infection, 
rapid or slow progression to active TB, and initiation of treatment with a standard regimen or 
novel regimen (the transition from Active TB to Treatment, shown in more detail in panels B and 
C). (Also included in model but not shown in Figure 3.1: parallel structure for eight different drug 
resistance phenotypes; parallel structure for HIV infected/uninfected and treatment 
naïve/experienced; and death/spontaneous resolution.) Six novel drug regimen characteristics 
were evaluated within this transmission model; improved novel regimen efficacy increases the 
probability of durable cure (a). A high barrier to resistance (b) prevents acquisition of resistance 
to drugs in the novel regimen. Less preexisting resistance to components of the novel regimen 
(c) and fewer medication contraindications or treatment-limiting toxicities associated with the 
novel regimen (d) increase the number of patients for whom the novel regimen is prescribed. 
Shorter regimen duration (e) and greater ease of adherence (f) both increase treatment 
completion, and shortened duration also reduces the probability of cure after loss to follow-up 
at any given time point.  
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Figure 3.2. Illustration of resulting mortality trends and comparisons for different novel RS- 
and RR-TB regimens. Trajectories illustrate the median impact of novel regimens on the median 
projections of TB mortality. The impact of variation in each individual characteristic (such as 
efficacy, illustrated here) was evaluated as a fraction of the total impact of regimen optimization 
(distance between solid red and green trend lines). This evaluation was performed by optimizing 
the characteristic in question with an otherwise minimal baseline (difference between solid and 
dashed red lines, corresponding to the results shown in Figure 3.3 A,C) and then by removing 
the characteristic from an otherwise optimized novel regimen (difference between solid and 
dashed green lines, corresponding to Figure 3.3 B,D). Scale-up of the novel regimen was 
assumed to occur over 3 y following regimen introduction, and analyses were performed over 
the 10 y following the novel regimen’s introduction (including the 3 y of scale-up).  
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Figure 3.3. Relative mortality impact of different individual characteristics of novel regimens 
for the treatment of RS- or RR-TB. Characteristics and levels are defined in Table 3.1. Impact is 
measured as a relative change in TB mortality (RS-TB regimen, A and B) or RR-TB mortality (RR-
TB regimen, C and D) 10 y after introduction of the novel regimen, as illustrated in Figure 3.3. In 
A and C, the benefit of partially (striped bars) or fully (solid bars) optimizing only one aspect of a 
regimen, with the remaining characteristics meeting only minimal targets, is compared to the 
impact of a regimen that is fully optimized in all aspects. In B and D, the mortality reduction 
achievable by a regimen that fails to meet only one optimistic target (relative to mortality 
projections using standard regimens) is compared to mortality reduction with a regimen that 
meets all optimistic targets. Percentages need not sum to 100% due to synergy between 
multiple characteristics of the regimen. Error bars show the 95% UR for the impact of each fully 
optimized characteristic. 
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Figure 3.4. Sensitivity of the impact of individual regimen characteristics to values of model 
parameters. Impact of each regimen characteristic is summarized here as the difference in the 
percent of TB or RR-TB mortality reduction that results from achieving the minimal versus the 
optimal target for that characteristic when intermediate targets are met for all other 
characteristics. For the impact of each regimen characteristic, sensitivity to model input 
parameters is described by the partial rank correlation coefficient, a measure of the degree of 
correlation between projected impact and input variable value, while holding all other input 
variables constant. More intense color represents greater sensitivity to the parameter, with all 
parameters defined such that the strongest associations are in the positive direction. 
Parameters that did not rank among the top four for any regimen characteristic’s impact were 
excluded from this figure.  
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Chapter 4. Modeling the setting-specific clinical impact of switching to the Xpert MTB/RIF 

Ultra cartridge for TB diagnosis3 

 

4.1 Abstract 

Background: The Xpert MTB/RIF assay offers rapid and accurate diagnosis of tuberculosis (TB) but 

still suffers from imperfect sensitivity. The newer Xpert MTB/RIF Ultra cartridge has shown 

improved sensitivity in recent field trials, but at the expense of reduced specificity. The clinical 

implications of switching from the existing Xpert cartridge to the Xpert Ultra cartridge in different 

populations remain uncertain.  

Methods and Findings: We developed a Markov microsimulation model of hypothetical cohorts of 

100,000 individuals undergoing diagnostic sputum evaluation with Xpert MTB/RIF for suspected 

pulmonary TB, in each of three emblematic settings: an HIV clinic in South Africa, a public TB 

center in India, and an adult primary care setting in China. In each setting, we used existing data to 

project likely diagnostic results, treatment decisions, and ultimate clinical outcomes, assuming use of 

the standard Xpert versus Xpert Ultra cartridge. Our primary outcome was the projected number of 

unnecessary treatments generated per TB death averted, if standard Xpert were switched to Xpert 

Ultra. We also simulated alternative approaches to interpreting positive results of the Ultra cartridge’s 

semi-quantitative trace call. Extensive sensitivity and uncertainty analyses were performed to evaluate 

drivers and generalizability of projected results. 

In the Indian TB center setting, replacing the standard Xpert cartridge with Xpert Ultra was 

projected to avert 0.48 TB deaths (95% uncertainty range [UR]: 0, 1.3) and generate 18 unnecessary 

                                                           
3 Published as: Kendall EA, Schumacher SG, Denkinger CM, Dowdy DW. Estimated clinical impact of the 
Xpert MTB/RIF Ultra cartridge for diagnosis of pulmonary tuberculosis: A modeling study. PLoS Med. 2017 
Dec 14;14(12):e1002472. doi: 10.1371/journal.pmed.1002472. 
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treatments (95% UR: 10, 29) per 1000 individuals evaluated – resulting in a median ratio of 38 

incremental unnecessary treatments added by Ultra per incremental death averted by Ultra compared 

to outcomes using standard Xpert (95% UR: 12, indefinite upper bound). In the South African HIV-

care setting – where TB mortality rates are higher and Ultra’s improved sensitivity has greater 

absolute benefit – this ratio improved to 7 unnecessary treatments per TB death averted (95% UR: 2, 

43). By contrast, in a Chinese primary care setting, this ratio was much less favorable, at 372 

unnecessary treatments per TB death averted (95% UR: 75, indefinite upper bound), although the 

projected number of unnecessary treatments using Xpert Ultra was lower (with a possibility of no 

increased over-treatment) when using specificity data only from lower-burden settings. Alternative 

interpretations of the trace call had little effect on these ratios.  

Limitations include uncertainty in key parameters (including the clinical implications of false-negative 

results), the exclusion of transmission effects, and restriction of this analysis to adult pulmonary TB.  

Conclusions: Switching from standard Xpert to the Xpert Ultra cartridge for diagnosis of adult 

pulmonary TB may have different consequences in different clinical settings. In settings with high TB 

and HIV prevalence, Xpert Ultra is likely to offer considerable mortality benefit, whereas in lower-

prevalence settings, Xpert Ultra will likely result in considerable overtreatment unless a trend toward 

higher specificity of Ultra in lower-prevalence settings in confirmed. The ideal approach to using the 

Ultra cartridge may therefore involve a more nuanced, setting-specific approach to implementation, 

with priority given to populations in which the anticipated prevalence of TB (and HIV) is the highest. 

 

4.2 Introduction 

Introduced in 2010, Xpert MTB/RIF (Xpert) – a molecular assay for the detection of tuberculosis 

(TB) and resistance to rifampin – provides substantial improvements in sensitivity over sputum 

smear microscopy, previously the cornerstone of TB diagnosis [84]. The sensitivity of Xpert remains 
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imperfect, however, particularly in patients with pauci-bacillary TB disease (often seen in the context 

of HIV) [2,85]. More recently, a novel cartridge (the Xpert MTB/RIF Ultra cartridge, “Ultra”) was 

developed for TB diagnosis using the same GeneXpert platform, but with technical enhancements 

(including larger specimen volume, probes for repeated elements in the mycobacterial genome, and 

optimized fluidics and polymerase chain reaction cycling) designed to further increase the sensitivity 

of Xpert for detection of TB [86]. The performance of the Xpert MTB/RIF Ultra cartridge was 

subsequently evaluated in a large, ten-site, eight-country study [87], which confirmed its increased 

sensitivity for diagnosis of active pulmonary TB relative to the existing Xpert (G4) cartridge 

(“standard Xpert”), using sputum culture as a reference standard. In particular, Ultra was estimated 

to add 5% to the sensitivity of standard Xpert among all culture-positive study participants and 13% 

(increasing the sensitivity for TB detection from 77% to 90%) among those infected with HIV. 

However, these study data also suggested a loss of specificity with Ultra, particularly among 

individuals with a history of previous TB treatment; false positives increased more than two-fold with 

Ultra compared to standard Xpert in those with no prior TB and more than three-fold in those with 

a history of TB.  

Based on its improved sensitivity, the World Health Organization has endorsed the new Ultra 

cartridge [88], and it has been made available to eligible countries at the same concessional pricing as 

the standard Xpert MTB/RIF cartridge [89]. In deciding how best to implement the Ultra cartridge 

for diagnosis of adult pulmonary TB, it is important to consider how this tradeoff between sensitivity 

and specificity would translate into clinical and/or public health outcomes. We therefore constructed 

a simulation model to explore the downstream clinical consequences of replacing the standard Xpert 

cartridge with the Ultra cartridge as the initial diagnostic test for presumptive pulmonary TB in three 

emblematic settings.  
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4.3 Methods 

4.3.1 Model Description and Simulated Settings 

We developed a Markov microsimulation model of TB, using cohorts of adults (≥15 years old) 

undergoing diagnostic sputum evaluation for suspected pulmonary TB in a setting with Xpert 

capacity. Our primary comparison was of expected diagnostic and clinical outcomes using the 

standard Xpert MTB/RIF versus MTB/RIF Ultra. We selected three emblematic settings to illustrate 

a range of different patient populations in which Xpert might be used: a TB diagnosis and treatment 

center in India’s public health sector, an ambulatory HIV care setting in South Africa, and a primary 

care setting in China. As detailed in Table 4.1, these settings differ according to demographic 

makeup, underlying TB prevalence, HIV prevalence, prevalence of rifampin resistance, empiric 

treatment practices, and TB treatment outcomes. The breakdown of resulting cohorts according to 

TB, HIV, and rifampin-resistance status is shown in Appendix 3 Table A3.2.  

4.3.2 Model Analyses 

Within each setting-specific cohort, the values of cohort-defining parameters from Table 4.1 were 

used to randomly assign each of 100,000 individual simulated patients an age, sex, underlying TB 

[and rifampin resistance] status, HIV status, and history of previous TB treatment. Using the 

additional parameters in Table 4.1 and Table 4.2, we then simulated individual-level diagnostic 

evaluation, resulting treatment decisions, and ultimate clinical outcomes for each person in each 

setting-specific cohort (as illustrated in Figure 4.1). To accomplish this, we defined a “diagnostic 

episode” as consisting of all clinical decision-making from the time that a patient is considered at 

sufficient risk of pulmonary TB to merit Xpert testing to the time that the patient is either lost to 

follow-up, started on TB treatment, or no longer thought to have TB. This “diagnostic episode” may 

span multiple visits, but to be included in this analysis, must at some point include a diagnostic 

evaluation for adult pulmonary TB using either standard Xpert or Ultra. We model this “diagnostic 
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episode” for each patient in the simulated cohort, assuming that those who test positive with Xpert 

will be initiated on TB treatment (including second-line TB treatment if rifampin resistance is 

detected). For those who test negative, we assume a setting-specific probability of empiric treatment 

(i.e., initiating treatment for TB in the absence of a bacteriological result). In order to focus on the 

clinical impact of Xpert testing, we do not explicitly model other ancillary tests (e.g., chest X-ray, 

antibiotic trials) but rather assume for simplicity that the results of any such tests performed, coupled 

with clinical judgement, result in empiric TB treatment for a proportion of Xpert-negative patients. 

We then vary this empiric treatment proportion directly in sensitivity analysis. We assume that all 

such empiric treatments involve first-line therapy. Importantly, we also assumed outcomes for 

rifampin-resistant TB that are better than those currently reported, in order not to bias findings 

against Ultra in light of pharmaceutical and other advances that are likely to improve those outcomes 

in the future. 

Following the outcome of the diagnostic episode (treated for drug-susceptible or rifampin-resistant 

TB, or not treated), we then model both treatment outcomes and the ultimate probability of TB 

death. For those who are treated, treatment outcomes include cure/treatment success, death (due to 

TB or other causes), and failure/relapse (with the possibility of acquired rifampin resistance), with 

probabilities based on data reported to the World Health Organization from each country. For 

individuals with active TB who are not successfully treated (or not treated at all), we do not explicitly 

model all future clinical care (including possible subsequent diagnostic episodes and/or TB 

treatment) but rather assume a probability of ultimate TB death equal to the reported case fatality 

ratio of TB or multidrug-resistant TB in each country, stratified by HIV status. This probability is 

also varied directly in sensitivity analysis. 

4.3.3 Clinical Outcomes 
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For each simulated cohort, we compared clinical outcomes under two alternative scenarios: one with 

the use of the standard Xpert cartridge and one with the use of Ultra. We defined three a priori co-

primary outcomes, each measured as the expected incremental value if standard Xpert were switched 

to Ultra: (a) incremental TB-attributable deaths averted, (b) incremental unnecessary TB treatments, 

and (c) the ratio of these two competing outcomes (incremental unnecessary treatments per 

incremental TB death averted). TB-attributable deaths include all such deaths during treatment, after 

unsuccessful treatment, or after a missed diagnosis. Unnecessary TB treatments include treatments of 

people without underlying TB, due to false-positive Xpert result or incorrect empiric treatment 

(assuming that switching from the standard Xpert to the Ultra cartridge does not change the 

proportion of Xpert-negative patients to whom empiric treatment is prescribed). As a proxy for 

avertible transmission potential, we also considered as secondary outcomes the difference in the 

number of TB cases, and in the number of rifampin-resistant TB cases, that remained untreated after 

the diagnostic attempt using either standard Xpert or Ultra.  

4.3.4 Data Inputs 

To compare the standard Xpert cartridge against Ultra, we assumed accuracy values as shown in 

Table 4.2, reflecting data from the recently performed diagnostic accuracy study among adults with 

symptoms of pulmonary TB at ten sites in eight countries, using mycobacterial culture as a reference 

standard [87]. Basing estimates on study data, sensitivities and specificities for TB of Ultra were 

represented as beta distributions conditional on standard Xpert result (i.e., different for those with a 

positive versus negative standard Xpert result), with mean and standard deviation based on the 

confidence intervals reported in the trial. Sensitivity of Ultra for TB was also stratified by HIV status, 

and specificity for TB was stratified by prior TB history. We also estimated sensitivity and specificity 

of each assay for rifampin resistance as shown in Table 4.2.  
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The Ultra cartridge also has an additional semi-quantitative category on the lower end of the 

spectrum (“trace call”) indicating very low levels of mycobacterial DNA amplified. In our primary 

analysis, we included this trace call as a positive result, per the existing configuration of the test (for 

maximum sensitivity of Ultra). In a secondary analysis, we considered alternative approaches to 

interpretation of Ultra in which trace call was assumed to represent a negative result – either for all 

individuals or only for those individuals with a prior history of TB treatment (“conditional trace call” 

scenario). We also considered an approach in which a “trace call” triggered a repeat Ultra test for 

adjudication (“positive trace calls repeated” scenario).  

Appendix 3 Methods A3.1 provides details of the estimation of other parameters not directly related 

to the diagnostic assays.  

4.3.5 Uncertainty and Sensitivity Analysis 

For each of the three clinical scenarios (100,000 simulated adults each, which for the Indian TB 

center setting represents annual presumptive TB patients drawn from a general population of 

approximately 5 million people), we used Latin hypercube sampling to repeatedly draw random sets 

of all the parameters shown in Table 4.2 and in Table 4.1 Part B, assuming triangular distributions 

with the mode and upper/lower bounds provided in the Tables (except for the beta distributions 

used for Ultra sensitivity and specificity as described above).  We sampled 5000 random parameter 

sets after verifying that this was sufficient to yield consistent results between sets of simulations 

(Appendix 3 Table A3.3). Each parameter set was then used to inform a stochastic simulation of 

diagnostic, treatment, and clinical outcomes, in which we first ran a simulation assuming the use of 

standard Xpert and then performed a counterfactual simulation differing from the initial simulation 

only by the replacement of standard Xpert with Ultra. Incremental outcomes were then evaluated by 

comparing results between the initial and counterfactual scenarios; this process was repeated for each 

of the 5000 parameter sets, in each clinical scenario. We report 95% uncertainty ranges (URs) as the 
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2.5th to 97.5th percentile of results from these 5000 paired (initial and counterfactual) simulations. 

These uncertainty ranges thus reflect uncertainty in underlying parameter values (over the 5000 

random sets drawn), stochastic process uncertainty (as each of the 5000 simulations represents a 

different stochastic realization), and the expected correlation between the results of standard Xpert 

and Ultra (by evaluating incremental outcomes from paired initial and counterfactual scenarios).  

We performed one-way sensitivity analysis on all model parameters across the ranges specified in 

Tables 1 and 2, using partial rank correlation coefficients (PRCCs) to control for potential variation 

in other model parameters. We then performed three-way sensitivity analysis across three influential 

setting-specific parameters (TB prevalence, HIV prevalence, and TB-associated mortality rates).  

Several additional sensitivity analyses considered alternative estimates for specific sets of parameters. 

To capture a possible trend toward lower specificity of Xpert and Ultra in settings of higher TB 

incidence (observed in a post-hoc analysis of diagnostic accuracy study data after adjusting for 

participants’ personal history of TB, and possibly reflecting greater probability of prior unrecognized, 

spontaneously resolved TB or inhalation of nonviable M. tuberculosis), we ran additional simulations 

for each setting using specificity estimates based only on data from study sites with correspondingly 

high or low TB incidence. For the Chinese primary care setting scenario, we repeated simulations 

with the specificities of standard Xpert and Ultra re-estimated after restricting the primary study data 

to the four countries with estimated national TB incidence <100/100,000 person-years, while for the 

Indian TB center and South African HIV clinic settings, we repeated simulations with assay 

specificities re-estimated using data only from study sites in countries with national TB incidence 

>100/100,000 person-years (Appendix 3 Table A3.5). This stratification of specificity by national TB 

incidence corresponds to a post-hoc analysis performed on data from the diagnostic accuracy study 

of Ultra. In another sensitivity analysis performed at the request of a reviewer, we considered worse 

treatment outcomes for rifampin-resistant TB, consistent with outcomes reported by WHO for 2013 

multidrug- or rifampin-resistant TB cohorts: 14% (10-20%) TB mortality during treatment, and 63% 
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(54-72%) cure among those who survive treatment [71]. Other sensitivity analyses also performed at 

the request of reviewers consider empiric treatment in the Chinese primary care setting and changes 

in clinician behavior (e.g., lower levels of empiric treatment, use of confirmatory testing) resulting 

from their knowledge of Ultra’s lower specificity. Details of the parameter values used in these 

analyses are provided in Appendix 3 Methods A3.1. Finally, we considered the potential impact of 

imperfect sensitivity of TB culture as a “gold standard”, such that some positive Ultra results 

originally classified as false-positives (i.e., culture-negative) were reclassified as true positives (details 

in Appendix 3 Methods A3.1).  

The model was implemented using R version 3.2.2 [80]. We have made the model code available at 

https://github.com/eakendall/xpert-ultra. 

 

4.4 Results  

4.4.1 Primary results: TB Deaths and Unnecessary Treatments 

Primary outcomes, by clinical setting, are shown in Table 4.3. In the Indian TB center setting, 

switching from standard Xpert to Ultra resulted in appropriate treatment for a median of 3% (95% 

UR: 0.4-5.5%) more TB cases (where “appropriate” is defined as second-line treatment for those 

cases with rifampin resistance and any TB treatment for other TB cases), increasing the median 

proportion appropriately treated from 88.5% (95% UR: 84.5-92.0%) to 91.5% (95% UR: 87.2-

94.8%). However, switching to Ultra also increased the median proportion of people without TB 

being unnecessarily treated by 2.1% (95% UR 1.1-3.2%). Since we assumed in this setting that nearly 

eight individuals without TB would be evaluated for every case of true TB, Ultra resulted in a median 

of 5.2 (95% UR: 1.9-19.1) additional unnecessary TB treatments for every additional TB case 

detected (Appendix 3 Figure A3.1). After modeling long-term effects on mortality, use of Ultra rather 

than standard Xpert was projected to avert 0.48 TB deaths (95% UR: 0, 1.3) and generate 18 
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unnecessary treatments (95% UR: 10, 29) per 1000 individuals evaluated – for a median ratio of 38 

unnecessary treatments per death averted (95% UR: 12, indefinite upper bound due to simulations in 

which Ultra averted no deaths). In an HIV care setting in South Africa, where the amount of 

additional sensitivity added by Ultra is larger and the mortality rates associated with untreated TB are 

higher, this ratio was more favorable: median 7 incremental unnecessary treatments per incremental 

TB death averted (95% UR: 2.3, 43). By contrast, in a Chinese primary care setting, with lower TB 

prevalence (15 non-cases evaluated per TB case) and mortality, this median ratio rose to 372 (95% 

UR: 75, indefinite upper bound) unnecessary treatments per TB death averted.  

4.4.2 Missed diagnoses 

We also estimated the increase in the number of patients started on appropriate treatment after 

evaluation with Ultra versus standard Xpert (Appendix 3 Table A3.6). Per 1000 individuals evaluated 

with Xpert in the Indian public TB center, for example, Ultra led to an additional 3.4 (0.7, 6.2) 

prompt treatment initiations for DS-TB and an additional 0.04 (-0.1, 0.2) prompt second-line 

treatment initiations for rifampin-resistant TB (Appendix 3 Table A3.6). The resulting reduction in 

transmission (before these cases would otherwise be diagnosed) was not estimated in this analysis, 

but is likely to be small given the pauci-bacillary nature of those cases detected by Ultra but not 

detected by standard Xpert.  

4.4.3 Role of the “Trace Call” 

Exclusion of the trace call reduced the incremental number of unnecessary treatments (with Ultra 

versus standard Xpert) by more than 50% in all settings, but also reduced the incremental number of 

deaths averted by similar proportions (Figure 4.2, and Appendix 3 Table A3.4). In general, the choice 

of whether and how to include the result of the trace call resulted in little change in the ratio of 

additional unnecessary treatments per TB death averted. Differences in outcomes between clinical 
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settings were substantially larger than the differences in outcomes comparing different approaches to 

the trace call (Figure 4.2).  

