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1 Abstract: Randomized clinical trials represent the gold standard in therapeutic research. Nevertheless, 
 

2 observational cohorts of patients treated for multidrug-resistant (MDR) or rifampin-resistant (RR) 
 

3 tuberculosis (TB) also play an important role in generating evidence to guide MDR/RR TB care. Generally, 
 

4 summary exposure classifications (e.g., ‘ever versus never’, ‘exposed at baseline’) have been used to 
 

5 characterize drug exposure, in the absence of detailed longitudinal data on MDR-TB regimen changes. 
 

6 These summary classifications, along with an absence of data on covariates that change throughout the 
 

7 course of treatment, constrain researchers’ ability to answer the most relevant questions while accounting 
 

8 for known biases. This paper highlights the importance of regimen changes in improving inference from 
 

9 observational studies of longer MDR-TB treatment regimens and offers an overview of the data and analytic 
 

10 strategies required to do so. 
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12 Randomized controlled trials (RCT) of treatments for multidrug-resistant (MDR) and rifampicin-resistant 

 
13 (RR) tuberculosis (TB) play a critical role in generating high quality data on which to base patient care. 

 
14 RCTs represent the gold standard in this research for good reasons, including an ability to generate similar 

 
15 groups for comparison, thereby minimizing confounding due to measured and unmeasured variables. 

 
16 Recent efforts to improve the timeliness and relevance of RCTs will further enhance the value of these 

 
17 data.1,2 Observational studies of patients treated under routine programmatic conditions are also critically 

18 important to respond to urgent questions for which RCT results are not yet available. Observational research 
 

19 can also examine whether findings from RCTs, with their often rigorous inclusion criteria, generalize to the 
 

20 majority of patients with TB, including patients from high-risk, often-underrepresented subgroups. 
 

21 Observational datasets may also shed light on questions for which there are no planned RCTs, such as 
 

22 optimal drug substitutions and management strategies in the presence of adverse events. For decades, 
 

23 observational data have been the primary evidence base informing MDR-TB treatment guidelines,3,4 and 
 

24 this is likely to be true for the foreseeable future. Therefore, the ability to generate robust evidence from 
 

25 observational studies, as well as RCTs, will ensure that patient care is based on high quality evidence 
 

26 regardless of the study design. This paper highlights the importance of regimen changes in improving 
 

27 inference from observational studies of longer MDR-TB treatment regimens and offers an overview of the 
 

28 data and analytic strategies required to do so. 
 

 
29 Longer (18-20 month) MDR-TB regimens are dynamic, with drug changes occurring frequently throughout 

 
30 the course of treatment. In the endTB observational study, a prospective cohort of patients receiving 

 
31 bedaquiline (BDQ) and/or delamanid (DLM) as part of a longer regimen for RR/MDR-TB in one of 17 

 
32 countries,5 patients received a median of five [interquartile range, IQR: 3 to 7] unique drug combinations 

 
33 during the course of treatment, and had a median of 8 [IQR: 5 to 11] regimen changes, including dose 

 
34 adjustments and temporary suspensions.11 While some modifications to longer MDR-TB regimens are 

 
35 planned (e.g., BDQ dose adjustment after two weeks, injectable agents stopped after the intensive phase; 

 
36 BDQ or DLM stopped after 24 weeks), patient clinical evolution also drives changes (e.g., when sputum 

 
37 has not yet converted from positive to negative; due an adverse event). Figure 1 shows the number of drugs 

                                                   
1 Calculated from the subset of patients who initiated a treatment with endTB prior to April 1, 2017. 
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38 received throughout the course of treatment in a random sample of 39 patients enrolled in the endTB 

 
39 observational study. Changes occurred throughout treatment, even beyond the eight-month intensive phase 

 
40 after which regimen changes might be expected to be rare: only 44% percent of patients received the same 

 
41 drugs at the end of treatment that they had received at 9 months. And, in 15% of patients at least two drugs 

 
42 changed between month 9 and the end of treatment. While drug subtractions were the most common 

 
43 changes, some patients also had drugs added to their regimens. 
 

 
44 A lack of detailed regimen data from MDR-TB treatment cohorts has constrained the questions that can be 

 
45 answered and the ability to control for known biases. Historically, researchers have lacked standardized 

 
46 longitudinal regimen data from observational cohorts. Many MDR-TB treatment datasets consist of 

 
47 routinely collected programmatic data with limited data points. The individual patient database, perhaps 

 
48 the largest and richest source of MDR-TB treatment data, consists of pooled retrospective and prospective  
 
49 data contributed by TB programs and research studies from all over the world.6 A logistical implication of 

 
50 merging heterogeneous data types is that patient data from studies with highly-detailed data (e.g., regimen 

 
51 details for each day of treatment) must be condensed to the lowest level of granularity in the pooled data 

 
52 (e.g., whether the patient was ever or never exposed to a drug) in order to conduct analyses. The resulting 

 
53 pooled large datasets offer the advantage of increased statistical power and patient diversity, but at the cost 

 
54 of a loss of detail that may influence or worse, determine, how and why regimens may change over time. 