4.4.4 Sensitivity Analyses 

The estimated number of TB deaths averted was most sensitive to variation in the case fatality ratios 

for drug-susceptible TB (i.e., the probability of subsequent death following a missed diagnosis of TB) 

and to the sensitivity of Ultra among individuals with the cohort’s predominant HIV status 

(Appendix 3 Figure A3.3). By contrast, the incremental number of unnecessary treatments was highly 

sensitive to the estimated specificity of Ultra (Appendix 3 Figure A3.3). Characteristics of the clinical 

cohorts – which were held fixed for each setting in our primary analysis – were also important. For 

example, a two-fold increase in the prevalence of TB (among those with symptoms) or a four-fold 

increase in the prevalence of HIV each had similar effects as a two-fold increase in TB case fatality 

(Appendix 3 Figure A3.4).  

When specificity parameter estimates for the Indian TB center and the South African HIV clinic 

were based only on data from study sites in higher-incidence countries (a post-hoc analysis of data 

from the diagnostic accuracy study), the performance of Ultra became somewhat less favorable in 

those settings, with an increase in the expected number of additional unnecessary treatments per 

death prevented from 38 to 55 in the Indian TB center and from 7 to 10 in the South African HIV 

clinic (Table 4.4). Conversely, because specificity estimates based only on data from the study sites in 

lower-incidence countries had largely overlapping confidence intervals for standard Xpert and Ultra 

(Appendix 3 Table A3.5), the expectation that Ultra would result in more unnecessary treatments 

became uncertain when using data on specificity only from lower-burden settings; the median 

number of unnecessary treatments per death averted in the Chinese primary care setting was reduced 

from 372 to 14 in this sensitivity analysis, but with very large uncertainty ranging from no added 

unnecessarily treatments to a ratio of >1000 (Table 4.4).  
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Assuming more pessimistic future treatment outcomes for rifampin-resistant TB increased TB deaths 

in both the standard Xpert scenario and the Ultra scenario but had little impact on primary results of 

deaths averted by Ultra or the ratio of unnecessary treatments per death averted (Appendix 3 Table 

A3.7). Adding empiric TB treatment in the Chinese primary care setting also had little impact on the 

results (Appendix 3 Table A3.8). Following positive Ultra results with a separate confirmatory test 

could have a mortality benefit only if that test were highly sensitive as well as specific; for existing 

diagnostics, such as chest X-ray, that could be considered as a confirmatory test after screening 

positive by Ultra, the loss of sensitivity associated with the confirmatory test would outweigh the 

benefit of the improved specificity (Appendix 3 Table A3.9). In an HIV care setting with high rates 

of empiric treatment following negative results on standard Xpert, a greater confidence in negative 

Ultra results could substantially reduce unnecessary treatments with a relatively small impact on case 

detection and TB mortality (Appendix 3 Table A3.9). Considering the possibility that some culture-

negative, Ultra-positive results represented false-negative cultures changed the ratio of unnecessary 

treatments per death averted by at most a factor of 2 (Appendix 3 Table A3.10).  

 

4.5 Discussion 

Public health decision-making about replacing standard Xpert with Ultra will involve difficult 

tradeoffs. Increased sensitivity of Ultra can lead to lower TB mortality, morbidity, and transmission, 

but reduced specificity can result in individuals without TB being unnecessarily exposed to the 

toxicity and inconvenience of prolonged therapy. A quantitative understanding of these tradeoffs – 

which are likely to be very different in different epidemiologic and clinical contexts – can guide 

adoption and implementation decisions. We have used a simulation approach to quantify the 

anticipated clinical consequences of replacing the standard Xpert cartridge with the Ultra cartridge 

for the diagnosis of adult pulmonary TB in different medium- to high-incidence clinical settings. 
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Depending on the setting and diagnostic algorithm employed, we estimate that use of Ultra for this 

indication can result in anywhere from fewer than 10 to more than 300 additional unnecessary 

treatments for every TB death averted. This ratio, which we offer as a tool for understanding the 

variation in clinical consequences between settings, is most favorable where TB prevalence (especially 

HIV-associated TB prevalence) and mortality are high (e.g., HIV care in South Africa) and, unless 

preliminary evidence suggesting higher specificity in lower-burden settings is confirmed, it is least 

favorable where the prevalence and mortality of TB are lower (e.g., general primary care in China). 

These findings suggest that the same changes in sensitivity and specificity would have dramatically 

different consequences in different clinical settings.  

We emphasize that the settings we have modeled are intended to represent specific clinical contexts, 

and not all TB diagnostic attempts within a given country. There will be other clinical contexts within 

these heterogeneous countries (e.g. HIV care settings in India or China) where the relative benefits of 

standard Xpert versus Ultra will differ from the settings we have modeled in those countries. The 

practicalities of supply, procurement, and training may make it difficult, however, to offer Ultra 

alongside standard Xpert for use on a case-by-case basis at the clinic or hospital level or for different 

diagnostic tasks within the same health system. Rather, decisions to implement Ultra are likely to be 

made at the level of entire countries and to involve a wide range of clinical settings and potential 

indications (e.g., active case finding versus symptom-driven diagnosis). The level of over-treatment 

considered to be acceptable will vary in different social contexts; considerations will include potential 

strain on healthcare systems (by multiplying the number of people being treated for TB), patient faith 

in that system, and preferences regarding the relative harm of under- versus over-diagnosis [90,91]. It 

is also important to recognize that Ultra may have additional advantages that were not included in 

this modeling exercise. These include the potential for improved sensitivity (without the same 

specificity cost) in children [92] and patients with extra-pulmonary TB [93]. Although settings with 

extremely high prevalence of rifampin resistance were not included in the current analysis due to 
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limited data on the relative performance of the two Xpert assays for rifampin resistance detection in 

clinical contexts, small analytical studies demonstrate increased fidelity in rifampin resistance 

detection and improved specificity in differentiation of non-tuberculous mycobacteria [94], 

suggesting that Ultra may offer particular benefit in such settings. The decision to implement Ultra 

may therefore be different in countries with different TB epidemics, different healthcare systems, 

different societal values, and different relative weightings of the advantages and disadvantages of 

Ultra.  

Importantly, policy decisions about whether and how to implement Ultra may also eventually 

influence clinical decision-making. For example, confidence among clinicians in the higher sensitivity 

of Ultra could reduce empiric treatment practices – and the consequences could be either positive 

(fewer overtreatments) or negative (missed treatment of Ultra false-negatives). In addition, if data 

suggesting a lower specificity of Ultra are borne out in clinical experience, then the decision to adopt 

Ultra could, over time, result in more selective use of Xpert tests. Again, as illustrated by our 

sensitivity analysis regarding such potential changes in practices, this could have positive effects 

(reducing excessive use of this diagnostic resource) or negative ones (reducing the testing of true 

cases). 

Our analysis is helpful in identifying the key characteristics of settings in which Ultra is likely to be 

most preferred – namely high prevalence of TB among adult patients likely to be evaluated with 

Xpert, as well as high prevalence of HIV and high risk of TB mortality if diagnoses are missed. 

Similarly, we identify characteristics of settings where there is greater risk that the disadvantages of 

Ultra may outweigh its benefits, and where standard Xpert might be preferred – settings with lower 

TB prevalence, low HIV prevalence, and low risk of TB mortality. In settings falling between these 

extremes (such as the illustrative Indian TB center in our model), the choice of cartridge is likely to 

depend on local priorities: for example, whether it is judged acceptable to subject dozens of people to 

unnecessary treatment in order to avert one death from pulmonary TB. Our analyses also suggest 
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that the clinical setting is likely a much stronger determinant of the risk-benefit ratio in using Ultra 

than is the use or non-use of the “trace call”. Within a given setting, use of the trace call appears to 

increase unnecessary treatments in proportion to the TB deaths it averts. Therefore, in settings where 

the trade-off between these outcomes is judged to clearly favor Ultra, it is likely to also favor 

inclusion of trace call diagnoses, whereas disregarding or confirming trace call results may make sense 

in health systems which adopt Ultra for TB diagnosis but have less confidence that the associated 

sensitivity gains outweigh the specificity losses in adult pulmonary TB.  

The uncertainty in our quantitative estimates remains reasonably high, reflecting in part the 

challenges of estimating the precise magnitude of sensitivity and specificity differences between Ultra 

and standard Xpert in multiple types of patients. However, the clinical data to inform these estimates 

come from a multi-center study of over 1500 patients, and it is unlikely that additional data on 

diagnostic performance would greatly improve decision-making. This is because setting-specific 

parameters (e.g., TB prevalence, TB case fatality) are at least as important as assay-specific 

parameters. A possible exception in this regard concerns differences in specificity observed in post-

hoc analysis between study sites with different TB incidence, even among individuals with no history 

of TB. If, as experience with this assay accumulates, higher specificity in lower-incidence settings 

continues to be observed, then our results may be pessimistic with respect to use of Ultra in those 

settings. On the other hand, if specificity in higher-incidence settings is lower than modeled here, use 

of Xpert in those settings could be more problematic. To the extent that Ultra test characteristics are 

consistent between epidemiologic settings, our model’s ability to inform decision-making in any 

given setting will be primarily limited by our ability to describe the epidemiology of that setting, not 

by uncertainty regarding the diagnostic accuracy of Ultra. For example, our model suggests that the 

probability of TB death after a missed diagnosis is a critical parameter value – and this value is poorly 

understood in most settings [95]. Moreover, clinical and policy decisions are likely to be made on a 

semi-quantitative basis at best. For example, narrowing the confidence intervals of these quantitative 
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estimates is less likely to influence decision-making than is a qualitative assessment of whether the 

loss of specificity associated with Ultra is acceptably small or unacceptably large, compared to the 

deaths averted and other potential benefits.  

This analysis has a number of important limitations. We did not model the transmission of TB and 

thus may have underestimated the impact of Ultra after accounting for secondary transmission from 

cases diagnosed by Ultra but not standard Xpert. However, the amount of transmission from Xpert-

negative TB cases is uncertain and likely to be low in settings where these individuals would 

eventually come to clinical attention [96–98]. We also did not account for long-lasting sequelae of TB 

disease and delayed diagnosis [99], focusing instead on TB mortality (which represents the vast 

majority of disability-adjusted life years in other studies of TB disease [100–102]). We restricted our 

analysis to evaluation of adults presenting with symptoms of pulmonary TB in medium- to high-TB-

burden settings. For other potential uses (e.g., diagnosis of extra-pulmonary [103] or pediatric [104] 

TB, and use in low-prevalence settings), preliminary data suggest that sensitivity increases may be 

substantial and may come with less specificity cost [92,93]. For these indications, additional analyses 

in these specific populations would be warranted once confirmed data are available. Our primary 

analysis uses pooled data from all diagnostic accuracy study sites (for assay characteristics that were 

expected to be consistent across sites); if preliminary suggestions of higher specificity in lower-

prevalence sites are confirmed, differences in outcomes across settings would be attenuated. Finally, 

our model does not include data on costs or the implications of false-positive or false-negative results 

on health utility. Future context-specific health technology assessments would therefore be useful to 

convert these results into estimates of cost-effectiveness and budget impact across different settings 

for use in national-level decision-making.  

In summary, this individual-based cohort model in three illustrative clinical settings demonstrates the 

clinical implications of the sensitivity/specificity tradeoff when replacing the standard Xpert cartridge 

with Xpert Ultra for diagnosis of adult pulmonary TB. We demonstrate that this replacement will 
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likely prevent a substantial number of TB deaths in settings characterized by high TB and HIV 

prevalence and mortality. While less certain, our findings also suggest switching to Xpert Ultra may 

result in substantial overtreatment in settings with moderate prevalence of TB and lower mortality 

risk. To optimize the use of Xpert Ultra to improve TB diagnosis in moderate- and high-burden 

settings, we must carefully consider the diversity of contexts into which it might be introduced and 

the complexity of policy recommendations that might ensue. 
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Table 4.1: Setting-specific parameters, Xpert Ultra model 

Parameters defining setting-specific cohorta  
Indian public TB 
center 

South African HIV 
care setting  

Chinese primary care 
setting 

TB prevalence among those 
tested with Xpert 

12% [84]  12% [105] 6% (assumed) 

History of previous TB 
• True TB cases 
• No underlying TB 

 
22% [106] 
14%b 

 
8% [106] 
7%b 

 
3.7% [106] 
3.1%b 

Rifampin resistance among TB 
cases 

• New cases 
• Previously treated 

cases 

 
2.5% [71] 
16% [71] 

 
3.5% [71] 
7.1% [71] 

 
6.6% [71] 
30% [71] 

HIV prevalence among those 
tested with Xpert 

5% [71] 100% (assumed) 3% [71] 

Age in years, mean (SD) 39 (18) [106] 37 (14) [106] 46 (19) [106] 

Female (%) 33% [106] 42% [106] 31% [106] 

 Setting-specific practices and outcomesa 

Probability of empiric TB 
treatment if negative Xpert 
result 

4% (2-8%) [45,107] 40% (20-60%) 
[108,109] 

0% (assumed) 

Case fatality ratio, drug-
susceptible TBc 

18% (10-40%) [71] 21% (10-50%) [71] 5% (4-7%) [71] 

Non-TB mortality rate Dependent on setting, age, sex, and HIV status (detailed in 
Appendix 3 Methods A3.1) 

a Cohort-defining parameters were kept fixed in the primary analysis (with ranges, when shown, used only 

in sensitivity analyses), whereas parameters for treatment practices and outcomes were sampled for each 

simulation from the triangular distribution defined by the mode and range shown.  
b Mean of the prevalence of previous TB among notified cases, and an estimated prevalence of previous 

TB in the overall national adult population; estimation is described in more detail in Appendix 3 Methods 

A3.1. 
c Calculated as reported mortality / incidence, 2015. Because of limited setting-specific estimates for 

rifampin-resistant TB case fatality ratios, a single global estimate was used (shown in Table 4.2). 
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Table 4.2: Other model parameters, Xpert Ultra modela 
Assay-related Parameters   

 HIV- HIV+ 

Sensitivity for adult pulmonary TB   

Sensitivity of standard Xpert 89.9% (84.2, 94.1) 76.5% (68.0, 84.0) 

Sensitivity of Ultra (with trace callb) if standard Xpert false-
negative  

18.8% (10.4) c 63.0% (9.6)c 

Sensitivity of Ultra (with trace callb) if standard Xpert positive 99.3% (0.9)c 97.7% (1.9)c 

Overall sensitivity of Ultra (with trace call), simulatedd 90.9% (86.4, 94.4) 89.7% (83.1, 94.6) 

 No TB history With TB history 

Specificity for adult pulmonary TB   

Specificity of standard Xpert 98.4% (97.1, 99.1) 98.0% (95.4, 99.3) 

Probability of false positive Ultra (with trace callb) if standard 
Xpert negative 

2.2% (0.6)c 4.9% (1.5)c 

Probability of false positive Ultra (with trace callb) if standard 
Xpert false-positive 

83.3% (11.5)c 100% 

Overall specificity of Ultra (with trace call), simulatedd 96.3% (94.9, 97.6) 92.9% (89.4, 95.7) 

 All cases 

Sensitivity for rifampin resistance (RR)  
Sensitivity for RR, if standard Xpert and Ultra positive for TB (assumed same 
for both assays) 

95% (91, 98) 

Sensitivity for RR, if only Ultra positive for TB 57% (25, 84) 

Specificity for RR (assumed same for both assays) 98% (96, 99) 

  

Additional Treatment- and Outcome-Related Parameters  

 All cases 

Case fatality ratio, RR-TBe 43% (25, 65) [71] 

Probability of cure if no death during treatment   

Rifampin-susceptible TB on first-line treatmentf 92% (85, 96) [71] 

RR-TB on first-line treatment 15% (0, 30) [110,111] 

Any TB on second-line (RR) TB treatmentg 85% (80, 90) [31] 

Probability of acquiring RR during treatment 1% (0.5, 2) [22,112] 

 HIV- HIV+ 

Probability of TB death during treatment   

Rifampin-susceptible TB on first-line therapyh 4% (2, 6) [71] 12% (9, 15) [71]  

RR-TB and/or second-line therapyg 6% (4, 10) [17]  12% (8, 20) [17,71] 
a Values shown represent the mode and range of sampled triangular distributions, except where otherwise noted.  
b Parameter values for scenarios with no trace call and with trace calls repeated are shown in Appendix 3 Table A3.1 
c Values shown are the mean and standard deviation of sampled beta distributions, chosen to match 95% binomial 
confidence intervals determined in the clinical study of Ultra [87].  
d Sensitivities and specificities of Ultra for TB were modeled as conditional on the standard Xpert result (to capture 
the amount of correlation between the two assays), but the absolute sensitivity and specificity values were calculated 
for each simulation, and the median (inner 95 percentile range) over all simulations are shown here for reader clarity.   
e Case fatality for drug-susceptible TB varied considerably by setting and is included in Table 4.1.  
f The cure probability shown for rifampin-susceptible TB is for the Indian TB center and South African HIV clinic 
settings. In the Chinese primary care setting, a higher data-consistent cure probability of 96% (94-98%) was used.  
g Treatment outcomes (cure and death probabilities) for RR-TB are based on expectations of improving treatment 

outcomes as more effective drugs and diagnostics are becoming available; this estimate is detailed in Appendix 3 

Methods A3.1 and explored further in a sensitivity analysis.  
h Values shown for rifampin-susceptible are for the Indian setting. Corresponding parameter values for other settings, 

also based on national TB program data reported by WHO, were 8% (4-12%) in the modeled South African setting (an 

entirely HIV+ cohort), 1% (0-3%) for HIV- in China, and 9% (6-12%) for HIV+ in China.  
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Table 4.3: Primary outcomes per 1000 individuals evaluated in three clinical settings 
 

Standard Xpert,  
median (95% UR) 

Ultra,  
median (95% UR)  

Difference (or ratio of 
differences), Ultra vs standard 
Xpert,  
median [80% UR] (95% UR) 

TB deaths    

  Indian TB clinic  10.4 (7.6, 14.3)  9.9 (7.3, 13.4) -0.48 [-1.0, -0.2] (-1.3, 0.0)  

  South African HIV 
clinic 

15.4 (10.8, 21.2) 13.9 (9.9, 18.8) -1.42 [-2.8, -0.6] (-3.7, -0.3)  

  Chinese primary 
care clinic  

2.12 (1.5, 2.9) 2.06 (1.4, 2.9) -0.05 [-0.1, 0] (-0.2, 0.1)  

Unnecessary TB treatments  

  Indian TB clinic  56 (38, 80) 75 (55, 100) 18 [13, 25] (10, 29)  

  South African HIV 
clinic 

363 (229, 497) 373 (241, 505) 10 [7, 15] (5, 19)  

  Chinese primary 
care clinic  

17 (10, 25) 35 (24, 49) 18  [22, 26] (8, 30) 

Unnecessary treatments per TB death averted  

  Indian TB clinic  - - 38 [17, 125] (12, *)  

  South African HIV 
clinic 

- - 7.2 [3.4, 19] (2.3, 43)  

  Chinese primary 
care clinic  

- - 372 [118, *] (75, *)  

* Upper bound not determined because more deaths occurred with Ultra than with standard Xpert in 

>2.5% (or for 80% UR, >10%) of simulations 
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Table 4.4. Sensitivity analysis using specificity estimates from a post-hoc analysis of specificity 

differences in high versus low TB burden settings.  
 

Standard Xpert a Ultra a Difference (or ratio of 
differences), Ultra vs 
standard Xpert a 

Results for Indian TB center, re-estimating specificities using only data from diagnostic accuracy study sites in 
higher-incidence countries (countries with TB incidence >100/100,000 person-years) b 

TB deaths    

 Original specificity estimates 10.4 (7.6, 14.3)  9.9 (7.3, 13.4) -0.48 (-1.3, 0.0)  

 Higher-incidence specificity estimates 10.4 (7.6, 14.3)  9.9 (7.3, 13.4) -0.48 (-1.3, 0.0)  

Unnecessary TB treatments  

 Original specificity estimates 56 (38, 80) 75 (55, 100) 18 (10, 29)  

 Higher-incidence specificity estimates 62 (43, 87) 90 (66, 117) 27 (15, 42) 

Unnecessary treatments per TB death averted  

 Original specificity estimates - - 38 (12, *) 

 Higher-incidence specificity parameter 
estimates 

- - 55 (18, *) 
 

 

Results for South African HIV clinic, re-estimating specificities using only data from diagnostic accuracy study 
sites in higher-incidence countries (countries with TB incidence >100/100,000 person-years) b 

TB deaths    

 Original specificity estimates 15.4 (10.8, 21.2) 13.9 (9.9, 18.8) -1.42 (-3.7, -0.3)  

 Higher-incidence specificity estimates 15.4 (10.8, 21.2) 13.9 (9.9, 18.8) -1.42 (-3.7, -0.3)  

Unnecessary TB treatments  

 Original specificity estimates 363 (229, 497) 373 (241, 505) 10 (5, 19)  

 Higher-incidence specificity estimates 367 (235, 399) 382 (253, 512) 15 (7, 26) 

Unnecessary treatments per TB death averted  

 Original specificity estimates - - 7.2 (2.3, 43) 

 Lower- specificity parameter estimates - - 10.4 (3.2, 61) 

 

Results for Chinese primary care clinic, re-estimating specificities using only data from diagnostic accuracy 
study sites in lower-incidence countries (countries with TB incidence <100/100,000 person-years) b 

TB deaths    

 Original specificity estimates 2.12 (1.5, 2.9) 2.06 (1.4, 2.9) -0.05 (-0.2, 0.1) 

 Lower-incidence specificity estimates 2.12 (1.5, 2.9) 2.06 (1.4, 2.9) -0.05 (-0.2, 0.1) 

Unnecessary TB treatments  

 Original specificity estimates 17 (10, 25) 35 (24, 49) 18 (8, 30) 

 Lower-incidence specificity estimates 8 (2, 17) 9 (1, 26) 1 (-11, 19) 

Unnecessary treatments per TB death averted  

 Original specificity estimates - - 372 (75, *) 

 Lower- specificity parameter estimates - - 14 ** 
a median (95% uncertainty interval) 
b re-estimated parameter values are shown in Appendix 3 Table A3.6 

* Upper bound not determined because more deaths and/or fewer unnecessary treatments occurred 

with Ultra than with standard Xpert in >2.5% of simulations 

** Reported value is the ratio of median estimates for deaths averted and unnecessary treatments. 

(Median of ratio could not be calculated because Ultra failed to avert deaths in 23% of simulations, and 

also resulted in fewer unnecessary treatments in 46% of simulations.) The associated broad uncertainty 

range includes possibilities of no mortality benefit with Ultra, of no additional unnecessary treatments 

with Ultra, and of >1000 additional unnecessary treatments per death prevented by Ultra.  
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Figure 4.1: Markov Model Description. The model diagram shows how an individual suspected 

of having TB progresses through diagnostic evaluation, treatment decision, and clinical 

outcomes. Filled circles indicate diagnostic evaluation with Xpert (either standard Xpert or 

Ultra). *Each individual (whether a case or a non-case) is also assigned an HIV status, treatment 

history, age, and sex; these determine the subsequent probabilities within the Markov model. 

**RR-TB treatment is followed by the same decision trees as DS TB treatment, but with different 

associated probabilities of death and cure, as shown in Table 4.2. RR = rifampin-resistant. DS = 

drug-susceptible.  

The lower panel illustrates how primary outcomes -- incremental unnecessary TB treatments 

resulting from Ultra, incremental TB deaths prevented by Ultra, and their ratio – are 

determined.  
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Figure 4.2: Impact of the Xpert Ultra trace call. Shown are expected primary outcomes under 

different scenarios for use of the trace call: trace results treated as negative (“without trace 

call,” red bars), trace results treated as positive only for those with no history of previous TB 

(“conditional trace call,” light red bars), trace results repeated and treated as positive only if the 

repeat result is (trace or fully) positive (“positive trace repeated,” light blue bars), or trace 

results treated as positive (“with trace call”, the primary analysis, dark blue bars). Bar graphs 

show the median over 5,000 simulations comparing standard Xpert to Ultra, and error bars 

show the interquartile range (25th and 75th percentile) of simulations; where no upper error bar 

is shown, no deaths were prevented in >25% of simulations. Treating the trace call as positive 

increased both incremental deaths averted and incremental unnecessary treatments but had 

little impact on the ratio of these two outcomes. 
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Chapter 5: Applying a model of Xpert MTB/RIF Ultra to TB case finding strategy in an 

urban Ugandan community 

 

5.1 Introduction 

A recent prevalence survey estimated the prevalence of TB in Uganda as 253 per 100,000 population 

[3] – more than 50% higher than had been estimated previously based on case notifications [24]. This 

unexpected prevalence survey result highlights the inadequate current state of TB diagnosis in 

Uganda. Multiple factors likely share the blame: inadequately sensitive diagnostic modalities used for 

TB evaluation in health care facilities, along with patient delays in presenting to care and clinician 

delays in undertaking diagnostic evaluations for TB. Therefore, there is a need to improve case 

detection in health facilities as well as identify efficient strategies for identifying people with active 

TB who have not developed sufficiently severe symptoms to seek medical evaluation but may 

nevertheless be contributing to TB transmission in the community.  

Later this year, we will begin enrolling participants in a study of TB prevalence and transmission in 

two neighboring parishes (Kisugu and Wabigalo) in Kampala, Uganda. This five-year study, 

“STOMP-TB,” seeks to identify feasible and efficient approaches for interrupting TB transmission in 

this community. The main components of the study are community-wide active case finding (using 

the Xpert platform for screening of expectorated sputum) in an effort to identify all prevalent cases 

in the community, contact investigations and whole genome sequencing of all cases’ TB isolates to 

characterize transmission networks, and collection of detailed epidemiological, clinical, and 

behavioral information about cases and matched controls in order to identify “intervenable risk 

factors” for prevalent TB and for TB transmission, that could be used as a basis for efficient, scalable 

TB screening or preventive therapy interventions.  

The public Kisugu Health Center and other local facilities are in the process of shifting diagnostic 

platforms from sputum smear microscopy to Xpert MTB/RIF. The Ugandan National TB and 
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Leprosy Control Programme (NTLP) has not yet adopted the Xpert MTB/RIF Ultra cartridge but 

may do so as early as 2018. Therefore, as we begin to enroll TB cases and TB-negative controls from 

among the patients evaluated in health facilities in spring 2018, our enrollment will reflect the results 

of standard Xpert, but may over time change to reflect diagnosis with Ultra. In addition, when we 

begin to conduct community-wide active case finding (sputum Xpert screening of all residents of 

Kisugu or Wabigalo aged >15 years) in 2019 and beyond, we anticipate using the Ultra cartridge, but 

it is important to understand the clinical implications of this decision in terms of screening sensitivity 

and false-positive results.  

In preparation for STOMP-TB enrollment, our study team has collected data from presumptive-TB 

registers and TB treatment registers in health facilities in or near Kisugu and Wabigalo, in order to 

determine which facilities should be monitored during the study as potential sites of passive TB 

diagnosis for Kisugu/Wabigalo residents. These retrospective register data provide an opportunity to 

apply models of the expected clinical impact of the Xpert Ultra cartridge, and to consider the 

implications of a switch to the Ultra cartridge for routine clinical care in this setting and for our 

planned case-finding efforts. In addition to the Markov model described in Chapter 4, we will also 

describe and apply a user-friendly Excel version of the model to the Kisugu population.  

5.2 Methods 

5.2.1 Data collection 

Health facilities in and near Kisugu/Wabigalo (the “study community”) were included as sites of data 

collection if they (1) had a presumptive TB register and a TB treatment register available and (2) the 

most recent TB treatment register included an average of at least one patient per month whose 

documented residential address was within the study community. For purposes of the current 

analysis, data are limited to those collected at Kisugu Health Center, the primary public health facility 

serving the study community. Entries in the presumptive TB and TB treatment regimens were 
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abstracted using electronic tablets and a REDCap web-based form, starting with evaluation or 

treatment-start dates of December 31, 2016 and proceeding back in time to as early as Jan 1, 2014. 

For patients evaluated for TB (documented in the presumptive TB register), the abstracted variables 

included: health facility, age, sex, parish of residence, performance and result of HIV test, dates and 

results of sputum diagnostic tests (smear and/or Xpert), and whether and when a TB card was 

opened for the patient (i.e. the patient was registered as a TB case). Variables abstracted from the TB 

treatment register included: health facility, age, sex, parish of residence, performance and result of 

HIV test, dates and results of sputum diagnostic tests (smear and/or Xpert), category of patient (new 

patient, or history of relapse/failure/default/other), type of TB (pulmonary or extra-pulmonary), 

treatment start date and regimen, and treatment outcome.  

The retrospective study was classified as exempt from review by the JHSPH IRB.  

5.2.2 Excel tool development 

We adapted our simulation model of the switch to the Xpert MTB/RIF Ultra cartridge, into an Excel 

tool intended for use by country-level or local decision-makers. The tool was designed to take 

setting-specific parameter inputs similar to those used in the Markov simulation model (prevalence of 

TB in the cohort evaluated, proportion with history of TB, probability of TB death with and without 

a TB diagnosis in the current encounter, etc.) and generate the same primary outputs (unnecessary 

TB treatments added, TB deaths averted, and their ratio). Assay performance characteristics 

(sensitivities and specificities) were each represented as only a single point estimate, and rather than 

running repeated simulations to generate a probabilistic set of outcomes, only a single most likely 

outcome was estimated. Bar graphs were used to visually display key results. Users were given the 

option to enter all setting-specific parameters directly, or to use sliders to adjust values of individual 

parameters (around either user-defined or preset regional default values) and watch the resulting 

change in outcomes. Additional user options included whether to characterize their TB patient 
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population by smear status or HIV status (as opposed to only HIV status as used in the Markov 

model), which interpretation of the trace call to apply, and whether to also consider pediatric and 

extra-pulmonary TB evaluations in the estimates of certain secondary outcomes. The tool’s function, 

design, and user manual were revised iteratively in several rounds of testing by FIND staff and by 

country-level personnel in FIND-led workshops in Kenya and Malaysia.  

5.2.3 Data analysis and model parameter estimation 

Data analysis was performed using R version 3.2.2. Except where otherwise indicated, the data set 

was restricted to entries in the Kisugu Health Center registers with a documented age ≥15 years, with 

a documented sputum smear or Xpert result for presumptive TB register entries and with a diagnosis 

of pulmonary TB for TB treatment register entries, and with a presentation year of 2016 for 

presumptive TB register entries (due to the larger number of such individuals relative to TB cases) 

and with a treatment start year of 2014-2016 for TB treatment register entries.  

Missing data were excluded from analysis of age and sex (<1% each), and were assumed to reflect 

that the test was not done for smear and Xpert results. No HIV or treatment history data were 

missing. We used Welch two-sample t-tests or Pearson’s chi-squared test, as appropriate, for 

comparisons between groups.  

We used these data to estimate the parameters needed for each versions of our Xpert Ultra impact 

model. For model parameters reflecting proportions, the endpoints of Agresti-Coull 95% binomial 

confidence intervals (calculated using the R package binom) determined the endpoints of the 

triangular prior distributions used in the probabilistic Markov simulation model. Our estimate of the 

prevalence of true TB disease among the cohort evaluated was based on the fraction of the evaluated 

cohort with a positive smear and/or Xpert result, but we made an upward adjustment in this fraction 

to reflect the imperfect sensitivity of the assays used. For this adjustment, we assumed that 15% of 

true TB cases had false negative results on the assay used (a conservative estimate, lower than 
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estimates of 1-sensitivity in a diagnostic accuracy study of Xpert [87] and even lower than the typical 

prevalence of smear-negative disease.) 

In calculating the prevalence of HIV and smear negativity among true cases, we assumed that these 

15% of undetected true cases would be smear-negative and would have the same HIV prevalence as 

the overall case cohort. However, due to unreliability of this estimate, we used HIV status rather than 

smear status when estimating the probability of true-positive Xpert and Ultra results in the model.  

We used the prevalence of TB history among cases as a proxy for the prevalence among all patients 

being evaluated for TB. Because the recency of previous TB was not documented, the WHO-

recommended approach to interpretation of the trace call (which depends on whether a patient had 

TB within the past two years, and which was included in the Excel tool but not in the Markov 

simulation model) was not used.  

The proportion of patients treated for pulmonary TB who did not have positive sputum smear or 

Xpert results documented, tneg, was converted into a probability of empiric treatment e among all 

evaluated individuals, using the formula 
( ) (1 )

neg

neg

neg neg

p e
t

p e p


 
 , where pneg is the proportion of 

presumptive TB evaluations that produced negative results; no binomial confidence interval was 

calculated. 

Probabilities of TB death without or with a TB diagnosis in the current diagnostic encounter, 

respectively, were based on the case fatality ratio (ratio of WHO estimated TB mortality to TB 

incidence) for Uganda and on Africa-region treatment outcome data (multiplying the fraction of 

treated patients with a relapse or loss to follow-up outcome by the case fatality ratio as above and 

adding this to the fraction with a “death” outcome) [3]. Values of other parameters required for the 

Markov simulation model (e.g. prevalence of rifampin resistance in new and retreatment patients) 

were based on reported Uganda-wide values [3]. 
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5.2.4 Modeling 

Clinic-specific parameter values estimated as described above were used as inputs for the Excel-

based model described above, and for the Markov model described in Chapter 4, to estimate the 

clinical impact of a switch from Xpert (assume use of Xpert in all suspected adult pulmonary TB at 

baseline) to Ultra in Kisugu Health Center.  

 

5.3 Results 

Presumptive TB and TB case patient populations and diagnostic assays 

Records at Kisugu Health Center were abstracted for 464 randomly selected presumptive-TB 

patients evaluated in 2016, of whom 397 were age >15 and had a sputum TB test performed, and for 

492 TB cases who started treatment between 2014 and 2016, of whom 468 were age >15 and treated 

for pulmonary TB (129 in 2014, 164 in 2015, and 175 in 2016). Characteristics of those evaluated and 

treated for adult pulmonary TB are described in Table 5.3. The evaluated patients were evenly 

divided by gender, but there was a 70% male predominance among diagnosed TB cases. HIV 

prevalence was 28% among those evaluated and higher (42%, p<0.0001) among those diagnosed 

with TB. Xpert use increased over time, reaching 66% of evaluated patients by 2016.  

Xpert positivity did not differ by HIV status, either among presumptive TB patients (p=0.9) or 

among diagnosed TB cases (p=0.9). Individuals with HIV were infrequently evaluated by sputum 

smear, but among diagnosed TB cases with smear results, HIV infection was associated with a higher 

prevalence of smear-negative disease (p<105). Overall among diagnosed TB cases, and particularly 

among diagnosed TB cases who had co-prevalent HIV, the rates of both smear positivity (91% 

overall, 71% in those with HIV) and Xpert positivity (98% overall and in those with HIV) were high.  
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Parameter estimation 

A first key parameter for modeling the switch to Xpert Ultra – with its lower specificity – is the 

proportion of evaluated individuals who truly have TB. In the Kisugu cohort, of the 397 sputum 

evaluations for adult pulmonary TB, 52 (13%) tested positive for TB by either smear or Xpert, but 

this proportion likely underestimates the true prevalence of TB due to the imperfect sensitivity of 

these assays. After adjusting for imperfect sensitivity, we estimated a true TB prevalence of 15% 

(binomial 95% CI 12-19%) among the patients evaluated – which is likely to be a conservative 

estimate. Notably, although 52 had positive results, only 45 presumptive-TB patients were issued TB 

cards indicating their registration as TB cases, perhaps due to loss to follow-up before obtaining test 

results.  

The other model parameters were estimated as described in the Methods and are shown in Table 5.2.  

Entry of these inputs into the Ultra model Excel tool – as “user-defined values” – is shown in Figure 

5.1.  

 

Application of models of Xpert Ultra to Kisugu Health Center 

With these parameter values, and interpreting Ultra trace-positive results as positive for TB, the 

Excel tool estimated that there would be 2.2 TB deaths averted by the use of Ultra rather than 

standard Xpert, and 18 unnecessary TB treatments added by the use of Ultra rather than standard 

Xpert, per 1000 adults undergoing evaluation for TB in Kisugu Health Center – a ratio of 8 

incremental unnecessary treatments per incremental death averted. The graphical display of these 

results in the Excel tool is shown in Figure 5.2. These primary outcomes and multiple secondary 

outcomes, for each of multiple possible interpretations of the trace call, are shown in Table 5.3.  
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Similarly, the Markov model estimated that the switch from standard Xpert to Ultra would avert 2.5 

(95% UR 1.0-4.3) TB deaths and add 17 (95% UR 8-27) unnecessary treatments per 1000 adults 

evaluated for presumptive TB in Kisugu Health Center – a ratio of 6.7 (95% UR 2.9 -18.8) 

incremental unnecessary treatments per death averted by use of Ultra (Table 5.4).  

 

5.4 Discussion 

TB is diagnosed frequently at Kisugu Health Center, with an average of more than three patients per 

week now started on TB treatment. Increased use of Xpert appears to have increased diagnostic yield 

from 2014 to 2016. However, the reliance on Xpert without culture, and the very high (98%) 

proportion of positive Xpert results compared to the typical prevalence of Xpert positivity among 

TB cases when culture is used as a gold standard (e.g. 83% overall and 77% with co-prevalent HIV 

[87]) – suggests that there is still substantial under-diagnosis of pauci-bacillary cases and considerable 

potential for the use of Ultra to increase case yield.  

The similarly high rate of smear positivity among diagnosed cases highlighted a limitation of our 

modeling analysis: smear negativity is an important risk factor for false negative Xpert results, but 

cases diagnosed by smear evaluation (and even the entire population of diagnosed cases, including 

those diagnosed by Xpert) is a very biased sample for estimating the prevalence of smear negativity 

among all evaluated individuals who had true pulmonary TB (i.e., who would have been culture-

positive if culture had been performed). Our attempts to account for this, by adding a small number 

of assumed undetected smear-negative cases to the overall pool of true TB cases, may still 

underestimate the rate of smear negativity. An alternative would be to use data from the recent 

national prevalence survey, in which 66/160 (41%) were smear positive [113]. However, because the 

prevalent cases in the survey are at an earlier stage of disease, on average, than those that present to 

care and are evaluated in the health center, the prevalence survey data is likely to underestimate the 
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rate of smear positivity in the clinic cohort. We therefore decided to use HIV status rather than 

smear status as the determinant of Xpert/Ultra sensitivity in both of our models. The HIV 

prevalence estimate is still subject to some bias because of the association of HIV with pauci-bacillary 

disease and false-negative Xpert results, making HIV among diagnosed cases an underestimate for 

the HIV prevalence among all true prevalent cases, but it is likely to be more reliable than the smear 

data due to completeness of HIV data among the diagnosed cases.  

Applying our models to these data from Kisugu Health Center, we found that the switch to Ultra in 

this high TB prevalence, high HIV prevalence setting was likely to increase the number of true-

positive TB diagnoses by nearly as much as it increased the false-positive diagnosis. There was good 

agreement between the two models. The resulting ratio of 7-8 incremental unnecessary treatments 

per incremental death averted by Ultra is highly favorable, similar to our earlier result for a South 

African HIV clinic. Moreover while alternative interpretations of the trace call had potential to lower 

this ratio slightly, the differences were small, are dependent on data from small numbers of 

diagnostic accuracy study participants, and do not provide a compelling argument for disregarding 

trace-positive results that have a high probability of representing true TB in this population.  

The use of Ultra for active case finding in the Kisugu community – as in our study of TB 

transmission in the Kisugu/Wabigalo community – could be more problematic with regard to assay 

specificity, however. If the prevalence of TB is 1% or less among adults in this community at large, 

as opposed to the >10% prevalence of TB among the presumptive-TB patients evaluated in the 

health center, then the number of false positive results per case identified could also be ten-fold 

higher. It is not yet known whether Ultra will display the same specificity issues in a general 

population as in a high-risk patient cohort (and there is some evidence on a country-by-country level 

that lower TB risk is associated with fewer false positive results, as discussed in Chapter 4). There are 

also likely to be additional public health benefits of active case finding and stopping transmission 

early in the course of disease, which the cohort models used here do not account for. However, if the 
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specificity of Ultra is truly only 96% among even average-risk individuals in a high-incidence setting, 

then using Xpert MTB/RIF Ultra to screen widely for TB in a population with a 1% TB prevalence 

will result in several false positive results per true TB case identified.  

It is therefore noteworthy that positive results will be followed by sputum culture in our study, and it 

will be important to communicate and act on these results appropriately. The primary research 

purpose of sputum culture is as a step to whole genome sequencing and phylogenetic analysis. 

However, negative culture results could also allow unnecessary treatments to be discontinued in 

individuals with false-positive Xpert results, particularly for any patients who experience adverse 

effects of treatment. From a research validity standpoint, it will be important to use the sputum 

culture result along with clinical judgment in deciding which community members to ultimately 

consider as TB cases in our data set. From a patient care standpoint, it will also be important that we 

develop robust protocols for updating participants and their treating clinicians about their sputum 

culture results.  
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Table 5.1: Characteristics of adult (age >15 years) patients evaluated or treated for pulmonary 
TB in Kisugu Health Center 

 Evaluated for TB (N=400 
unless otherwise noted) 

Treated for TB (N=468 
unless otherwise noted) 

Male sex 183 (46%) 327 (70%) 

Age (mean [sd]) 30.7 [12.9] 32.1  [11.1] 

HIV positive 113 (28%) 196 (42%) 

History of previous TB Not documented 35 (7%) 

Evaluated by sputum smear 135 (34%) 258 (55%) 

Evaluated by Xpert MTB/RIF 263 (66%) 202 (43%) 

Evaluated by Xpert MTB/RIF, 2016 
only 

263 (66%) 109 (62%) (N=175) 

Smear positive (if done) 17 (13%) (N=135) 236 (91%) (N=258) 

Smear positive (if done, HIV+ only) 0 (0%) (N=7) 44 (71%) (N=62) 

Xpert positive (if done) 35 (13%) (N=263) 198 (98%) (N=202) 

Xpert positive (if done, HIV+ only) 15 (14%) (N=107) 134 (98%) (N=137) 

Positive by smear and/or Xpert 52 (13%) 420 (91%) 

 

 

Table 5.2: Clinic-specific estimates of model parameters, Kisugu Health Center 

 Point estimate Uncertainty range 
(Binomial 95% CI 
unless otherwise 
noted) 

% of evaluations for presumptive TB who truly 
have TB 

15.3% 12.1-19.2% 

% with HIV, among adults with pulmonary TB 41.8% 37.5-46.4% 
% smear-negative (i.e. who would be smear-negative 
if evaluated by sputum smear), among adults with 
pulmonary TB 

28.4% 23.8-33.5% 

% with any history of previous TB, among individuals 
evaluated 

7.1% 5.1-9.8% 

% who will be treated for TB empirically if Xpert or 
Ultra result is negative 

1.7% 1-3% (assumed) 

Probability of eventual TB death, if an individual with 
TB is not treated following current encounter 

30% 20-42% (based on 
WHO uncertainty 
interval for 
mortality) 

Probability of TB death, if an individual with TB is 
treated following current encounter 

7%  4-10% (assumed) 
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Table 5.3: Expected clinical outcomes with Xpert and Ultra, per 1000 individuals >15 years old 
evaluated for pulmonary TB in Kisugu Health Center 

 
Xpert Ultra 

with 
trace* 

Ultra 
without 
trace* 

Ultra, 
repeat 

if 
trace* 

Ultra, 
condit-
ional 

trace* 

Accurately positive results (individuals with TB who test 
positive for MTB) 

129.0 138.5 134.6 136.8 138.5 

Falsely negative results (individuals incorrectly reported 
as not having TB) 

24.0 14.5 18.4 16.2 14.5 

Falsely positive results (individuals incorrectly reported 
as having TB) 

14.6 32.4 21.1 25.2 29.8 

Accurately negative results (individuals without TB who 
have a negative MTB result) 

832.4 814.6 825.9 821.8 817.2 

Accurately positive results per 1000 individuals 
evaluated 

129.0 138.5 134.6 136.8 138.5 

Falsely negative results per 1000 individuals evaluated 24.0 14.5 18.4 16.2 14.5 

Falsely positive results per 1000 individuals evaluated 14.6 32.4 21.1 25.2 29.8 

Accurately negative results per 1000 individuals 
evaluated 

832.4 814.6 825.9 821.8 817.2 

      

Individuals with TB who are treated (after accounting 
for empiric treatment) 

129.4 138.8 134.9 137.1 138.7 

Individuals with TB who are not treated 23.6 14.2 18.1 15.9 14.3 

Individuals without TB who are inappropriately treated 28.7 46.3 35.2 39.1 43.7 

TB deaths 16.1 14.0 14.9 14.4 14.0 

TB deaths averted, Ultra compared to Xpert -- 2.2 1.3 1.8 2.1 

Unnecessary treatments added, Ultra compared to 
Xpert 

-- 17.5 6.4 10.4 14.9 

Unnecessary treatments added per death averted -- 8.1 5.1 5.9 7.0 
      

Rifampin resistance results reported, in all individuals 
with MTB-positive results 

142.6 155.5 21.1 159.9 155.5 

Rifampin resistance results reported, in individuals with 
TB (with accurate MTB-positive results) 

128.0 134.3 134.3 136.0 134.3 

MTB-positive results without a rifampin resistance 
result 

1.1 15.5 0.3 2.1 12.8 

Assays requiring repeat due to initial trace-positive 
result 

0.0 0.0 0.0 15.5 0.0 

* Ultra with trace: Interpret 'MTB detected trace' results as positive for TB in all individuals tested. 
Ultra without trace: Interpret 'MTB detected trace' results as negative for TB in all individuals tested. 
Ultra, repeat if trace: If 'MTB detected trace', repeat Ultra assay. If positive again (including 'MTB detected trace', 
interpret as positive. If repeat test is negative, interpret as negative. 
Ultra, conditional trace: Interpret 'MTB detected trace' results as negative in individuals with any history of previous 
TB, and as positive in individuals with no history of previous TB. 
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Table 5.4: Expected primary clinical outcomes of Xpert and Ultra in Kisugu Health Center, 

using Markov simulation model 
 

Standard Xpert,  
median (95% UR) 

Ultra,  
median (95% 
UR)  

Difference (or ratio of 
differences), Ultra vs 
standard Xpert,  
median [80% UR] (95% UR) 

TB deaths 21 (17, 25)  18 (15, 22) -2.5 [-3.6, -1.4] (-4.3, -1.0)  

Unnecessary TB 
treatments 

31 (23, 41) 48 (36, 62) 17 [11, 23] (8, 27)  

Unnecessary 
treatments per TB 
death averted 

- - 6.7 [3.8, 13.2] (2.9, 18.8)  

 

 

  



87 

Figure 5.1 Parameter inputs for user-friendly Excel tool, for estimating the impact of Xpert 
MTB/RIF Ultra adoption in Kisugu Health Center.  
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Figure 5.2 Graphical result display from user-friendly Excel tool, for the estimated impact of 
Xpert MTB/RIF Ultra adoption in Kisugu Health Center 
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Chapter 6: Future directions 

The analyses we have presented offer several insights for ongoing decisions about TB control. With 

regard to treatment, we show that efficacy should not be sacrificed in order to shorten treatment 

duration, but that regimens that are both shorter than current therapy and at least equally effective 

could have an important role in achieving goals for TB control. No new regimen will be sufficient to 

achieve TB reduction targets – indeed, the maximal impact attainable by an ideal rifampin-susceptible 

TB regimen was only a 12% TB incidence reduction – but new regimens can contribute to achieving 

incidence reduction targets, and improved ease and cost of administration could also free resources 

to address TB in other ways. For MDR/RR-TB, where the potential impact of new regimens is most 

profound, the impact of the 9-month regimen will depend on the extent to which it is paired with 

scale-up of universal rifampin susceptibility testing – particularly given that preliminary trial data do 

not appear to show a desired modest efficacy benefit [18]. On the other hand, if future regimens 

improve the efficacy of MDR/RR-TB treatment even more, bringing it close to that of present-day 

RS-TB treatment, then they could achieve even greater impact on MDR/RR-TB incidence than the 

>20% reduction that we modeled for a 9-month regimen that modestly increased both the efficacy 

and the availability of treatment.  

Within the next decade, it is likely that clearly superior MDR/RR-TB regimens will be developed: 

regimens that have similar efficacy to current first-line therapy, and a similar duration of around 6 

months, but that can be used to treat many if not all patients with rifampin-resistant TB. Such 

regimens will raise a number of questions about implementation strategy which can be addressed 

with modeling approaches similar to those used in this dissertation. For example, if some patients 

with RR-TB have additional drug resistance that makes the new regimens ineffective, what levels of 

drug susceptibility testing coverage and accuracy are required for that additional resistance, in order 

to ensure that using the new regimen is beneficial overall? And given that novel drugs in the new 

regimen will not be immune to future acquired resistance, what amount of drug susceptibility testing 
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should be required to accompany use of the novel drugs, as a function of those novel regimens’ 

barrier to resistance? Finally, to what extent must such a novel regimen improve upon current first-

line therapy, in order for its use as a universal TB regimen to be both epidemiologically beneficial and 

economically justifiable? These are some of the questions I plan to address next using transmission 

models of TB epidemics, for specific regimens in the TB therapeutic pipeline.  

Another future direction is to move the decisions around regimen selection to the level of the 

individual patient. The analyses in this thesis have assumed a very limited number of regimen 

options, to be decided between based on a limited number of diagnostic tests (e.g. Xpert for rifampin 

DST, followed by possible line-probe assay for fluoroquinolones and injectables). But it may be 

possible to individualize or stratify TB treatment to a greater extent. There are a growing number of 

drugs available to treat TB, and an array of clinically relevant M. tuberculosis drug susceptibility 

phenotypes. Moreover, there is significant heterogeneity in patients’ disease burden and immune 

function, and the current 6-month standard regimen strikes a tenuous balance between duration and 

efficacy, tolerating relapse in the approximately 5% of patients who fall in the tail of the distribution 

of treatment duration needed to achieve cure. It may be that future novel regimens are suited to 

durations of as little as 3 or 4 months in some patients, but should be used for 6 months or more, or 

intensified with an added drug, for patients at high risk of poor outcomes due to factors such as large 

disease burden or baseline resistance. Better understanding host and microbial determinants of 

treatment response on the individual level – including through statistical, pharmacodynamics, and 

dynamic simulation models – could allow regimen selection (including the number of drugs and the 

duration of treatment) to be tailored to each patient, and to be updated based on initial clinical data 

about treatment response. Developing such within-host models and decision tools for regimen 

selection will require additional methods but build upon the current work.  

Finally, as noted above, better treatment regimens will not be enough to end TB epidemics. Neither 

will more-sensitive diagnostics, if used only among people who present to health care settings for TB 
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evaluation. Identifying efficient ways to employ diagnostics and to identify people who require 

treatment is also critical. It is with this goal in mind that we intend to create a detailed representation 

of all TB cases in a section of Kampala, Uganda, including their geographical distribution, clinical risk 

factors, phylogenetic relationships and transmission linkages, and interactions with potential venues 

where TB screening could be performed. We will conduct community-wide TB screening using 

Xpert MTB/RIF Ultra (with the caveats discussed in chapter 5); extensive data collection from TB 

cases including detailed interviews, medical record reviews, contact investigation, and whole genome 

sequencing of their M. tuberculosis isolates; and economic and feasibility studies of potential ways to 

provide TB screening or preventive therapy. Through analysis of these data (including transmission 

and cost-effectiveness modeling and simulation), we will aim to identify interventions that would be 

effective and efficient at controlling the TB epidemic in such a setting by promptly finding and 

treating (or providing preventive therapy to) individuals likely to be responsible for future TB 

transmission.  
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Appendix 1: Supplemental material for 9-month regimen modeling analysis 

 

Differential equations specifying the structure of this model may be found at 

http://www.thelancet.com/cms/attachment/2101606929/2080045874/mmc1.pdf.  

 

Table A1.1. Sampled prior distributions for all model parameters 

Parameter Represen
tation in 

equations 
above 

Median 
Estimate 

Distribution1 Sampling 
Range2 

References/Not
es 

Sampled overall model parameters      

Baseline mortality rate (15+ year olds) 
[year-1] 

μ 0.0167 Log-normal 0.0155-
0.0180 

[114], using 
India’s life 

expectancy at 
age 15 

Added mortality rate of untreated 
symptomatic TB [year-1] 

μtb 0.15 Log-normal 0.08 – 0.30 [24,44] 

Probability of rapid progression after 
initial TB infection 

ρ 0.14 Logit-normal 0.08-0.25 [50] 

Protection by latent infection: 
reduction in rapid progression after 
second infection event 

λ 0.5 Logit-normal 0.1-0.9 [50,51] 

Reactivation rate, latent to early 
(asymptomatic) active TB [year-1] 

r 0.001 Log-normal 0.0005-
0.002 

[51,52,115,116] 

Duration of asymptomatic (preclinical) 
TB if no death or spontaneous 
resolution [years] 

a 0.6 Log-normal 0.36-99 [117,118] 

Infectiousness and mortality of 
asymptomatic (preclinical) TB, relative 
to symptomatic TB 

iE 0.22 Logit-normal 0.11-0.40 [96,119] 

Rate of TB diagnosis and treatment 
initiation (incorporates some 
pretreatment loss to follow up ) [year-1] 

x 1 Log-normal 0.7-1.5 [24,117,120]  

Rate of spontaneous resolution of 
untreated active TB [year-1] 

υ 0.13 Log-normal 0.09-0.20 [44] 

First-line treatment efficacy in DS-TB, 
new patients3  

σs 0.98 Logit-normal 0.96-0.99 [24,77–79] 

Reduction in first-line treatment 
efficacy, previously treated DS-TB 
patients4 

σp/σs 0.95 Uniform 0.9-1 [24,121] 

http://www.thelancet.com/cms/attachment/2101606929/2080045874/mmc1.pdf
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Proportion who relapse, among new 
DS-TB patients with apparent 
treatment response 

ω1n 0.040 Logit-normal 0.026-
0
.

0
6
0 

[22,122] 

Increase in relapse risk after first-line 
therapy, retreatment DS-TB patients3 

ω1p/ω1n 2 Uniform 1-3 [121,122] 

Median time to relapse, among 
patients who will relapse [years] 

τω 1.5 Log-normal 0.9-2.5 [122] 

Probability of loss to follow up during 
first-line therapy 

δ1 0.06 Logit-normal 0.03 – 0.1 [24] 

Probability of returning to active TB 
after loss to follow up during treatment 
of DS-TB 

ηδ1 0.4 Logit-normal 0.16-0.7 [81,123] 

Probability of immediate retreatment 
after DS-TB treatment failure 

Γ 0.75 Uniform 0.5-1 Model 
assum
ption 

Infectiousness and mortality of TB on 
ineffective treatment, relative to 
untreated active TB 

iBi 0.5 Uniform 0-1 Model 
assum
ption 

Sampled drug resistance-related 
parameters 

     

Transmissibility of drug-resistant strain, 
relative to drug-susceptible strain in 
year 1999 

fR 0.60 Log-normal 0.38-0.94 [54,124,125] 

Relative rate of decline in TB 
transmission coefficient, MDR vs DR-TB 

e 0.5 Uniform 0-1 Model 
assum
ption 

Risk of acquired multidrug-resistance 
during first-line therapy, new DS-TB 
patients 

αn 0.005 Logit-normal 0.0025-
0
.

0
1 

[22] 

Increase in risk of acquired multidrug-
resistance, retreatment DS-TB patients4 

αp/αn 2 Uniform 1-3 [121,126] 

Excess pre-treatment loss to follow up 
or treatment unavailability after MDR-
TB diagnosis 

b 0.05 Logit-normal 0.03-0.10 [24,120] 

Treatment efficacy, longer MDR-TB 
therapy3 

σ2 0.77 Logit-normal 0.66-0.85 [26,53,127] 

Infectiousness during the first six 
months of effective MDR-TB therapy, 
relative to untreated active TB 

iB2e1 0.1 Uniform 0-0.2 [53,128] 
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Relapse risk after finishing apparently 
effective longer MDR-TB therapy 

ω2 0.040 Logit-normal 0.015-
0
.

1
0
0 

[53,129] 

Probability of loss to follow up during 
longer MDR-TB therapy 

δ2 0.19 Logit-normal 0.14-0.25 [24,27,127] 

Probability of returning to active MDR-
TB, after loss to follow up during MDR-
TB treatment 

ηδ2 0.63 Uniform 0.25-1 [130,131] 

Probability of disqualifying resistance 
for the short-course regimen, among 
MDR-TB patients with no previous 
MDR-TB treatment (depends on both 
resistance prevalence and drug 
susceptibility assay used) 

j 0.1 Logit-normal 0.07-0.15 [55] 

Time since emergence of modern MDR-
TB strains [years] 

 30 Log-normal 20-45 [132,133] 

Parameters specified in calibration or 
for short-course MDR regimen   

     

TB transmission coefficient until 1999 β0 Calibrated to target incidence; see Figure A1.3 

Rate of decline in TB transmission 
coefficient, starting in 1999 

D Calibrated to target rate of decline in incidence 

Probability of rifampin 
susceptibility/MDR testing, new TB 
patients with MDR-TB 

sN Increases over time and with short-course regimen 

Probability of rifampin 
susceptibility/MDR testing, 
retreatment TB patients with MDR-TB 

sP Increases over time and with short-course regimen 

1Log-normal distributions were used for continuous measures bounded from 0 to infinity, logit-normal distributions 

for continuous measures bounded from 0 to 1, and uniform distributions when data to suggest a most likely value 

were missing or sparse.  
2The ranges shown reflect the 2.5th through 97.5th percentiles of unbounded distributions, or the full range of uniform 

distributions. 
3Refers to the fraction of patients with apparent treatment response; includes those who may experience loss to 

follow up and/or relapse (including, those with who will relapse with acquired resistance) 

4Modeled differences in treatment outcomes between new and retreatment patients are multiplicative factors and 

reflect a combination of disease pathology and additional resistance that is not explicitly incorporated into the model. 
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Table A1.2: Conversion of parameter values to observed outcomes at the conclusion of 

treatment (using the median estimates from Table A1.1 and the primary analysis’s 

assumptions about the short-course regimen).  

 Short 
course  

Calculation for short-
course regimen outcome 

Conventional 
therapy  

Calculation for 
conventional therapy 
outcome2 

Respond to treatment: 92.5% Assumed efficacy 77% Assumed efficacy 

Complete, with 
durable cure  

83% 0.925*(1-0.19/2)*(1-0.01)  60% 0.77*(1-0.19)*(1-0.04) 

Lost to follow up, 
with durable cure 

3% 0.925*(0.19/2)*(1-0.63) 5% 0.77*(0.19)*(1-0.63) 

Complete, with 
relapse 

0.8% 0.925*(1-0.19/2)*(0.01) 2.5% 0.77*(1-0.19)*(0.04) 

Lost to follow up, 
with return to 
active disease 

5.5% 0.925*(0.19/2)*(0.63) 9% 0.77*(0.19)*(0.63) 

Treatment ineffective: 7.5% 1-0.925 23% 1-0.77 

Death during 
treatment (death 
occurs at 
specified rate 
during failure and 
after failure and 
relapse) 1 

1.7% (1-0.925)* (1-exp(-
(0.15)*20/12)) 

5% (1-0.77)*(1-exp(-
(0.15)*20/12)) 

Fail but survive to 
end of treatment 
attempt (may die 
or resolve after 
treatment) 

6.6% (1-0.925)*exp(-
(0.15)*10/12) 

18% (1-0.77)*exp(-
(0.15)*20/12) 

1 This, and all other percentages shown, ignore the small constant risk of TB-unrelated death occurring during TB 

treatment.  
2 These outcomes apply to the overall population of treated MDR-TB patients prior to introduction of the short-course 

regimen, and to the fraction of patients excluded from the short-course regimen after its introduction (which is 0 in 

the primary analysis but up to 100% in secondary analyses) who are designated as having “fair outcomes” on 

conventional therapy. Not show in the table: those who are excluded from the short-course regimen and receive 

conventional treatment with “poor outcomes” face ongoing rates of both death (~0.15/year) and cure (~0.13/year), 

such that at two years, 23% have died, 57% persist with active disease, and 20% have resolved; ultimately, 

0.15/(0.13+0.15) = 54% die while the other 46% ultimately resolve (through either later, unmodeled treatment 

attempts or natural mechanisms).  
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Table A1.3: Impact of short-course MDR-TB regimen on MDR-TB incidence [median (95% 

uncertainty range)], under different epidemic scales.  

Epidemiol-
ogic 
scenario 

TB 
incidence 

MDR-TB 
preval-
ence  

Transmitted 
fraction of 
MDR-TB 
incidence, 
2016 

Recently 
transmitted 
fraction of 
MDR-TB 
incidence, 
2016 

Impact 
under 
primary 
assumptions 

Impact with 
improved 
efficacy 
alone 

Impact 
with 
increased 
access 
alone 

Impact with 
more-
prevalent 
disqualifying 
resistance 

Primary 
scenario 

Moderate Moderate 87 (78-93)% 72 (49-85)% 
-23% 
(-38%, -10%) 

-15% 
(-30%, -4%) 

-11% 
(-24%, -3%) 

-2% 
(-20%, +28%) 

Alternative 
1 

High  High 98 (95-99)% 78 (56-89)% 
-32% 
(-48%, -16%) 

-20% 
(-37%, -5%) 

-19% 
(-34%, -5%) 

-4% 
(-28%, +34%) 

Alternative 
2 

High Low 76 (59-87)% 61 (41-76)% 
-17% 
(-30%, -7%) 

-12% 
(-23%, -3%) 

-8% 
(-18%, -3%) 

-1% 
(-16%, +23%) 

Alternative 
3 

Lower High 99 (97-99)% 80 (58-90)% 
-31% 
(-46%, -13%) 

-17% 
(-34%, -4%) 

-19% 
(-33%, -7%) 

-7% 
(-27%, +23%) 

Alternative 
4 

Lower Low 74 (56-86)% 53 (32-72)% 
-15% 
(-27%, -6%) 

-10% 
(-21%, -2%) 

-7% 
(-17%, -2%) 

-2% 
(-14%,+16%) 
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Methods A1.1: Additional details of model calibration methods: 

To capture underlying epidemiologic and biologic uncertainty, we used Latin hypercube 

sampling to randomly draw sets of model parameters for use in separate simulations. We 

sampled parameters from log-normal, logit-normal, or, in a few instances of high uncertainty, 

uniform distributions, estimating medians and ranges from available literature. We sampled 

parameters in two stages: first we sampled 50,000 sets of parameters relevant to a drug-

susceptible TB epidemic and calibrated an epidemic without drug resistance, then we sampled 

drug-resistance-related parameters (40 nested sets within each DS set) and simulated the 

emergence of multiple possible drug-resistant TB epidemics within each DS-TB epidemic.  

We calibrated each simulated MDR-TB epidemic in a two-stage fashion, by first simulating a 

drug-susceptible TB epidemic and then adding the historical emergence of MDR within it.[38] 

Once each drug-susceptible TB epidemic was calibrated at equilibrium to the specified 

epidemiologic targets, we incorporated the emergence of MDR-TB over time, the current 

decline in overall TB incidence (modeled via a decline in transmissions per TB case), and the 

recent expansion of MDR-TB detection. The steps of this calibration process are illustrated in 

Figure A1.1. To replicate the approximately 2% per year decline in DS incidence currently 

observed in many settings including Southeast Asia [24,134,135], we assumed that the TB 

transmission coefficient decreased over time (the conservative assumption for the parameter 

responsible for this decline, when estimating the impact of an intervention intended to prevent 

transmission). For each sampled set of the other model parameters, we first determined the 

value of the transmission coefficient that produced a DS-TB epidemic at equilibrium with 30% 

higher incidence than our year-2014 DS-TB incidence estimate, representing the period before 

1999, before the 2% annual decline began. We then determined the linear rate of decline in the 

transmission coefficient that would, starting from this higher-incidence DS-TB epidemic at 

equilibrium in 1999, produce the targeted DS-TB incidence (i.e., 98% of the targeted total TB 

incidence) in 2014.  

 

Figure A1.1: Stages and timeline of MDR-TB epidemic simulation  
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Then, for each DS-TB epidemic and each draw of nested DR-related parameters, we simulated a 

historical DR-TB epidemic by allowing DR to begin to be acquired during a fraction of DS-TB 

treatments and then transmitted to others. The effective date when modern DR-TB strains 

began to emerge and circulate was one of the sampled parameters and was greater than 15 

years in the past. As each simulation progressed in time, at 15 years prior to 2014 the 

transmission coefficient of the DS strain began to decrease at the rate previously determined, 

and the transmission coefficient of the DR strain began to decrease at a rate that was less rapid 

by a randomly chosen factor (to reflect uncertainty in the extent to which factors driving 

reduced DS TB incidence, including improved socioeconomic and health status, better infection 

control, and diagnostic and treatment practices, also affect DR TB in ways not explicitly 

accounted for in the model). Ten years prior to the present, the use of DST and (longer) MDR 

treatment began to increase linearly, at separate rates in new versus retreatment patients, to 

reach reported levels of rifampin DST coverage at the end of 2014. All resulting 2014 epidemics 

which fell within target ranges (based on WHO-reported confidence intervals) for TB incidence, 

TB prevalence, TB mortality, MDR prevalence among new TB notifications, and MDR prevalence 

among retreatment TB notifications, were used to simulate the introduction and impact of the 

short  MDR regimen beginning at the end of 2016.  

We converted WHO-reported TB incidence, prevalence, and mortality[24] to the rates specific to 

adult pulmonary TB by multiplying the reported totals by the fraction of notifications that were 

pulmonary,[24] multiplying by the estimated incident-dependent fraction of total TB that is 

estimated to occur in adults,[136] and dividing by the fraction of the Southeast Asian population 

that is over age 15.[137] 

Software: The model was coded and analyses were performed using R 3.2.2[80] and the deSolve 

package.[138] 

 

Methods A1.2: Details of rifampin DST coverage assumptions and related sensitivity analysis: 

In primary analysis 

In our primary baseline scenario, we assumed that rifampin DST coverage (for identification of 

MDR-TB) remained flat beyond 2014. To achieve a doubling of MDR-TB treatment enrollment 

when the short-course regimen was introduced, we increased the probability of MDR diagnosis 

(i.e., drug susceptibility testing) from 67% to 100% in retreatment TB patients and, in new TB 

patients, from 3.8% to whatever proportion doubles total MDR-TB diagnoses in the first year of 

use of the short-course regimen. We conservatively assumed that the gap between MDR 

diagnoses (i.e., notifications) and MDR treatment initiations would persist after introduction of 

the shorter MDR regimen. The “improved efficacy alone” alternative scenario presented in our 

primary results assumes that DST coverage remains at 2014 both with and without the short-

course regimen.  
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Sensitivity analyses 

In sensitivity analyses shown in this supplement, we considered alternative scenarios in which 

DST increases over time, regardless of whether a short-course regimen is introduced. In two of 

these scenarios, we assumed that without the short-course regimen, the same gradual increase 

in DST use that was modeled from 2004 to 2014 would continue, at the same rates among new 

and among retreatment patients, until reaching 100%; this led to 100% DST among retreatment 

patients with five years, but DST coverage remained at only 8% among new patients at the end 

of the analysis period.  

Paralleling the scenarios with and without expanded treatment access in the primary analyses, 

we paired this alternative baseline of continued gradual DST scale-up with two different 

assumptions about the impact of the short-course regimen on access to treatment:  (1) that use 

of the short-course regimen increased access to treatment, by increasing DST use at the time of 

novel regimen introduction in a way that double MDR-TB diagnoses, and then the prior rates of 

increase in DST use resumed until DST uses reached 100%, and (2) that the expansion of MDR-

TB treatment occurred at the same gradual rate only, both with and without the short-course 

regimen. Results of this sensitivity analysis are shown below.  

In a third alternative DST scale-up scenario, we assumed that increasing acceptance of Xpert 

MTB/Rif led to immediate universalization of rifampin DST among TB cases starting at the 

present time, regardless of whether the short-course regimen was implemented. Thus, in this 

scenario there is no possibility for the short-course regimen to further expand access to MDR-TB 

treatment.  

Results of these sensitivity analyses are shown in Figure A1.4.  

 

Methods A1.3: Other sensitivity analyses:  

Sensitivity to underlying model parameters: 

For each sampled parameter (Table 1 and Table A1.1), we calculated partial rank correlation 

coefficients (PRCCs) between the parameter value and the corresponding percent reduction in 

MDR-TB incidence produced by the short-course regimen under our primary assumptions.  For 

those parameters most strongly correlated with the primary outcome (i.e., with absolute value 

of PRCC>0.2), we then compared the subset of simulations with that parameter in its highest 

quintile to the subset of simulations with that parameter in its lowest quintile. Results are 

shown in Figures S5 and S6.  

Sensitivity to MDR-TB dynamics  

Among all simulations that met calibration targets for the primary setting, and under the 

assumptions of the primary analysis, we compared the short-course regimen’s impact between 

the subsets of simulations that contained the highest versus lowest quintiles of (1) proportion of 

MDR-TB incidence due to transmission (rather than acquisition during treatment) and (2) 
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proportion of transmitted MDR-TB due to recent versus remote transmission. Results are shown 

in Figure A1.7. 

Alternative epidemiologic scenarios: 

To evaluate epidemiologic scenarios of higher and lower TB incidence and MDR-TB prevalence, 

we calibrated the drug-susceptible TB incidence to 500 (higher) or 80 (lower) per 100,000 per 

year rather than to that of Southeast Asia (200/100,000/year). We allowed the MDR-TB 

prevalence among new notifications to fall within the lowest fifth (i.e. 0.2-1.3%, “low”) or the 

highest tenth (i.e. 8-34%, “high”) of countries with at least 10 new MDR-TB cases in 2014 as 

estimated by WHO [24], and the MDR-TB prevalence among retreatment notifications to fall 

within the 20th-80th percentile of countries with a new-notification MDR-TB prevalence in the 

specified low or high range. Results are shown in Table A1.3.  
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Figure A1.2: Prior and posterior parameter distributions for model parameters that were 

Latin-hypercube sampled  
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Figure A1.3: Posterior distribution of the transmission rate for DS and MDR TB, at the time of 

short-course regimen introduction 
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Figure A1.4: Sensitivity of short-course regimen impact to assumptions about scale-up of drug 

susceptibility testing (DST). The top line shows the same primary analysis as in Figure 3: DST 

beyond 2014 remains flat in the baseline projection and is doubled in a resource-neutral fashion 

with the short-course regimen. The first alternative (flat DST baseline and no expansion of 

access with the novel regimen) corresponds to alternative #1 in Figure 3. The additional 

alternatives compare impact to a baseline of continued gradual DST scale-up, with and without 

further expansion of DST at the time the short-course regimen is introduced, and to a baseline 

of immediate implementation of universal DST at time zero (regardless of whether a short-

course regimen is introduced).  
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Figure A1.5: Partial rank correlation coefficients (PRCCs) for model parameters. For each 

model parameter whose value was chosen by Latin hypercube sampling (LHS) in the calibration 

process, we calculated PRCCs to determine the association of the parameter with the projected 

percent reduction in MDR-TB incidence produced by the short-course regimen in the primary 

scenario, after removing the effects of all other LHS-sampled parameters.  



105 

Figure A1.6: Sensitivity of short-course regimen impact to extremes of most-influential model 

parameters. For those parameters most strongly correlated with the primary outcome (absolute 

value of PRCC>0.2), the subset of simulations with that parameter in its highest quintile is 

compared to the subset of simulations with that parameter in its lowest quintile.  Boxes and 

whiskers show interquartile range (with line at median) and 95% uncertainty range for the 

short-course regimen’s impact.  
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Figure A1.7: Sensitivity of short-course regimen impact to extremes of MDR-TB acquisition and 

transmission dynamics. Boxes and whiskers show interquartile range (with line at median) and 

95% uncertainty range for the short-course regimen’s impact, for the simulations in the highest 

or lowest quintile of the characteristic indicated. 
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Appendix 2: Supplemental material for novel regimen characteristics modeling analysis 

 

Methods A2.1: Modeling of novel regimen characteristics  

A2.1.1 Selection process for novel regimen characteristics 

The aim of this process was to generate a short list of key regimen characteristics that were of 

relevance to developers and policymakers but also could be represented sensibly in a simple 

mathematical model. We initiated this process by first holding a series of discussions between 

an academic modeling team and individual high-level representatives from the World Health 

Organization and the Bill and Melinda Gates Foundation. The academic team first generated a 

large list of potential regimen characteristics, including possible model representations of those 

characteristics (i.e., parameters in the model that could be linked to each characteristic) and 

high/intermediate/low values for each characteristic (based on a thorough review of the 

available literature). Through iterative discussions within the academic team, a proposal was 

generated that included: (a) a shorter list of characteristics (including proposed model 

representations of those characteristics, proposed high/intermediate/low values, and 

references/explanations for each choice), (b) a model structure, and (c) primary outcomes to be 

generated by the model. This proposal was refined first through discussion with representatives 

from the World Health Organization and Bill and Melinda Gates Foundation. Following this 

discussion, the refined proposal was delivered in-person to a high-level representation of 

approximately 12 high-level stakeholders, including the leaders of the task forces delegated to 

develop three target regimen profiles. By the time of this meeting, preliminary sham results 

were also developed, in order to illustrate the potential utility of the model to inform the 

decision-making process. Comments from that meeting were then incorporated into a full set of 

draft results that were made available to an even further expanded group of stakeholders, both 

in electronic format (as a PowerPoint presentation) and in-person at a follow-up meeting. These 

stakeholders were again given the opportunity to comment before performing the final model 

runs and generating the initial draft manuscript. In summary, the selection process was initiated 

by a small academic team with early high-level buy-in and increasing involvement of a body of 

stakeholders, many of whom were given at least three separate opportunities (including two in-

person) to provide feedback and shape the direction of the model results and communication 

thereof. 

 

A2.1.2 Determination of target levels for novel regimen characteristics 
 
A2.1.2.1 Overall considerations 
Minimal, intermediate, and optimal levels for each characteristic were selected with the goal 

that the minimal target would represent the worst-case level that would allow regimen 

development to proceed, and the optimal target would represent the best that could be hoped 

for from regimens in the foreseeable future. The characteristics selected do not precisely match 

those expected to appear in a target regimen profile. In order to limit modeled analyses to a 
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reasonable number of characteristics, multiple aspects of a regimen were in some cases 

grouped into a single modeled characteristic. For example, although multiple factors affecting 

eligibility of patients with other health conditions may be considered separately during drug 

development (for example, nephrotoxicity, teratogenicity, and cytochrome P450 interactions, to 

name a few), these exert epidemiologic impact through similar mechanisms by excluding a 

fraction of otherwise-eligible patients from receiving a novel regimen, and therefore we chose 

to group all medical contraindications into a single modeled novel regimen characteristic. In 

addition, although we recognized that some characteristics are inter-related (e.g. shortening the 

duration for which any particular combination of drugs is prescribed will reduce the proportion 

of patients cured, and sterilizing activity may be associated with both higher efficacy and lower 

risk of acquired drug resistance), but we model them individually in order to allow us to explore 

their relative impacts.  

A2.1.2.2 Efficacy 
Novel regimen efficacy targets are defined in relation to existing-regimen benchmarks (See 
Methods A2.2 for details of the estimation of existing regimens’ efficacy). Minimal targets for 
novel RS-TB and RR-TB regimens (94% and 76%, respectively) are the estimated efficacy of 
standard RS-TB and RR-TB regimens as defined above. For RS-TB regimens, intermediate (97%) 
and optimal (99%) targets represent consensus opinion on possible (albeit difficult to 
demonstrate) improvements. For RR-TB regimens, intermediate (88%) and optimal (94%) targets 
reflect results of the “Bangladesh regimen” [17] and RS-TB regimen, respectively.  

Note that this parameter reflects treatment outcomes for those patients who complete 
treatment and who are and remain susceptible to the treatment regimen. Outcomes for those 
who discontinue treatment and who have or acquire drug resistance are defined by other 
parameters below.  
 

A2.1.2.3 Barrier to emergence of drug resistance:  

As described in Methods, we represent novel regimens as consisting of (1) a novel drug 
component with no resistance in the population at baseline but to which resistance may be 
acquired, and (2) one or more “companion drugs” to which some resistance may already exist.  

For novel RS-TB regimens, the estimated rate at which additional drug resistance emerges in 
isoniazid mono-resistant patients during treatment with the standard RS-TB regimen [121,126] 
is taken as the worst-case barrier to new novel-drug resistance. Estimates of acquired 
resistance, to rifampicin or any drug in the treatment regimen, for pan-susceptible patients 
treated with the standard RS-TB regimen [22,112,126] are used to define an intermediate 
target. The optimal target reflects no acquired resistance when baseline resistance is excluded 
and the regimen is correctly administered.  

For novel RR-TB regimens, the minimal target (worst-case barrier to resistance that might allow 
a novel regimen to be considered) is benchmarked to reported acquired resistance to 
fluoroquinolones or aminoglycosides under current standard of care [29]. The intermediate and 
optimal targets are set equal to the minimal and intermediate targets for an RS-TB regimen 
above, respectively.  
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Those who have preexisting or acquired resistance to one component of the novel regimen also 
have an increased probability of developing resistance to the other component, but under the 
DST assumptions of the present analysis this has minimal influence on outcomes.  

 

A2.1.2.4 Prevalence of pre-existing novel-regimen (companion drug) resistance at time zero:  

For RS-TB regimens, minimal (10%) and intermediate (3%) targets for baseline resistance 
prevalence are benchmarked to the global prevalence of isoniazid resistance [139,140] and 
rifampicin resistance [24], while the optimal target is no pre-existing resistance.  

For RR-TB regimens, somewhat higher minimal and intermediate targets (15% and 5%) are used 
to reflect the prevalence of resistance of drugs such as fluoroquinolones and pyrazinamide 
among RR-TB patients in some settings [42,141–143]. Again, the optimal target is set as no pre-
existing resistance.  

Note that in the analyses presented here, we assume use of DST for novel and companion 
components of the novel regimen, so individuals with pre-existing resistance are excluded from 
treatment with the novel regimen. Without the DST assumption, individuals with novel-regimen 
resistance may be treated with the novel regimen, and in such patients the regimen has lower 
efficacy and higher risk of additional acquired resistance.  
 

A2.1.2.5 Duration of regimen required to be completed before full efficacy (#1 above) is 
achieved: 

Although for any given combination of drugs there will be a tradeoff between efficacy (when 
defined as prevention of relapse) and duration, we model the impact of varying only one of 
these parameters at a time (e.g. as might hypothetically be achieved by using different 
combinations or doses of drugs) in order to understand the relative importance of duration 
versus efficacy.  

For RS-TB regimens, we use the current duration (6 months) as the minimal target, the 4 month 
duration evaluated in several recent and ongoing clinical trials as the intermediate target, and 2 
months as the shortest duration being seriously considered for TB regimens in the near future 
and therefore the optimal target [144].  

For RR-TB regimens, we use current duration as the minimal target (20 months), durations being 
evaluated for new multidrug-resistant TB regimens as the intermediate target of 9 months [35], 
and the duration of current standard RS-TB therapy as the optimal target.  
 

A2.1.2.6 Proportion of population excluded from treatment due to 
medical/demographic/safety contraindications  

A variety of special populations could potentially be excluded from eligibility for a novel 
regimen, for example due to age, cardiac/liver/renal disease, pregnancy, interactions with 
essential medications such as antiretrovirals etc. Adverse reactions to the regimen could also 
force patients to switch to an alternative regimen shortly after starting treatment. All of these 
factors exert population-level impact via the same mechanism, and therefore, we modeled 
them collectively as a single characteristic, “Medical contraindications”.  
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For both RS-TB and RR-TB novel regimen, we consider the impact of such contraindications in 
11% of TB patients (i.e., two of the larger and one of the smaller contraindications in the list 
below, although that list is not comprehensive of all possible contraindications) as a minimal 
breadth of eligibility, 5% as an intermediate target, and 0% (universal eligibility) as an optimal 
target. Examples of contraindications that could comprise these totals include:  

 Renal disease: ~5% of patients excluded if contraindicated in chronic kidney disease 
stage >= 3 [145] 

 Cardiac conduction disease: ~5% of patients excluded if contraindicated for baseline 
QTc interval >450 milliseconds [146,147] 

 Liver disease: ~1-10% of patients excluded for abnormal liver function tests depending 
on stringency of cutoff [148,149] 

 Pregnancy: ~1% of patients excluded due to pregnancy during a six-month treatment 
course (Estimating two 9-month pregnancies per woman, 37% of global TB cases 
occurring in women, 1/3 of those occurring during childbearing years [24], and a 6-
month TB treatment duration) 

Side effects requiring change in treatment could also contribute to the total percentage 
modeled.  

In sensitivity analyses, we also consider the impact of HIV-specific exclusions, by comparing the 
impact of excluding 11% of all patients, independent of HIV status, to the impact of 
concentrating those exclusions among individuals with HIV; that is, in the primary setting, we 
modeled excluding all 4% of those patients with HIV plus 7% of others, and in the setting of high 
HIV co-prevalence (modeled after South Africa), we excluded 18% of HIV positive patients (=11% 
of the total number of TB patients). 

Finally, our model represents an adult population, but because pediatric TB is rarely infectious, 
excluding children impacts only those children’s outcomes (does not impact transmission) and 
can be secondarily estimated from the model. We estimate pediatric incidence from the adult 
force of infection [150], and we use the difference in mortality after starting treatment between 
new and alternative regimens to estimate the impact on pediatric mortality.  

 

A2.1.2.7 Tolerability / Ease of adherence 

Here, we include factors such as pill burden, dosing frequency, and inconvenient side effects 
that would reduce patient adherence or increase losses to follow up. (Note that duration of 
treatment is modeled separately and described above). Data are lacking for estimating what 
changes in regimens could prompt what degree of improved adherence or reduced loss to 
follow up, so we do not model specific characteristics such as once vs twice daily, single-pill 
formulations, or long-acting injectables. Instead, we make a generous estimate of the impact 
that a significant improvement in tolerability could have on adherence, and we model the 
impact of that improvement to generate a best-case estimate of the potential impact of 
improved adherence.  

Chronic disease literature ranging from cardiovascular disease to HIV to organ transplant 

suggests a potential to improve adherence by about 25% to 50% by reducing dosing frequency 

from multiple daily doses to once daily or using single-pill combinations (with measures of 

adherence that varied from study to study) [151–154]. For tuberculosis, there is little evidence 
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relating pill numbers or dosing schedules to adherence, but as an upper bound, we consider a 

trial of electronic reminders and adherence-focused medical management for TB patients in 

China, which resulted in about a 50% reduction in nonadherence [155].  

We therefore use 0%, 25%, and 50% reductions in nonadherence/loss to follow up as our 
minimal, intermediate, and optimal targets for both RS-TB and RR-TB novel regimens.  
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Methods A2.2: Transmission model specification 
 
A2.2.1 Model compartments/states: 
 
The following general states are each represented in the model by multiple compartments: 
 

S  = susceptible  

L   = latently infected  

A   = active TB, not currently receiving treatment 

1,2,...T = on effective treatment, in one of the N different treatment periods that comprise a full 

course (see below) 

X   = on ineffective treatment 

W  = those who are currently asymptomatic following treatment but will soon relapse with 
active TB 
 
Each of these general states is subdivided on the basis of: 

- h  = TB treatment history ( nS , nL , nA : no prior known history of active TB; pS , pL , pA : 

previous diagnosed and/or treated for active TB. Denoted generically by h  for indexing 
purposes.)  

- j  = Treatment regimen (Denoted by subscript s  for standard RS-TB regimen, r  for 

standard RR-TB regimen, or n  for novel regimen, or generically by j .) 

- k  = TB drug susceptibility phenotype (Denoted by subscript 0  [pan-susceptible], R  

[rifampicin resistant], N  novel-drug resistant], C  [companion drug resistant], RN , 

RC , NC , or RNC  [poly drug resistant phenotypes], or generically by k .) 

- i  = HIV infection status (Denoted by subscript “+” or “ “, or generically for indexing 

purposes by i .)  
 
 

A2.2.2 Model parameters 

Parameter estimates used in the baseline model of an RS-TB and RR-TB epidemic prior to novel 
regimen introduction are shown in Table A2.1. Table A2.1 also lists the variable name 
corresponding to each parameter in the equations below.  
 
 

A2.2.3 Model specification using differential equations 

To simplify representation of the model’s differential equations, it will be helpful to first 

define and explain a few quantities: 

Force of infection: For each drug-susceptibility phenotype k , active TB that is untreated ( A , 

for any treatment history and HIV status) or on ineffective treatment ( X , for any HIV status and 
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any regimen) contributes additively to the force of infection. We also calibrate a transmission 

coefficient,  , to the desired TB prevalence.  

, ,( ) ( ( ) ( ))k k h i hki j i jkiFOI t A t X t    

 
Of note, novel-drug resistance is assumed to be negligible in the population at time t=0, but 
once a patient acquires resistance during novel-regimen treatment and relapses with resistant 
disease, that resistant strain can be transmitted. For strains resistant to only the novel drug 
(with or without companion-drug resistance, as this is assumed to confer no additional fitness 

cost), R N  . For resistance to both rifampin and novel drug, 2

RN R N R     . 

Resistance to the companion-drug component of the novel regimen, to which some resistance 

may exist in the population at baseline, is assigned to the specified fraction of the population at 

the start of the implementation period (t=0) and then may be transmitted. We assume that 

companion-drug resistance confers minimal fitness cost, that it is approximately at equilibrium 

at t=0, and that the dominant pathway for acquisition of resistance to the novel regimen 

involves acquisition of novel-drug resistance as the first step (but companion resistance is 

acquired as well in a fraction of those who acquire novel drug resistance).  

HIV: We also model HIV infection, in a simplified manner. All adults face a constant risk per unit 
time of HIV infection. HIV increases the background mortality rate, the TB-attributable mortality 
rate, the probably of rapid progression when infected with TB, the rate of TB reactivation from 
latency, and the rate of diagnosis of active TB, as shown in the parameter table above; it also 
eliminates spontaneous TB resolution of active TB, which occurs at a low rate in HIV-uninfected 

individuals. The HIV infection rate  is calibrated jointly with , to achieve the desired HIV co-

prevalence among individuals with active TB.  

1 0  for all HIV-uninfected states i i      

 
Deaths arise from background and TB-specific mortality rates (both HIV-dependent), for a total 

mortality rate:  

, , ,( , ) ,

( ) ( ) ( ) ( )i i hki i jki i

h k i j k ii

Mort t X t A t X t  
  

       

“Births”: Deaths in the population are replaced by new 15 year olds; the prevalence of latent TB 

among these 15 year olds assumes 15 years of exposure to the current total force of infection, 

and is apportioned to rifampin and companion-drug susceptible or resistant phenotypes based 

on their relative forces of infection; because we model only 10 years after introduction of the 

novel regimen, and because the regimen’s novel drug component is assumed not to have been 

used previously, latent novel-drug resistance is not assigned among these 15 year olds. 

Therefore, the fraction of latently infected 15 year olds infected with strain k is 
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 for phenotypes without novel-drug resistance, or ( ) 0kl t  for 
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novel-drug-resistant phenotypes k. The remainder of 15 year olds are TB susceptible, treatment 

naïve, and all 15 year olds are HIV-negative. 

Treatment duration, completion, and loss to follow up: To allow detailed modeling of regimens 

of different durations, time on treatment is modeled as a series of compartments. The transition 

rates between these compartments are set such that the compartments have duration 

1 2 3 4t t t t     1 month,  5t   2 months, 6 7t t   3 months, and 8t   8 months. Thus, the 

standard first line (6-month) regimen lasts for sN   5 treatment periods, the standard RR-TB  

(20-month) regimen last for all rN   8 treatment periods, and novel regimens with durations 2 

months or 4 months last for nN   2 or nN   4 periods, respectively. The efficacy parameter 

j  determines what fraction of those who complete regimen jwithout acquiring resistance are 

cured; of those who do not acquire resistance but are not cured, (1 )j  will improve but 

relapse, while (1 )(1 )j   will fail to clinically respond to treatment. Numerical estimates of 

j  are explained below in “Estimation of treatment efficacy”.  

Nonadherence and losses to follow up are assumed to accumulate at a monthly rate, and 

patients who complete only a partial treatment course still may be cured, but they are more 

likely to relapse, by a factor that depends on the fraction of treatment that was completed. We 

calculate relative risk of relapse, relative to those who complete treatment, by assuming that 

losses to follow up happen at the midpoint of the treatment block in which they occur. 

Therefore, those who begin treatment period 
jm N  for regimen j  have a probability 

1 (1 ) mt

j  of discontinuing treatment during period m , and those who do so are considered 

to have completed a fraction 

1

1

1

2
( )

j

m
m

p

p

j N

p

p

t
t

f m

t














 of the full treatment course. The numerical 

estimation of the resulting relative risk of relapse, ( ))jr f m , is explained below under “Relapse 

risk after partial treatment”. 

Treatment-naïve susceptibles come from replacement of deaths and from spontaneous 

resolution and are lost to death or infection: 

   
susceptibilities 
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Previously treated susceptibles come from spontaneous resolution or successful partial or full 

treatment, and are lost to death or infection.  
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Latent infection: Latent infection compartments grow via infection and via entry of new latently 

infected 15 year olds, and shrink via reactivation and death. Latently infected individuals may 

become superinfected with the same or a different strain; when this occurs, the probability or 

rapid progression is reduced by   compared to those newly infected with their first strain, and 

for those who are superinfected but do not progress rapidly to active disease with the new 

strain, either the old or the new strain becomes their single latently infecting strain with 

probabilities proportional to the two strains’ relative transmission fitness (we do not model 

mixed infections, nor superinfection of individuals who currently have active disease).  
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Active disease arises from rapid progression after infection or superinfection, reactivation from 

latency, or relapse after complete or partial treatment, and exit from active disease occurs due 

to treatment initiation, spontaneous resolution, or baseline or tb-related mortality.   
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To select the treatment regimen, drug susceptibility testing (DST) for rifampin and/or 

components of a novel regimen may be performed. The regimen is selected based on regimen 

availability, DST results, and other patient factors affecting eligibility.  

When modeling an RR-TB regimen, we represent the present-day state of RR-TB under-

treatment by assuming linear scale-up of rifampin DST over the past decade until RR-TB is 

detected and treated in approximately 20% of new patients and 70% of retreatment patients 

who have RR-TB infections (Table A); these levels of DST coverage are not varied between 

settings. Except where we explicitly model more rapid rifampin-DST scale-up in association with 

scale-up of the novel RR-TB regimen, we assume that current scale up continues beyond the 

start of analysis, at the same linear rate for new patients as over the past decade, and at a rate 

for retreatment patients that reduces the remaining gap in rifampin DST by half over the next 

decade.  

Thus, taking t=0 as the time that the novel regimen is introduced, and taking 
, ,,n RR p RR   as 

defined in Table A above for the novel RR-TB regimen scenario or 
, , 1n RS p RS    for the RS-

TB regimen scenario, rifampin DST coverage at time t for new or previously treated patients is : 
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Those with RR-TB who do not receive rifampin DST in the novel RR-TB regimen scenario are 

instead given the standard RS-TB regimen.  

To avoid unnecessary complexity, we assume for the analyses of a novel RS-TB regimens that 

rifampin DST has reached universal uptake when the novel RS-TB regimen is implemented.  

The availability of the novel regimen to its target population also increases linearly over time, 

starting from its introduction at t=0 and increasing linearly to a maximum availability A (set to 

75% in our primary analysis). Because we assume novel regimen DST use, the regimen will be 

available only to drug susceptibility 0 for the novel RS-TB regimen and only to susceptibility R for 

the RR-TB regimen scenario. Thus, the availability of the novel regimen at time t, to those with 

the regimen’s target susceptibility kscen, is  



117 

 
,scenario
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In addition to those TB patients in the RS-TB or RR-TB target population who are excluded based 

on novel regimen unavailability or novel regimen resistance, an additional fraction i  are 

excluded from the novel regimen for medical reasons and must instead receive a standard 

regimen (this fraction is allowed to depend on HIV status in sensitivity analyses, although not in 

our primary analysis).  

For the novel RS-TB regimen scenario, the probability Pr( j | t,h,k,I,RS) of choosing regimen j at 

time t is 

 

And for the novel RR-TB regimen scenario,  
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A the time of diagnosis and treatment initiation, a fraction of patients acquire resistance (to 

rifampin with probability sR  for the standard RS-TB regimen in individuals with RS-TB, or to 

the novel drug alone with probability nN  and both novel and companion drugs with probability 

,

,

(1 ) ( ) 0
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nNC  (where the sum nN nNC   is the total probability of acquired novel regimen resistance 

defined in table 1, and the ratio is estimated as 9:1 as described below).  

We will define the efficacy of the novel regimen as 0n or nR for RS-TB and RR-TB regimens, 

analogous to 0  (= )s sN sC sNC     and  (= )rR rRN rRC rRNC     for the efficacy of the 

standard regimens. 

Similarly, we define the proportion who become nonadherent during each month of novel 

regimen treatment as n  . 

The novel regimens are assumed not to contain rifampin, or at least not to result in additional 

selection of resistance to rifampin among rifampin-susceptible TB.  

Therefore, treatment begins through diagnosis and treatment initiation for those who have 

active disease (unless they experience pre-treatmtent loss to follow up) or are currently failing 

treatment, with a different probability for each regimen j, and effective treatment begins in the 

subset of these who do not experience acquired resistance or treatment failure.  
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The remainder of those who start treatment either fail to respond: 

 

 
treatment 
history 

failing 
regimen

0

new 
resistanc

s 

e k

1 Pr( | , , , ,scenario)

1 (1 )(1 )
Pr( | , , , ,scenario)

( )

( )

( ) ( )

hi hki

hjki

jk

f j ki

j

j

i i i f jk

k

i

j h k i t

j p k

A t

dX

dt X ti

X

t

t






   

 







 
   
 

 
 
 
 
  
 



 
 

   






 

…or acquire resistance and move directly to a pending-relapse state for the new strain (shown 

below, second line of dW(t)/dt). 

Once response to treatment in period 1 has occurred (and those who will fail or acquire 

resistance have moved elsewhere), patients proceed through treatment periods 1 through Nj 

with a risk of loss to follow up during each transition: 
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And finally, those who will relapse include those who were lost to follow up and will relapse, 

those who completed therapy but will still relapse, and those who acquired resistance and 

moved to the pending-relapse state for a more resistant strain: 
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A2.2.4  Details of the estimation of specific model parameters (apart from characteristics of 

novel regimen detailed in Methods A2.1): 

A2.2.4.1 Estimation of treatment efficacy:  

For the standard first-line regimen, this probability of durable cure was estimated under clinical 

trial conditions from the outcomes of standard-regimen control groups in recent clinical trials 

for drug-susceptible TB (REMox [77], RIFAQUIN [78], OFLOTUB [79]). Specifically, considering the 

control groups from a per-protocol perspective (i.e. those who completed therapy), estimating 

that 3/4 of recurrences within 24 months are due to relapse in studies that did not distinguish 

reinfection from relapse [156], and assuming an approximately 0.5% fraction with relapse due to 

acquired resistance [22] and a background mortality of 1% (50 year average life expectancy for 

adult subjects and a six-month treatment course), we estimate outcomes of 4% relapse and 2% 

treatment failure or TB-related death (i.e. deaths occur at the TB mortality rate among those 

who are failing treatment, for a total of 2% failure + TB-related death), among those who 

complete treatment without baseline or acquired drug resistance. We additionally assume (with 

sensitivity analysis) that the same 2:1 outcome ratio of relapses to failures or deaths applies for 

all regimens, among regimen-susceptible patients who complete treatment.  

For rifampin-resistant TB, treatment outcome data are more limited (in particular, patients 
often are not followed for relapse, and few modern clinical trial data exist), but we obtained an 
estimate of 76% cure from published cohorts [26,157] after excluding defaults. This estimate is 
significantly higher than programmatic treatment success rates, but those also include 
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significant losses to follow up [24]. The even lower efficacy of the standard RS-TB regimen when 
used inappropriately to treat RR-TB was also estimated from available literature [110,111,158]. 

In this analysis, for simplicity, we assume perfect novel regimen DST use, so the reduced efficacy 
of the novel regimen when novel or companion drug resistance is present does not enter into 
these analyses, nor does the increased probability of selecting novel drug resistance when 
companion-drug resistance is present.  
 

A2.2.4.2  Modeling of treatment nonadherence:  

Limited data on the timing of default for RS-TB [123] and RR-TB [131,159,160], suggest a 

constant rate of loss to follow up of approximately 1% per month throughout the treatment 

course (after a substantial fraction experience pre-treatment loss to follow up [120]). Similar 

rates are observed for both RS-TB [24] and RR-TB [24,26,127,157]. We attempted to also 

account for patients who remain on treatment but are intermittently non-adherent. One clinical 

trial of adherence-promoting interventions [155] found that that TB patients were less than 80% 

adherent during 30% of patient-months and that most of the insufficiently adherent months 

occurred later in the treatment course. Estimating that adherence averages 50-60% during these 

insufficiently adherent months, that the efficacy of a treatment course with incomplete 

adherence is a function of the total doses taken, and that nonadherence is unevenly distributed 

in the population, we model the combination of losses to follow up and intermittent 

nonadherence as a combined effective loss to follow up rate of approximately 3% per month, 

independent of total planned treatment duration.  

 

A2.2.4.3  Estimation of relapse risk after completing a partial treatment course: 

 We estimate the increase in relapse for discontinuation after 1/3 and after 2/3 of the planned 

course from historical outcomes for clinical trials using 2 months [81] and 4 months [161] of 

regimens similar to the current standard six-month regimen (but using streptomycin rather than 

ethambutol). Specifically, stopping a regimen of isoniazid, rifampin, streptomycin, and 

pyrazinamide after 2 months for intermittently smear-positive patients resulted in 32% relapse, 

or 7.5x more relapse than the 4% that we estimate for the fraction relapsing after 6 months of 

the standard regimen under optimal conditions. Likewise, in multiple trials for smear-positive 

patients, stopping after 4 months caused 12% (i.e. a ~3x increase in) relapse. We assume that all 

who receive no treatment will relapse (except those with spontaneous resolution), and we 

interpolate segmental linear decreases in these factors between 0-2 months, 2-4 months, and 4-

6 months – or, for regimens of durations other than six months, between 0 to 1/3, 1/3 to 2/3, 

and 2/3 to entirety of treatment course completed. Because the correlation between 

nonadherence and acquired resistance will vary between regimens, and because we vary only 

one regimen characteristic at a time in our primary analysis, we do not model adherence-related 

changes in the risk of acquired resistance.  
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Methods A2.3: Details of model calibration and epidemiologic settings 

 

A2.3.1  Model calibration targets: 

As discussed in the main text, an RS-TB-only epidemic at equilibrium was first calibrated by 

varying the TB transmission coefficient   and the HIV infection rate  , to match the TB 

prevalence and HIV co-prevalence of each of the 4 settings shown in Table A2.2. Then, after 25 

years RR-TB acquisition and transmission was added, simulations were screened based on the 

proportion of TB incidence that was rifampin resistant, and those simulations more than a factor 

of 1.5 from the reported RR-TB proportion among new cases were rejected, while all others 

were included in the analysis with equal weight.  

 
 
A2.3.2  Calibration method sensitivity analysis: 

In a sensitivity analysis, performed on a random subset of 10% of total simulations for the 
primary setting, we compared results with this calibration to results for an alternative 
calibration method, in which we included all simulations in the analysis but weighted them 
according to a likelihood function defined as follows: TB incidence, TB mortality, and RR fraction 
among incident TB cases were each treated as having an independent Gaussian distribution, 
with a mean at the reported point estimate, and with a standard deviation equal to one fourth 
of the width of the reported interval. These three types of data were assumed to be 
independent. For each simulation, a log likelihood for the simulation’s incidence, mortality, and 
new-infection RR prevalence, was computed as the sum of the logged densities of these three 
Gaussian distributions, and simulations were weighted according to the resulting likelihood in 
the subsequent analyses; results are provided in Figure A2.9.  
 
 

  



122 

Results, Appendix 2 

Results A2.1: Results of model calibration 

We calibrated 1,000 simulated epidemics to India’s TB and HIV prevalence, resulting in 20,000 

simulated RR-TB-containing epidemics for each novel regimen scenario. Of these, 4917 

simulations met targeted present-day RR-TB prevalence for the RS-TB regimen scenario (i.e. 

with the simplification that all RR-TB detection and RR-TB treatment scale-up reached all 

diagnosed TB patients by the end of the calibration period), and 5298 simulations met RR-TB 

prevalence targets for the novel RR-TB regimen scenario (i.e. with still-incomplete RR-TB 

detection at the start of analysis).  

Correspondence to calibration targets for all epidemiologic settings are shown in Table A2.3. 10 
year projections of incidence and mortality under current care are shown in Table A2.4.  
 

 

Results A2.2: Sensitivity to HIV-specific exclusions and to contact structure 
 

Sensitivity to HIV-specific exclusions 

Concentrating contraindications to the novel regimen among HIV-positive patients could more 
substantially impact the novel regimen’s mortality impact. In the Indian (4% co-prevalence) 
setting, excluding all HIV-positive and 7% of HIV-negative TB patients (to comprise 10% of TB 
patients overall) resulted in loss of 15.7% (12.7-22.0%) of the novel regimen’s total mortality 
impact, compared to a loss of 10.1% (9.4-10.6%) of the novel regimen’s impact when exclusions 
were distributed evenly over all TB patients independent of HIV status. This was due in part to 
the shorter duration of TB disease in HIV (such that excluding the same proportion of prevalent 
cases excluded a greater number of incident cases) and in part due to the higher mortality of 
HIV-associated TB.  
 
In the South African setting (where 61% of TB patients had HIV), if all people living with HIV 
were excluded from an otherwise-optimal novel RS-TB regimen, it would be expected to achieve 
only 29% (16-47%) of the reduction in TB mortality that would be expected if HIV patients were 
also eligible for treatment.  
 

Sensitivity to contact structure 

The heterogeneous contact structure we created resulted in a sub-population with TB 

prevalence median 8 (IQR 5-23) times higher than in the rest of the population.  

With this heterogeneous contact structure, the projected reduction in TB mortality from an all-

optimal novel regimen in the primary (India) setting was 10.2% (95% UR 9.5-10.6%), compared 
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to 10.1% (9.6-10.5%) with the homogeneous contact structure. Results for the relative 

importance of different regimen characteristics were also similar, as shown in Figure A2.8.  

 

Table A2.1 Model parameters. (See main text for values of novel regimen-related parameters.) 

Parameter Median estimate 
(sampled range) 

References Variable 
used 

Baseline mortality rate (a)    
Non-HIV 0.012 (0.06-0.018) [114] 

   

HIV 0.033 (0.017-0.049) [162]    

TB-associated mortality rate    
Non-HIV 0.1 (0.05-0.15) [44] 


  

HIV 0.4 (0.2-0.6) [163,164] 
   

Fraction progressing rapidly after TB infection    
Non-HIV 0.13 (0.07-0.19) [50]    

HIV 0.50 (0.25-0.75) [165]    

TB Reactivation rate    
Non-HIV .0015 (.0008-.0022) [52,115]    

HIV .0300 (.0150-.0450) [166]    

Relative probability of rapid progression, subsequent 
versus initial infection 

0.5 (0.25-0.75) [50,51]    

Rate of spontaneous resolution (non-HIV only) 0.2 (0.1-0.3) [44,167]    

( 0)   

Time from treatment completion to relapse for those 
who will relapse (years) 

1.0 (0.67-2) (b) [122]    

Proportion lost to follow up per month on treatment 0.03 (0.015-0.045) [26,123,127,1
55] s r    

Relative risk of relapse risk after partial treatment 
course 

 [81,161]  

1/3 of doses completed 3.0 (1.5-4.5)  
1   

2/3 of doses completed 7.5 (3.8-10.2)  
2   

TB diagnosis and treatment initiation rate, per year    
Non-HIV, treatment-naïve 0.7 (0.35-1.05) [24,118] 

n    

Non-HIV, previously treated  1 (0.5-1.5)  
n   

HIV, treatment-naïve 2.0 (1.0-3.0) [163,168] 
p 

 

HIV, previously treated 3.0 (1.5-4.5)  
p 

 

Patients failing current treatment 3.0 (2.0-6.0)**  
f  

Fraction experiencing pre-treatment loss to follow up 0.15 (0.08-0.22) [120]    

Treatment efficacy of standard TB regimens (c)    
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Standard rifampicin-susceptible (RS) TB regimen for 
RS-TB 

0.94 (0.91-0.97) [77,79,78] 
0s   

Standard rifampicin-resistant (RR) TB regimen for RR-
TB 

0.76 (0.64-0.88) [26,157] 
rR  

Fraction of non-cures ending in relapse rather than 
failure or TB-attributable death (d) 

0.67 (0.34-1) [77,79,78]    

Probability of acquiring rifampin resistance during 
standard RS-TB treatment 

0.008 [22,112] 
sR   

Probability of durable cure for RR-TB patients 
completing standard RS-TB regimen 

0.2 (0.1-0.3) [110,111,158] 
sR   

Fraction of RR-TB detected at treatment initiation (e)    
New TB patients 0.20 (0.10-0.30) [24] 

,n RR   

Retreatment patients 0.70 (0.55-0.85)  
,p RR   

Relative transmissibility of drug-resistant strains 0.7 (0.55-0.85) [54,124] 
R N    

(a) rates are expressed per year unless otherwise noted.  
(b) Parameter sampled (from 50% to 150%) is the reciprocal of parameter listed here.  
(c) Efficacy is defined as probability of durable cure for regimen-susceptible patients who complete 
treatment without acquiring resistance; see text for explanation of estimates.  
(d) Excludes additional relapse due to nonadherence or acquired resistance.  
(e) Incomplete RR-TB detection is modeled in novel RR-TB regimen scenario only; see text and appendix for 
details of scale-up.  
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Table A2.2 Calibration targets for all modeled epidemiologic settings. 

 

 

 

 

* Reference: Global TB Report 2015, World Health Organization 

 

 

Table A2.3: Baseline TB incidence and mortality of calibrated models.  

(1) Model results are presented as median (95% uncertainty range) over all simulations 
(2) WHO estimates are point estimate and confidence interval from the World Health 
Organization’s Global Tuberculosis Report 2015.  
(3) WHO’s TB mortality estimates are separated into non-HIV (all of which are attributed to TB) 
and TB+HIV (an unknown fraction of which are attributable to TB).  
(4) WHO does not estimate RR-TB incidence or mortality directly.  
  

 TB prevalence 
(/100k) 

HIV-TB co-
prevalence 

Rifampin-resistant 
incident fraction 

India (primary analysis) 195 4% 2.2% 

Brazil 52 17% 1.4% 

Philippines 417 0.2% 2% 

South Africa 696 61% 1.8% 

 Baseline TB 
incidence, RS-TB  
regimen scenario 
(/100k/yr) 

Baseline TB mortality, RS-TB 
regimen scenario (/100k/yr) 

Baseline RR-
TB incidence, 
RR-TB 
regimen 
scenario 
(/100k/yr) 

Baseline RR-
TB mortality, 
RR-TB 
regimen 
scenario 
(/100k/yr) 

 Model 
result(1) 

WHO 
estim-
ate(2) 

Model 

result(3)  
WHO estimate(3) Model 

result(4) 

Model result 

India 
(primary 
analysis) 

157  
(113-
187) 

167  
(156-
179) 

16 (9-
23) 

17 (12-27) TB-only 
+  
2.4 (2.0-2.9) 
HIV+TB 

6.0  
(3.5-10.2) 

0.61 
(0.33-1.14) 

Brazil 39 
(9-55) 

44  
(42-46) 

4.3  
(1.0-
7.1) 

2.6 (2.4-2.7) TB-
only + 1.2 (0.9-
1.6)  HIV+TB 

1.0  
(0.3-1.9) 

0.11 
(0.03-0.23) 

Philippines 325  
(231-
401) 

288  
(254-
324) 

35  
(18-50) 

10 (9.1-11) TB-
only + 0.08 (0.06-
0.11) HIV+TB 

11.0 
6.3-19.2) 

1.1  
(0.5-2.1) 

South 
Africa 

737  
(632-
832) 

834  
(737-
936) 

116 
(61-
178) 

44 (41-48) TB-only 
+ 134 (107-164) 
HIV+TB 

25.8  
(15.9-42.6) 

3.9   
(2.1-6.9) 
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Table A2.4: Estimated 10-year mortality and incidence impact of optimal novel regimen for all 
modeled settings, relative to current-care projections  

 
 

 

Table A2.5: Sensitivity analysis for non-equilibrium underlying RS-TB epidemic: Parameters 

used and resulting TB incidence 

 Annual change in 
varied parameter, 
relative to its value at 
year 0 

Average annual change in 
TB incidence, year 0 to 
year 10, with no novel 
regimen 

Equilibrium model NA NA 

Declining transmission coefficient (β) -2% -2.3% 

Declining rapid progression 
probability (ρ-) 

-2% -2.6% 

Declining reactivation rate (α-) -4% -2.2% 

Increasing TB diagnosis rate (χn-) +5% -2.2% 

 

  

 TB incidence 
reduction, 
optimal RS-TB 
regimen 

TB mortality 
reduction, optimal 
RS-TB regimen 

RR-TB incidence 
reduction, 
optimal RR-TB 
regimen 

RR-TB mortality 
reduction, optimal 
RR-TB regimen 

India 12.0% (6.5-
21.9%) 

11.3% (5.8-20.4%) 31.8% (17.6-
46.4%) 

30.2% (17.6-43.7%) 

Brazil 10.6% (6.4-
18.7%) 

9.4% (5.7-16.1%) 29.3% (15.5-
43.2%) 

28.4% (16.5-41.1%) 

Philippines 11.6% (6.6-
23.0%) 

10.6% (5.3-21.2%) 29.5% (16.0-
44.5%) 

27.6% (15.4-42.6%) 

South Africa 9.7% (5.8-
16.5%) 

9.3% (5.0-16.2%) 30.1% (15.4-
47.7%) 

30.3% (17.1-45.4%) 
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Table A2.6: Sensitivity analysis results for non-equilibrium epidemic: comparing impacts of 

improving a single regimen characteristic 

 Fraction of total mortality impact achieved by optimizing single characteristic 
(median (95% UR))* 

 Efficacy Barrier to 
resistance 

Preexisting 
novel-
regimen 
resistance 

Medical 
Contraindic
ations 

Duration Tolerability/ 
likelihood of 
adherence 

Equilibrium model 44 (32-52)% 21 (15-31)% 0 (-4–3)% -2 (-5–1)% 23 (14-29)% 17 (11-22)% 

Declining 
transmission 
coefficient (β) 

43 (32-51)% 23 (16-32)% 0 (-4–2)% -2 (-5–1)% 23 (14-28)% 17 (10-21)% 

Declining rapid 
progression 
probability (ρ-) 

43 (32-51)% 22 (16-31)% 0 (-3—3)% -2 (-5—1)% 23 (14-28)% 17 (10-21)% 

Declining 
reactivation rate (α-) 

45 (33-53)% 20 (15-31)% 0 (-4—2)% -2 (-5—1)% 23 (15-30)% 17 (11-22)% 

Increasing TB 
diagnosis rate (χn-) 

43 (32-52)% 23 (17-32)% 0 (-3—3)% -2 (-5—1)% 23 (14-29)% 17 (10-22)% 

* Because these analyses were performed using a random 10% subset of the simulations used 

for the primary analyses, results for the equilibrium model differ slightly from those presented 

in the primary manuscript.  

 

Table A2.7: Sensitivity analysis results for non-equilibrium epidemic: comparing impacts of 

failing to optimize a single regimen characteristic 

 Fraction of total mortality impact lost when single characteristic is 
not optimized (median (95% UR))* 

 Efficacy Barrier to 
resistance 

Preexistin
g novel-
regimen 
resistance 

Medical 
Contraind
ications 

Duration Tolerability
/ likelihood 
of 
adherence 

Equilibrium model 40 (33-
54)% 

27 (21-
39)% 

10 (7-13)% 8 (6-10)% 8 (5-13)% 3 (2-4)% 

Declining transmission 
coefficient (β) 

38 (32-
51)% 

29 (22-
40)% 

10 (8-13)% 8 (6-10)% 8 (5-12)% 3 (2-4)% 

Declining rapid progression 
probability (ρ-) 

38 (33-
54)% 

29 (22-
40)% 

10 (8-13)% 8 (6-10)% 8 (5-12)% 3 (2-4)% 

Declining reactivation rate 
(α-) 

39 (33-
54)% 

27 (20-
39)% 

10 (7-12)% 8 (6-10)% 8 (5-13)% 3 (2-4)% 

Increasing TB diagnosis rate 
(χn-) 

38 (32-
50)% 

30 (22-
40)% 

10 (7-12)% 8 (6-10)% 8 (5-12)% 3 (2-4)% 

* Because these analyses were performed using a random 10% subset of the simulations used 

for the primary analyses, results for the equilibrium model differ slightly from those presented 

in the primary manuscript.  
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Figure A2.1 Results for incidence outcome, primary (India) setting. In contrast to other figures 

showing impact on the TB or RR-TB mortality reduction resulting from a regimen, this analysis 

considers the impact of different novel regimen characteristics on the regimen’s ability to 

reduce TB incidence (RS-TB regimens) or RR-TB incidence (RR-TB regimens).  
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Figure A2.2 Impact of novel regimens on TB mortality in an epidemic reflective of Brazil (lower 

TB prevalence, higher HIV co-prevalence). 
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Figure A2.3 Impact of novel regimens on TB mortality in an epidemic reflective of the 

Philippines (high TB prevalence, low HIV co-prevalence). 
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Figure A2.4 Impact of novel regimens on TB mortality in an epidemic reflective of South Africa 

(high TB prevalence and high HIV co-prevalence). 
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Figure A2.5 Total patient-months on treatment resulting from different RS-TB regimen 

improvements. Different improvements in a novel RS-TB regimen have different population-

level impacts on total TB treatment person-time. Efficacy improvements reduce the use of all 

regimens by lowering incidence most dramatically. Inclusive eligibility allows more patients to 

receive the novel rather than standard regimen, which reduces total treatment time only if the 

novel regimen is also shorter. Shortening the regimen duration has a direct and immediate 

impact on the total patient-months on treatment.  
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Figure A2.6 Role of expanded RR-TB detection and treatment in novel RR-TB regimen impact. 

This sensitivity analysis considers a scenario in which an improved RR-TB regimen allows or 

motivates more rapid scale-up of rifampin DST, such that universal rifampin DST is achieved by 

the end of the 3-y scale-up period for the novel regimen. Compared to the baseline scenario 

that assumes continued gradual scale-up of DST, the indirect effect of simultaneous rapid DST 

scale-up is expected to approximately double the direct effect of a novel regimen improvement 

such as shortened duration or improved tolerability.  
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Figure A2.7 Sensitivity analysis: influence of individual parameter estimates on overall novel 

regimen impact. Partial rank correlation (adjusted for other parameters) was calculated for each 

parameter with the percent reduction in TB mortality (or, for RR-TB regimens, the percent 

reduction in RR-TB mortality) achieved by a novel regimen that met all intermediate target 

criteria.  
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Figure A2.8 Primary results with contact structure changed to heterogeneous, as described in 

Methods A2.3.  
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Figure A2.9. Sensitivity analysis for calibration method. The calibration method used in the 

primary analysis, in which all simulations that fell inside of uncertainty intervals were included in 

the analysis with equal weight, is compared to an alternative approach weighted according to a 

Gaussian-based likelihood function as described in Methods A2.3. In order to summarize many 

results in a single figure, regimen characteristics not being varied are set at an intermediate 

baseline; scalability is included among the characteristics varied; and reduction in mortality is 

shown relative to projections without any novel regimen. 
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Appendix 3: Supplemental material for Xpert MTB/RIF Ultra modeling analysis 

 

Methods A3.1: Supplemental Methods 

 

Derivation of select parameter estimates 

Cohort-related parameters: 

The prevalence of TB among the cohort evaluated for TB in South Africa was based on national 

laboratory data showing that 1 in 10.4 Xpert assays were positive for TB [105], and assuming 

80% average sensitivity of Xpert in this population. The same prevalence was assumed for India; 

it is also consistent with the TB prevalence among Indian patients with negative or unknown HIV 

status in Boehme et al 2011 [84] and with the prevalence of up-front Xpert positivity in the 

implementation study by Sachdeva et al [169]. Similar data are not available for China, but a 

50% lower prevalence was selected as both reasonable and to illustrate the impact of Xpert 

Ultra in a lower-prevalence patient population.  

Among cases, the prevalence of rifampin resistance and of prior TB history were assumed to be 

consistent with national TB notifications [170]; although retreatment cases with rifampin 

resistance may decrease as rifampin resistance is more effectively identified and treated in new 

patients, our model assumed the levels reported in 2015.  

Few data are available regarding the prevalence of TB history among non-cases evaluated for 

TB. This prevalence is expected to be lower than that among cases, but higher than that in the 

general population because TB history and persistent TB risk factors make clinicians more likely 

to suspect and test for TB. Therefore, we modeled this prevalence as the midpoint between two 

values: the prevalence in cases, and an estimated prevalence in the overall national population. 

This overall national prevalence was estimated as the product of the incidence of new TB, the 

probability that an incident TB case survives (1 - case fatality ratio), and the average expected 

survival after cure.  

In WHO’s TB notification data, age is binned by decade between ages 15 and 65, and in a single 

bin for those age >65, for each sex. We assigned individual age and sex within each cohort by 

first sampling from these bins based on the number of notifications in each bin. We then 

sampled from uniform distributions across each age bin for those age <65, and for those age 

>65, we sampled from the age distribution reported for those >65 years old in the country’s 

overall population in the Global Health Observatory data repository [114]. Within each cohort, 

we used the same distributions of age, sex, and HIV status for non-cases as for cases.  

Treatment- and outcome-related parameters: 

Probabilities of cure, death, or ongoing TB were estimated using data reported by WHO. 

Importantly, model parameters are not intended to directly map to programmatic outcomes, 

but rather reflect true clinical status following treatment. Therefore, for example, parameter 
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values must reflect whether those who “complete treatment,” are “lost to follow up,” or have 

no reported outcome associated with their notification (a situation particularly associated with 

the increasing number of notifications from India’s private sector) are cured, die during their 

initial planned course of treatment, or continue on with TB (e.g. with relapsed disease).  

To estimate a probability of death during treatment, for drug-susceptible TB, we started with 

the total reported fraction of patients dying during treatment according to WHO’s 2016 Global 

TB Report [6] for a given country and HIV infection status. From this, we subtracted the average 

background mortality rate times average treatment duration, to yield a probability of death due 

to TB during treatment.  

Probabilities of cure among those who did not die during treatment, for drug-susceptible TB on 

first-line therapy, were also based on outcomes reported by WHO [6]. We assumed that all 

treatment successes were truly cured, and conversely we assumed that none of the patients 

reported as lost to follow up were cured by the current treatment course. We excluded those 

with unknown outcomes, as well as deaths during treatment due to TB or another cause, from 

the calculation of this proportion cured.  

For rifampin-resistant TB, to reflect the evolving standard of care and advances in diagnostics 

and therapeutics (including earlier case detection, the potential for patient patients to receive a 

9-month regimen, and the increasing availability of second-line drug susceptibility testing and of 

new drug classes for patients with additional resistance), we assumed that treatment outcomes 

achieved after a health system chose between standard Xpert and Ultra would be superior to 

those historically reported for rifampin-resistant TB. We used observational data for the short-

course MDR-TB regimen in Bangladesh [7] as a basis for our estimates for the probabilities of 

death during treatment and of cure, for HIV-negative patients. Although that study’s patient 

population included some fluoroquinolone-resistant patients, we reduced the reported cure 

rate by an additional 5% to account for additional late relapses and/or for a higher prevalence of 

patients with more extensive second-line drug resistance. We assumed that TB mortality during 

treatment would increase for HIV-positive patients by a similar amount for MDR-TB as for drug-

susceptible TB.  

The probability that rifampin-resistant TB could be cured by first-line therapy were based on 

observational studies conducted in historical situations where MDR-TB treatment was not 

widely available [8,9].  

We also modeled a possibility of death from another cause during treatment, based on age-, 

sex-, and HIV-specific mortality rates as detailed below.  

Patients who were not diagnosed or treated in the current diagnostic episode were 

subsequently assumed to have a probability of eventual TB death equal to overall case fatality 

ratio of TB (in that country, for drug-susceptible TB, or as reported for MTB-TB globally, for 

those with rifampin resistance). This could be an underestimate, in so far as these individuals’ 

disease had advanced enough to bring them to clinical attention and yet had not been treated, 

but it may also be an overestimate of their mortality given that the individuals whose diagnostic 

testing was falsely negative are individuals who have demonstrated a propensity to access care 
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and have relatively pauci-bacillary disease. Therefore, we sampled from a wide uncertainty 

range around this estimate.  

For patients who were unsuccessfully treated, the TB case fatality ratio was similarly used to 

estimate their subsequent probability of TB mortality; for those who acquired rifampin 

resistance during their attempted treatment, the MDR-TB case fatality ratio was used.  

 

Background mortality rates 

For HIV-uninfected individuals in India and China, we used Global Health Observatory data [114] 

to estimate age- and sex-specific mortality rates as for the general population. For HIV-infected 

individuals, we used HIV-specific life expectancy data from South Africa [171] and estimated the 

patients in our cohort, who were in care and being evaluated for TB, as otherwise having the life 

expectancy of an HIV-infected individual in his/her second year on antiretroviral therapy.  

 

Assumptions for sensitivity analysis: Changes in clinical decision-making after switch to Ultra 

We explored scenarios in which clinicians make different treatment decisions based on the 

lower specificity and higher sensitivity of Ultra versus standard Xpert. Outcomes of Ultra versus 

standard Xpert, after accounting for these potential changes in clinical decision-making, are 

shown in Table A3.9. Here, we describe the corresponding methodology and assumptions. 

We first supposed that, in response to Ultra’s lower specificity, clinicians would follow positive 

Ultra results with a second confirmatory test of a different type – with patients only treated if 

both Ultra and confirmatory test were positive. This combined algorithm would improve 

specificity but reduce sensitivity compared to using Ultra alone. In particular, we considered the 

use of chest X-ray (CXR) as such a confirmatory test, basing revised parameter estimates on 

published data on the diagnostic accuracy of CXR in presumptive TB cases:  

- Sensitivity of CXR: The frequency of normal CXR in sputum culture-positive TB cases has 

been reported to range from 4.8% [172] to >10% [173] in HIV-uninfected individuals 

with pulmonary TB, and from 9% [174] to 22% [175] in HIV-associated pulmonary TB. 

We therefore estimated that 5% of HIV-negative and 10% of HIV-positive individuals 

with a true-positive Ultra result would go untreated if CXR confirmation of a positive 

Ultra result was required.  

- Specificity of CXR: In order to achieve the above levels of sensitivity for pulmonary TB 

detection, studies of receiver operating curves of chest x-ray in suspected TB suggest 

that a specificity of chest x-ray of approximately 50% would have to be accepted 

[176,177]. We therefore estimated that 50% of individuals with false-positive Ultra 

results would avoid unnecessary treatment due to this second step.  

In addition to possible changes to the interpretation of positive results, we also modeled 

possible changes to the interpretation of negative results – namely, by supposing that in 

response to Ultra’s higher sensitivity, clinicians in a high-HIV-prevalence setting would reduce 
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their use of empiric TB treatment after negative Ultra results. Sensitivity in HIV-infected 

individuals increases from 77% with standard Xpert to 90% with Ultra, and the two tests’ 

negative likelihood ratios differ by approximately a factor of 2. We are unaware of any data 

quantifying clinicians’ level of suspicion for TB in those patients whom they treat empirically, so 

we assumed that 20% of TB-negative patients with TB symptoms who would be empirically 

treated after a negative Xpert have clinically assessed prior odds of TB within a factor or 2 of the 

clinician’s threshold for empiric treatment, such that a negative Ultra result would lead to a 

decision not to treat, whereas a negative standard Xpert result would still result in a decision to 

treat empirically.  

 

Assumptions for sensitivity analysis: Possibility of an imperfect reference standard 

We also considered a scenario in which culture is an imperfect reference standard and some 

Ultra-positive, culture-negative individuals are true TB cases. The primary diagnostic accuracy 

study of Ultra used multiple sputum cultures to enhance sensitivity, and we assumed 95% 

combined sensitivity of these multiple cultures (e.g. due to overly aggressive decontamination 

of sputum), to represent a lower bound of the sensitivity of this multiple-culture evaluation. We 

also assumed an ability of Ultra to detect half of these culture-negative TB cases. As shown in 

Table A3.10, this would reduce the ratio of unnecessary treatments to deaths averted by 

approximately a factor of two in each setting.  

Due to the lower overall sensitivity of Ultra compared to culture, the consistency of results on 

multiple sputum specimens in the primary diagnostic study of Ultra, and a lack of TB cases 

identified in clinical follow-up of culture-negative/Ultra-positive cases, the number of culture-

negative/Ultra-positive individuals who are true TB cases is likely smaller than that modeled in 

this sensitivity analysis [87].  
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Table A3.1. Alternative parameter values for Ultra’s sensitivity and specificity for TB, with 

alternative uses of trace call resulta 

Sensitivity for TB HIV- HIV+ 

Ultra without trace call:    

Sensitivity if standard Xpert falsely negative 18.8% (10.4) b 40.7% (9.7) b 

Sensitivity if standard Xpert positive 98.6% (1.2) b 97.7% (1.9) b 

Overall sensitivity, simulatedc 90.3% (85.5, 94.1) 84.3% (77.0, 90.0) 

Ultra with positive trace calls repeatedd    

Sensitivity if standard Xpert falsely negative 18.8% (10.4) b 52.9% (9.9) b 

Sensitivity if standard Xpert positive 99.3% (1.0) b 97.7% (1.9) b 

Overall sensitivity, simulatedc 90.9% (86.3, 94.6) 87.3% (80.4, 92.5) 

Specificity for TB No TB history With TB history 

Ultra without trace call:    

Probability of false positive if standard Xpert 
negative 

1.1% (0.4) b 0.8% (0.7) b 

Probability of false positive if standard Xpert 
falsely positive 

83.3% (11.6) b 80.0% (15) b 

Overall specificity, simulatedc 97.4% (96.2, 98.4) 97.4% (95.0, 98.9) 

Ultra with positive trace calls repeatedd   

Probability of false positive if standard Xpert 
negative 

1.4% (0.5) b 3.7% (1.3) b 

Probability of false positive if standard Xpert 
falsely positive 

83.3% (11.6) b 80.0% (15) b 

Overall specificity, simulatedc 97.2% (95.8, 98.2) 94.6% (91.2, 97.0) 
aIn an additional alternative algorithm, the trace call result is used only for individuals without a history of 
TB. (The parameter values are therefore equal to those using the trace call for individuals with no history 
of TB, and those without the trace call for individuals with prior TB.) 
b Values shown are the mean and standard deviation of sampled beta distributions, chosen to match 95% binomial 
confidence intervals determined in the clinical study of Ultra.  
c Sensitivities and specificities of Ultra for TB were modeled as conditional on the standard Xpert result (in 
order to capture the amount of correlation between the two assays), but the absolute sensitivity and 
specificity values were calculated for each simulation, and the median (inner 95 percentile range) over all 
simulations are shown.   
dUltra repeated if initial result positive by trace call; considered positive only if repeat result is positive 
with or without trace call.  
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Table A3.2. Setting-specific cohorts by case status, rifampin susceptibility, and treatment 

history. 

 

 

 

 

 

 

 

Table A3.3. Monte Carlo variability across 40 runs of the Markov model, where each run 

consists of 5000 separate simulations of 100,000 individuals evaluated for TB  

 Indian TB clinic   South African HIV 
clinic 

Chinese primary 
care clinic 

Difference in TB deaths, Ultra vs 
standard Xpert 

   

Values reported in manuscript -0.48 (-1.3, 0.0) -1.42 (-3.7, -0.3) -0.05 (-0.2, 0.1) 

Median (95% range) of reported 
median 

-0.48 (-0.47, -0.49) -1.41 (-1.39, -1.43) -0.05 (-0.05, -0.05) 

Median (95% range) of reported lower 
bound of 95% UR 

-1.26 (-1.23, -1.29) -3.67 (-3.59, -3.75) -0.19 (-0.19, -0.18) 

Median (95% range) of reported upper 
bound of 95% UR 

0.03 (0.01, 0.05) -0.26 (-0.22, -0.28) 0.08 (0.07, 0.09) 

Difference in unnecessary TB 
treatments, Ultra vs standard Xpert 

   

Values (median (95% UR)) reported in 
manuscript 

18 (10,29) 10 (5, 19) 18 (8, 30) 

Median (95% range) of reported 
median 

18 (18, 18) 10 (10, 11) 18 (18, 18) 

Median (95% range) of reported lower 
bound of 95% UR 

9 (9, 10) 5 (5, 5) 8 (7, 8) 

Median (95% range) of reported upper 
bound of 95% UR 

29 (29, 29) 18 (18, 19) 30 (30, 31) 

Ratio, unnecessary TB treatments per 
TB death averted 

   

Values (median (95% UR)) reported in 
manuscript 

38 (12, *) 7.2 (2.3, 43) 372 (75, *) 

Median (95% range) of reported 
median 

38 (38, 39) 7.3 (7.2, 7.4) 376 (365, 384) 

Median (95% range) of reported lower 
bound of 95% UR 

12 (11, 12) 2.3 (2.2, 2.3) 74 (70, 78) 

Median (95% range) of reported upper 
bound of 95% UR 

Upper bound not 
defined 

43 (38, 47) Upper bound not 
defined 

* Upper bound not defined 

 India South Africa 
(HIV+ only) 

China 

Drug-susceptible TB, HIV- 10.6% 0% 5.6% 

Rifampin-resistant TB, HIV- 0.6% 0% 0.5% 

Drug-susceptible TB, HIV+ 0.6% 11.3% 0.2% 

Rifampin-resistant TB, HIV+ 0.03% 0.5% 0.01% 

Non-TB, no TB history 75.9% 82.1% 90.8% 

Non-TB, with TB history 12.4% 6.2% 2.9% 

Total 100% 100% 100% 
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Table A3.4. Primary results with different uses of trace call, for all modeled settings (same 

results are shown graphically in Figure 4.2) 
 

Standard 
Xpert 

Ultra without 
trace 

Ultra, 
conditional 
trace* 

Ultra, positive 
trace calls 
repeated*  

Ultra with 
trace  

TB deaths per 1000 people evaluated 

  India  10.4 (7.6, 
14.3)  

10.2 (7.4, 13.8) 9.9 (7.3, 13.4) 10.0 (7.3, 13.6) 9.9 (7.3, 
13.4) 

  South Africa 15.4 (10.8, 
21.2) 

14.5 (10.3, 
19.8) 

14.0 (9.9, 
18.8) 

14.2 (10.1, 
19.2) 

13.9 (9.9, 
18.8) 

  China  2.12 (1.5, 
2.9) 

2.10 (1.4, 2.9) 2.06 (1.4, 2.9) 2.08 (1.4, 2.9) 2.06 (1.4, 
2.9) 

Incremental TB deaths prevented per 1000 people evaluated, compared to standard Xpert  

  India  - 0.25 (0, 0.9) 0.46 (0, 1.2) 0.40 (-0.1, 1.1) 0.48 (<0,1.3) 

  South Africa - 0.83 (0.1, 2.5) 1.37 (0.3, 3.5) 1.12 (0.2, 3.1) 1.42 (0.3, 
3.7) 

  China  - 0.02 (-0.12, 
0.16) 

0.05 (-0.08, 
0.18) 

0.04 (-0.09, 
0.16) 

0.05 (-0.08, 
0.19) 

Unnecessary TB treatments per 1000 people evaluated 

  India  56 (38, 80) 62 (43, 87) 70 (50, 95) 67 (48, 92) 75 (55, 100) 

  South Africa 363 (227, 
497) 

367 (232, 500) 372 (240, 
504) 

369 (234, 502) 373 (241, 
505) 

  China  17 (10, 25) 24 (15, 36) 34 (23, 48) 27 (17, 40) 35 (24, 49) 

Incremental unnecessary treatments per 1000 people evaluated, compared to standard Xpert  

  India  - 6 (-1, 14) 14 (6, 24) 11 (3, 20) 18 (10, 29) 

  South Africa - 4 (0, 9) 9 (4, 17) 6 (1, 12) 10 (5, 19) 

  China  - 7 (0, 16) 17 (8, 29) 10 (1, 21) 18 (8, 30) 

Unnecessary treatments per TB death prevented 

  India  - 25 (0, **) 31 (9, 1913) 27 (6, **) 38 (12, **) 

  South Africa - 5 (0, 73) 7 (2, 38) 5 (1, 44) 7 (2, 43) 

  China  - 331 (0, **) 368 (73, **) 280 (24, **) 372 (75, **) 

* In the conditional trace scenario, the trace call is used only for individuals with no previous TB history. In 

the “positive trace calls repeated” scenario, Ultra is repeated once if the initial result is positive by trace 

call only; positives (including positives only by trace) on repeat testing are considered positive, while 

those who are negative on repeat testing are considered negative for TB.  

** Upper bound not determined because no deaths were averted in >2.5% of simulations 
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Table A3.5. Re-estimated assay specificities, stratifying study sites by national TB incidence.  

Lower-TB-incidence settings (<100/100,000 
person-years) 

No TB history With TB history 

Specificity of standard Xpert 99.6% (98.6, 100) 97.0% (91.6, 99.4) 

Probability of false positive Ultra (with trace 
call) if standard Xpert negative 

1.1% (0.7%) a 0% c 

Probability of false positive Ultra (with trace 
call) if standard Xpert false-positive 

0% d 100% c 

Overall specificity of Ultra (with trace call), 
simulated 
 

99.1% (97.1, 99.8) b 97.0% (91.6, 99.4) b 

Higher-TB-incidence settings (>100/100,000 
person-years) 

No TB history With TB history 

Specificity of standard Xpert 97.6% (95.7, 98.8) 98.6% (95.2, 99.8) 

Probability of false positive Ultra (with trace 
call) if standard Xpert negative 

3.0% (0.8%) a 8.2% (2.4%) a 

Probability of false positive Ultra (with trace 
call) if standard Xpert false-positive 

91.0% (10%) a 100% c 

Overall specificity of Ultra (with trace call), 
simulated 

94.8% (92.6, 96.6) b 90.1% (84.5, 94.1) b 

a Mean (standard deviation) of beta distribution  
b Median (95% uncertainty range) of simulated parameter values 
c Assumed result same as standard Xpert due to full concordance of the limited data available.  
d No range modeled, because only one (Ultra-negative) subject contributed to this estimate.  

 

Table A3.6. Reduction in untreated rifampin-susceptible and rifampin-resistant TB cases when 

using Ultra 
  

# of cases 
per 1000-
person 
cohort 

% of cases not 
properly 
treated, 
standard 
Xpert* 

% of cases 
not properly 
treated, 
Ultra* 

Difference in cases 
not properly 
treated, per 1000-
person cohort* 

India DS-TB 111 10% (7, 14) 7% (4, 11) 3.4 (0.7, 6.2) 

RR-TB 7 16% (11, 21) 15% (10, 21) 0.04 (-0.1, 0.2) 

South 
Africa 

DS-TB 113 14% (9, 20) 6% (2, 10) 8.9 (4.3, 14.7) 

RR-TB 5 28% (20, 35) 21% (14, 29) 0.3 (0, 0.6) 

China DS-TB 58 11% (7, 15) 8% (4, 12) 1.6 (0.1, 3.1) 

RR-TB 5 15% (10, 21) 15% (10, 21) 0.02 (-0.10, 0.14) 

*median (95% uncertainty range). Cases not properly treated include rifampin-susceptible TB 

cases who were not treated for TB, and rifampin-resistant cases who were not treated or were 

treated with first-line therapy. DS=drug susceptible; RR=rifampin-resistant. 

Table A3.7. Results with more pessimistic estimates of future rifampin-resistant TB treatment 

outcomes 
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Standard 

Xpert,  

median (95% 

UR) 

Ultra,  

median (95% 

UR)  

Difference (or ratio of 

differences), Ultra vs 

standard Xpert,  

median (95% UR) [80% UR] 

TB deaths    

  Indian TB clinic  11.5 (8.6, 15.4)  11.0 (8.3, 14.7) -0.46 (-1.2, 0.0) [-0.9, -0.2] 

  South African HIV 

clinic 

15.8 (11.0, 

21.8) 

14.4 (10.1, 19.2) -1.36 (-3.7, -0.2) [-2.8, -0.5] 

  Chinese primary care 

clinic  

2.84 (2.1, 3.7) 2.79 (2.1, 3.6) -0.04 (-0.2, 0.1) [-0.1, 0] 

Unnecessary TB treatments  

  Indian TB clinic  56 (38, 80) 75 (55, 100) 18 (10, 29) [13, 25] 

  South African HIV 

clinic 

363 (229, 497) 374 (242, 505) 10 (5, 19) [7, 15] 

  Chinese primary care 

clinic  

17 (10, 25) 35 (24, 48) 18 (8, 30) [11, 26] 

Unnecessary treatments per TB death averted  

  Indian TB clinic  - - 40 (13, *) [18, 125] 

  South African HIV 

clinic 

- - 7.6 (2.3, 49) [3.4, 21] 

  Chinese primary care 

clinic  

- - 372 (75, *) [130, *] 

* Upper bound not determined because more deaths occurred with Ultra than with standard Xpert in 

>2.5% (or for 80% UR, >10%) of simulations 

 

 

Table A3.8. Results for Chinese primary care setting, with and without empiric treatment*  
 

Standard 
Xpert  

Ultra  Difference (or 
ratio of 
differences), Ultra 
vs standard Xpert 

TB deaths, China    

 Original parameter estimates 2.12 (1.5, 2.9) 2.06 (1.4, 2.9) -0.05 (-0.2, 0.1) 

 Revised parameter estimates* 2.12 (1.5, 2.9) 2.06 (1.4, 2.9) -0.05 (-0.2, 0.1) 

Unnecessary TB treatments  

 Original parameter estimates 17 (10, 25) 35 (24, 49) 18 (8, 30) 

 Revised parameter estimates* 59 (39, 84) 76 (55, 103) 17 (7, 29) 

Unnecessary treatments per TB death averted  

 Original parameter estimates - - 372 (75, **) 

 Revised parameter estimates* - - 367 (72, **) 

* Revised parameter estimates include 4% [range 2-8%] empiric treatment in Chinese primary care 

setting, as estimated for Indian TB center setting in primary analysis 
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** Upper bound not determined because more deaths and/or fewer unnecessary treatments occurred 

with Ultra than with standard Xpert in >2.5% of simulations 

 

 

Table A3.9. Results with altered clinical decision-making based on knowledge of Ultra’s 

different test characteristics 
 

Original model Chest x-ray as 

confirmatory test 

when using Ultra§ 

20% reduction in empiric 

treatment after negative 

Ultra in HIV clinic cohort 

  Indian TB clinic  -0.48 (-1.3, 0.0) +0.37 (-1.1, +0.2)  

  South African HIV 

clinic 

-1.42 (-3.7, -0.3) -0.39 (-1.8, +0.4) -1.27 (-3.5, -0.1) 

  Chinese primary care 

clinic  

-0.05 (-0.2, 0.1) +0.10 (-0.06, +0.27)  

Difference in unnecessary TB treatments, Ultra versus Xpert  

  Indian TB clinic  18 (10, 29) 1 (-5, +8)  

  South African HIV 

clinic 

10 (5, 19) 0 (-4, +5) -57 (-87, -27) 

  Chinese primary care 

clinic  

18 (8, 30) 0 (-6, +7)  

Ratio, Unnecessary treatments per TB death averted  

  Indian TB clinic  38 (12, *) †  

  South African HIV 

clinic 

7.2 (2.3, 43) ‡ # 

  Chinese primary care 

clinic  

372 (75, *) †  

§ CXR modeled as having 90% sensitivity for pulmonary TB in individuals with HIV [174,175], 95% 

sensitivity in HIV-uninfected individuals [172,173], and 50% specificity [176,177].  

* Upper bound not determined because more deaths occurred with Ultra than with standard Xpert in 

>2.5 of simulations 

† Ratio not calculated because combined (Ultra + confirmatory test) algorithm is not expected to avert TB 

deaths.  

‡ Ratio not calculated because combined algorithm results in small but inconsistent mortality benefit and 

minimal expected difference in unnecessary treatments.  

# Ratio not calculated because this use of Ultra resulted in both fewer deaths and fewer unnecessary 

treatments. 
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Table A3.10 Results in hypothetical scenario of an imperfect reference standard as the cause 

of some positive Ultra results§ 

§ Assumes 5% of cases were missed by culture, and half of those culture-negative cases were detected by 

Ultra 

* Uses median simulated value from primary analysis, for death averted per additional case detected by 

Ultra relative to standard Xpert: 0.14 in India, 0.09 in South Africa, and 0.03 in China.  

  

 
Indian 
TB 
center 

South 
African 
HIV 
clinic 

Chinese 
primary 
care 

TB prevalence in cohort in primary analysis, per 1000 117.6 117.6 62.5 

True TB prevalence within cohort under 95% culture 
sensitivity assumption, per 1000 

123.8 123.8 65.8 

Cases detected by culture and Ultra, per 1000 108.2 105.5 57.3 

Cases detected by culture and not Ultra, per 1000 9.4 12.1 5.2 

Cases detected by Ultra but not culture, per 1000 3.1 3.1 1.6 

Cases missed by both culture and Ultra, per 1000 3.1 3.1 1.6 

Estimated deaths prevented among additional cases 
detected by Ultra and not culture, per 1000* 

0.42 0.29 0.05 

Revised deaths averted per 1000 0.91 1.72 0.11 

Revised unnecessary treatments per 1000 15 7 16 

Revised ratio, unnecessary treatments per death 
averted 

16 4 103 

Original (median) ratio, unnecessary treatments per 
death averted 

38 7 372 
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Figure A3.1. Decision Trees showing median values for key results in each setting. Results 

obtained using standard Xpert are shown in red, and results using Ultra are in green. Not shown 

here but also included in the model are rifampin-resistance status and detection, differential 

assay and treatment outcomes by HIV status and treatment history, and rare non-TB-related 

deaths during TB treatment. 

  



149 

Figure A3.2. Visual representation of setting-specific cohorts and primary outcomes, for the 

three modeled settings (Public TB center in India, HIV clinic in South Africa, and general primary 

care setting in China). The setting-specific cohorts are displayed as stacked bar graphs, then the 

primary outcomes are highlighted, and finally the stacked bar graphs are rearranged to show 

the relative magnitudes of the outcomes more clearly and magnified to make visible the small 

numbers of incremental TB deaths averted by Ultra in the Indian TB center and Chinese primary 

care clinic settings.  
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Figure A3.3. Adjusted one-way sensitivity analysis to sampled parameter values. Partial rank 

correlation coefficients (PRCCs) were calculated to determine the sensitivity of each of the three 

primary outcomes, in each of the three modeled settings, to the value of each assay- and 

outcome-related parameter from Tables 1 and 2, after adjusting for all other such parameters. 

The parameters with the largest magnitude PRCCs are shown. Notes: Empiric treatment 

probability does not appear for the Chinese primary care setting because we assumed that 

empiric treatment would not be widely given in a setting with low TB prevalence (though this 

assumption is relaxed in Table A3.8). The clinical cohorts in each setting were held fixed in the 

primary analysis, but analysis of sensitivity to characteristics of each cohort is shown in S4 Fig. 
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Figure A3.4. Three-way sensitivity of the primary outcome (unnecessary treatments per 

deaths averted) to influential characteristics of clinical cohort. In the left panel, all other 

parameters are held fixed at their modal values for the Indian TB center setting, except for the 

case fatality ratio of drug-susceptible (DS) TB (the probability that a TB case which has not yet 

been diagnosed and treated will ultimately die of TB) and the prevalence of TB within the 

evaluated cohort – which are varied on the y-axis and x-axis, respectively. In the right panel, the 

prevalence of HIV within the cohort is increased to 20%, with all other parameters taking the 

same values as in the left panel. Each box on the grid represents one pair of simulations 

(comparing standard Xpert to Ultra) of a cohort of 100,000 individuals evaluated for TB. Uneven 

gradients reflect stochastic variation between repeated simulations, despite holding all other 

parameters constant. White squares represent simulations in which no deaths are averted, or 

the ratio exceeds 1000 unnecessary treatments per death.  
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Figure A3.5. Variability between simulations. The heatmap shows the variation in deaths 

averted as only two of the most influential model parameters vary. Scatter plots show the 

additional variability in the simulation outcome of TB deaths averted, beyond that shown in the 

corresponding cross-sections of the heatmap, due to variation in the other model parameters. 

To generate the scatter plots, one of parameters is held fixed at its modal value (as indicated by 

a dotted line on the heat map), while the other parameter from the heatmap (shown on the x 

axis of the scatter plot), as well as all other assay- and outcome-related model parameters in 

Table 2, are allowed to vary between simulations as in the primary analysis. Each red point in 

the lower two panels represents one of the 5,000 simulations performed, with a 95% loess 

smoother. 
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19. Kendall EA, Schumacher SG, Denkinger CM, Dowdy DW. Estimated clinical impact of the 
Xpert MTB/RIF Ultra cartridge for diagnosis of pulmonary tuberculosis: a modelling study. 
PLoS Med. 2017 Dec 14;14(12):e1002472. doi: 10.1371/journal.pmed.1002472.  

20. Eaton KP, Chida N, Apfel A, Feldman L, Greenbaum A, Tuddenham S, Kendall EA, 
Pahwa A. Impact of non-intrusive clinical decision support systems on laboratory test 
utilization in a large academic center. J Eval Clin Pract, 2018 Feb 15. doi: 10.1111/jep.12890.  

21. Would pan-tuberculosis treatment regimens be cost-effective? Kendall EA, Brigden G, 
Lienhardt C, Dowdy DW. Lancet Respir Med, in press. 

 

Review Articles [RA]  
1. Dowdy DW, Azman AS, Kendall EA, Mathema B. Transforming the Fight Against 

Tuberculosis: Targeting Catalysts of Transmission. Clin Infect Dis. 2014 Oct 15;59(8):1123-
9. I contributed to development of the argument and and critical review of multiple manuscript drafts. 

2. Kendall EA, Cohen T, Mitnick C, Dowdy DW. Second line drug susceptibility testing in 
multidrug-resistant tuberculosis treatment: a quantitative perspective. Int J Infect Dis 
2017;56:185-189. 

 

Book Chapters, Monographs [BC]  
1. Kendall, EA. Antiretroviral therapy with tuberculosis: SAPIT. In Soverow J and McGarrah R (eds). 

The Evidence: Classic and influential studies every medicine resident should know. Selected Nights; 
2013.  

2. Kendall EA, Larocque RC. Travel Medicine. In: Kiefer MM, Chong CR, eds. Pocket Primary Care: 
A Massachusetts General Hospital Handbook. Philadelphia, PA: Lippincott Williams & Wilkins; 
2014.  

3. Auwaerter A, Kendall E. Lactobacillus. In Bartlett JG, Auwaerter PG, Pham P (eds). The Johns 
Hopkins POC-IT ABX Guide. Unbound Medicine Inc; 2015.  

4. Neurmberger E, Kendall E. Delamanid and pretomanid. In Grayson et al (eds). Kucers' The Use of 
Antibiotics: A Clinical Review of Antibacterial, Antifungal, Antiparasitic and Antiviral Drugs, 7th ed. 
CRC Press 2017; in press.  
 

Books, Textbooks [BK]  
1. Boslett B, Kendall EA, section eds. Infectious Disease. Kiefer MM and Chong CR 

(eds). Pocket Primary Care: A Massachusetts General Hospital Handbook. Philadelphia, 
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PA: Lippincott Williams & Wilkins; 2014. In addition to writing the above chapter, I edited half 
of the articles in the infectious diseases section of this book. 

 

Other Publications:  
Guidelines/Protocols, Consensus Statement, Expert Opinion, Consortium Articles [GL]  
1. Target Regimen Profiles for TB Treatment. World Health Organization, Geneva, 2016. I 

performed modeling analysis to inform development of this guideline, and contributed to writing and editing of the 
document.  

 
Editorials [ED]  
1. Lienhardt C, Nahid P, Rich ML, Bansbach C, Kendall EA, Churchyard G, González-Angulo L, 

d’Ambrosio L, Migliori GB, Raviglione M. The World Health Organization launches target 
regimen profiles for tuberculosis treatment. Eur Respir J. 2017 Jan 25;49(1). I contributed to 
development of the target regimen profiles described, and critically reviewed drafts of the editorial.  

2. Dowdy DW, Theron G, Tornheim JA, Kendall EA. Drug-resistant tuberculosis in 2017: at a 
crossroads. Lancet Resp Med. 2017 Apr;5:241-2.  

3. Dowdy DW, Theron G, Tornheim JA, Warren R, Kendall EA. Of Testing and Treatment: 
Implications of Implementing New Regimens for Multidrug-Resistant Tuberculosis. Clin Infect 
Dis Oct 2017.  

4. Kendall EA. Under-recognition of tuberculosis deaths in children. Lancet Global Health, 2017 
Sep;5(9):e845-e846.  
 

 
Media Releases or Interviews [MR] 
12/15/16 Johns Hopkins Medicine press release, “Computer model predicts potential impact 
of short-course therapy against multidrug-resistant TB.” 
  

FUNDING  
 

EXTRAMURAL Funding 
Research Extramural Funding - Current  
12/22/16 - 11/30/21 Translational Modeling of Individual- and Population-level Outcomes of 

Novel Tuberculosis Drug Regimens 
   K08 AI127908 01 
   NIH/NIAID 
   $974,405 
   Role: PI: 80% 
 

8/15/17 – 7/31/21 A Comprehensive Snapshot of Tuberculosis Transmission in an Urban 
Ugandan Community 

   NIH/NIAID 
   PI: Dowdy DW 
   Role: Co-Investigator, 10% 
 
Research Extramural Funding – Previous 
7/15 - 12/31/16  Linking Target Product Profiles for New Drug Regimens to Individual and 

Population Impact 
   Work Order 10 
   Bill and Melinda Gates Foundation 
   $129,800 
   PI: Dowdy DW 
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   Role: Co-Investigator, 100% (salary support received 7/16-12/16 only) 
 
Educational Extramural Funding – Previous  
7/08-7/09  Fogarty International Clinical Research Scholars 
   R24 TW007988 
   NIH/FIC 
   PI: Vermund S 
   Role: Research Scholar. I spent one year conducting research at the 

International Centre for Diarrhoeal Disease Research, Bangladesh, 
mentored by Stephen Calderwood and Firdausi Qadri.  

 
7/14-6/30/16  Research Training in Microbial Diseases 
   T32 AI007291 
   NIH/NIAID 
   PI: Cosgrove, SE (Formerly Gebo, K, until 2015) 
   Role: Trainee 
 
 

INTRAMURAL Funding 
 
Research Intramural Funding – Previous  
9/11-10/11  Partners Center of Expertise Travel Grant 
   Partners Healthcare 
   PI: Jacobson KR 
 Role: Travel award recipient. This award funded me as a medical resident to 

conduct a research project for one month at a tuberculosis hospital in 
South Africa. 

 
6/06-8/06 Emphasis Program Grant 
 Vanderbilt University School of Medicine 
 PI: Vermund S 
 Role: Trainee. This grant supported me to spend the first summer of 

medical school leading a clinical study at the Universidad Peruana Cayetano 
Heredia in Lima, Peru. 

 

 
CLINICAL ACTIVITIES 
Clinical Focus  
 General Infectious diseases; treatment of tuberculosis and mycobacterial diseases; HIV 
  

Certification 
 

Medical, other state/government licensure  
4/14-Present Maryland physician license (#D0077690); renewed 2016 
7/12-2/15 Massachusetts physician license (#252104) 
 

Boards, other specialty certification  
2013-Present Board Certified in Internal Medicine, American Board of Internal Medicine 
2015-Present Board Certified in Infectious Diseases, American Board of Internal Medicine 
 

Clinical (Service) Responsibilities 
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2012-2013 Moonlighter, Massachusetts General Hospital Hospitalist Medicine Group (approx.. 
12 hours/week) 

2014-2016 Moonlighter, Johns Hopkins Hospital Oncology Service (approx. 5 hours/week) 
2014-2016 Moonlighter, Johns Hopkins Hospitalist Service (approx. 6 hours/week) 
2016-Present Attending, Infectious Diseases, Johns Hopkins Hospital, 10% 
2017-Present Attending, Johns Hopkins Bartlett Specialty Practice (HIV), 10% 
 

Clinical Productivity 
12/2016-present  My targeted clinical effort assignment is 20%; currently, this is half in 

inpatient infectious diseases consult services and half in outpatient HIV care. 
 
 

Membership in or examiner for specialty board 
2012-present Member, American Board of Internal Medicine 
 

EDUCATIONAL ACTIVITIES  
Educational Focus 
 Infectious disease dynamics and modeling; communicating modeling results to clinicians, 
epidemiologists, and policy-makers; clinical infectious diseases 
 
Teaching  
Classroom instruction   
2005-2005 Course Assistant, multivariable calculus and linear algebra courses, Harvard Math 
Department 
2004   Teaching Fellow, Harvard Chemistry Department, advanced freshman inorganic 
chemistry 
2003-2004 Teaching Fellow, Harvard Extension School, post-baccalaureate organic chemistry 
 

Clinical instruction  
2011-2013  Led clinical simulation sessions for first-year medicine residents, Massachusetts 
General Hospital 
 
 

CME instruction 
2013-2014 Monthly case presentations at Johns Hopkins Infectious Diseases Division Grand 
Rounds 
 
 

Workshops /seminars  
2/24/16 Lecturer, Using Epidemiology for Data-Driven Decision-Making in TB Programs, 

Training workshop conducted by CDC Tuberculosis Regional Training and Medical 
Consultation Centers training for an audience of ~200 North American clinicians 
and epidemiologists. Lecture title: “How can mathematical modeling help us 
strategize for TB prevention and control?” Denver, CO. 

 

Mentoring  
Pre-doctoral Advisees /Mentees   
6/16-Present Keya Joshi, Epidemiology masters student, Johns Hopkins Bloomberg School of 

Public Health; I served as student’s unofficial masters thesis advisor 
 
 

Thesis committees    
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7/2017-Present Phil Salvatore, PhD candidate in Molecular Microbiology and Immunology at 
JHSPH 
 

RESEARCH ACTIVITIES  
Research Focus  

I am an infectious diseases physician and clinical-computational researcher focused on 
optimizing the use of anti-infectives to control global infectious disease epidemics. I am 
specifically interested in developing mathematical models to guide selection of efficient 
intervention strategies. My recent work has focused on the treatment of tuberculosis. By 
developing mechanistic population-level models of epidemics and within-host models of 
treatment, I seek to understand drivers of treatment and epidemiologic outcomes and 
project what intervention strategies will be most efficient at interrupting disease 
transmission, reducing morbidity and mortality, and limiting prevalence of resistance to key 
drugs. 

  

 
SYSTEM INNOVATION AND QUALITY IMPROVEMENT ACTIVITIES  
 

System Innovation and Quality Improvement efforts within JHMI: 

2014-2015 Collaborator, Infectious Diseases Quality Improvement Initiative to reduce 
inappropriate laboratory testing. I participated in protocol development, conducting educational 
sessions for housestaff, and analysis of laboratory data to assess impact of interventions on hepatitis 
C-related laboratory testing.  
 
 

ORGANIZATIONAL ACTIVITIES 
 
 

Journal peer review activities    
2011-present Research and Reports in Tropical Medicine 
2014-present The Lancet Respiratory Medicine 
2014-present PLOS ONE 
2015-present American Journal of Respiratory and Critical Care Medicine 
2016-present Emerging Infectious Diseases 
2016-present International Journal of Infectious diseases 
2017-present The Lancet Global Health  
2017-present JAMA Internal Medicine 
2017-present Annals of the American Thoracic Society 
2017-present International Journal of Tuberculosis and Lung Disease 
2017-present Antimicrobial Agents and Chemotherapy 
 
  

Professional Societies 
2005-2013 Member, American Medical Association (AMA) 
2009-2012 Member, American Society of Tropical Medicine and Hygiene (ASTMH) 
2013-present Member, Infectious Diseases Society of America (IDSA) 
2018-present Member, International Union Against Tuberculosis and Lung Disease 
 

Consultantships 
2016-2018  World Health Organization Task Force on New Drugs for Tuberculosis treatment; I 
served as technical advisor for this task force. 



174 

2017-2018  FIND (Foundation for Innovative New Diagnostics); I developed a user-friendly 
tool for FIND’s use in country-level trainings, based on my modeling analyses of the impact the new 
Xpert Ultra cartridge.  
 

RECOGNITION 
 

Awards, Honors  
2005  Phi Beta Kappa honor society 
2005  Departmental highest honors, Harvard Physics Department 
2005-2010 Canby Robinson Scholarship, Vanderbilt University School of Medicine 
2008-2009 Fogarty International Clinical Research Scholarship 
2009  Alpha Omega Alpha honor society 
2014-2017 NIH Loan Repayment Program Award 
 

Invited Talks  
 
National 
6/12/12  Case Presenter, Massachusetts General Hospital Clinical Pathologic Conference, “A 

50-Year-Old Man with Acute Flank Pain,” Boston, MA 
17/6/15  Speaker, NIH Workshop on Developing Novel Strategies to Optimize Design of 

TB Drug Combinations, “Population-level Impact of Shorter Treatment Durations: 
MDR-TB Regimens,” Rockville, MD  

5/24/16  Speaker, Infectious Diseases Grand Rounds, Dartmouth-Hitchcock Medical Center, 
“Modeling infectious disease dynamics to guide tuberculosis control,” Hanover, NH 

3/3/17  Speaker, Department of Ecology and Evolutionary Biology, Princeton University, 
“Modeling Tuberculosis: Drug-Resistance Dynamics and Policy Guidance,” 
Princeton, NJ.  

3/21/17  Speaker, World TB Day panel, US Senate Office Building, “Drug-Resistant 
Tuberculosis: Challenges and Opportunities,” Washington, DC.   

3/29/17  Speaker, Public Health Research Institute research seminar, Rutgers University, 
“Epidemiologic Modeling of TB treatment: dynamics, control, and policy guidance,” 
Newark, NJ.  

5/11/17   Speaker, Infectious Diseases Grand Rounds, University of Pennsylvania, “Projecting 
Epidemiologic impact of new tuberculosis treatment regimens,” Philadelphia, PA.  

 
International 
2/18/16  Speaker, WHO Technical Advisory Group meeting on target regimen profiles for 

novel TB regimens, “Modeling population impacts of differing novel TB regimen 
profiles,” Geneva, Switzerland 

7/7/16  Speaker, World Health Organization Consensus meeting for finalization of Target 
Regimen Profiles for TB treatment “Population-level impacts of novel TB 
regimens,” Geneva, Switzerland 

2/9/17  Speaker, 7th Meeting of the WHO Task Force on New TB Drugs and Regimens, 
“Affordability and cost-effectiveness of novel TB regimens,” Geneva, Switzerland 

10/14/17  Symposium Speaker, 48th World Union Conference on Lung Health, “MDR-TB 
Elimination: What Will It Cost?,” Guadalajara, Mexico 