 
 

55 Figure 2 shows illustrative data for six patients who received a drug of interest, DLM for example, for 
 

56 varying durations (i.e., patient A received the drug for the entire duration  of treatment; patient B received 
 

57 the drug for one month, patient C received the drug for six months, and patients D-F had the drug added to 
 

58 their regimen later on in treatment). An ‘ever versus never’ analysis of DLM exposure cannot distinguish 
 

59 between the duration and timing of exposure, which is highly variable across these patients. Thus, a key 
 

60 disadvantage of the ‘ever versus never’ characterization is the interpretation of the effect estimate (e.g., risk 
 

61 ratio, odds ratio), which will represent a mix of these highly variable DLM exposures. For this effect 
 

62 estimate to be meaningful, either all exposed patients must be similarly exposed to DLM (this is not the 
 

63 case for these six patients) or the duration and timing of DLM must have no bearing on effectiveness (an 
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64 implausible assumption in a study of effectiveness). Furthermore, variability in patterns of use between 
 

65 cohorts will challenge comparability of findings across studies that have ostensibly used the same summary 
 

66 exposure classification. A second limitation to the ‘ever versus never’ classification is immortal person- 
 

67 time bias, a bias relevant to cohorts in which patients commonly have a drug added to the regimen after 
 

68 initiation of follow-up (i.e., post-baseline).7 Because patients who initiate drugs later in treatment must 
 

69 survive to the time at which they initiate the drug, an ‘ever versus never’ classification may overestimate a 
 

70 beneficial drug effect, suggest a beneficial effect when one does not exist, or underestimate a harmful 
 

71 effect. 
 
 

72 An alternative to the ‘ever versus never’ classification is characterization of the regimen based on the drugs 
 

73 received at the beginning of treatment (i.e., “baseline” or “time 0”). While all of the patients in Figure 2 
 

74 received the drug of interest, only patients A - C received the drug from the beginning of follow-up. In an 
 

75 analysis that characterizes regimens according to the baseline regimen,  patients D - F would be classified 
 

76 as unexposed to the drug.  As  with the ‘ever  versus never’ classification, the relevancy  of  this  exposure 
 

77 summary measure to the causal effect of interest is questionable given that patients were treated for varying 
 

78 durations (e.g. 1 month,  6 months, or the entire duration of treatment). Furthermore, classifying patients 
 

79 based on baseline exposure fails to acknowledge DLM exposure in patients that had the drug added later 
 

80 on. This makes the two comparison groups more similar in terms of their exposure to DLM, likely 
 

81 attenuating any effect of DLM and reducing statistical power. 
 

 
82 The challenges of the ‘ever versus never’ and ‘baseline’ classifications are not limited to studying treatment 

 
83 effects. These classification strategies are also problematic for any drug that is a potential confounder and 

 
84 requires adjustment in analyses. For example, if an investigator has data on baseline drug exposure only, 

 
85 and DLM was frequently added to regimens later on (e.g., patients C-F in Figure 2), an absence of data on 

 
86 post-baseline DLM use would preclude complete adjustment for DLM, resulting in residual confounding. 

 
87 Under the ‘ever versus never’ model, one cannot discern when DLM is a potential confounder (i.e., received 

 
88 along with the drug of interest) and when DLM was received after the drug of interest (i.e., substitution). 

 
89 This distinction is important. In the former scenario, adjustment is necessary and, in some circumstances, 

 
90 use of conventional regression techniques is a valid approach. In the latter, adjustment affects the 
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91 interpretation of the effect estimate and conventional regression techniques may induce bias.8 

 
 

92 How likely are biases due to summary exposure classifications? The potential for summary measure 
 

93 exposure classifications to induce bias depends on the extent to which drug changes occur throughout 
 

94 treatment. Let’s continue with the example of DLM. In the endTB observational study, DLM administration 
 

95 varied throughout treatment for at least three reasons. First, the availability of DLM to country programs 
 

96 increased over time. Second, DLM was added to or substituted into regimens as a result of evolving clinical 
 

97 events, such as new DST results or adverse events. Third, as physicians became more comfortable with the 
 

98 drug, and more comfortable using it with BDQ, they were more likely to prescribe it. Among patients 
 

99 receiving treatment in the endTB observational study, we classified DLM exposure according to  
 

100 commonly-used summary exposure measures and found that 1,117 received DLM on day one, 1,144 ever 
 

101 received DLM in first month, 1,363 had received DLM for at least a month, and 1,407 had ever received 
 

102 DLM.22 Importantly, there was a 21% difference in number of people that met the most common (ever 
 

103 received DLM) and least common (received DLM on day one) exposure classifications. At least some of 
 

104 the reasons for regimen changes in the endTB observational cohort (i.e., suboptimal clinical evolution, side 
 

105 effects, changes in drug availability) are widely generalizable to clinical settings and thus it likely that there 
 

106 is at least some bias from summary exposure measures in most existing MDR-TB treatment studies that 
 

107 use them. The magnitude of this bias and any impact on overall study conclusions is impossible to know. 
 

 
108 What is needed for the ‘ideal’ analyses of longer MDR-TB treatment regimens? Detailed longitudinal data 

 
109 on treatment changes, specifically drug start and stop dates, obviate the need for a single summary measure 

 
110 to classify a patient’s drug exposure. When these data are available, each patient’s drug exposure can be 

 
111 classified to reflect the exposure they actually received. In addition to detailed data on drug exposure and 

 
112 baseline confounders, data are needed on the post-baseline factors that predict drug exposure and outcome. 

 
113 Also known as potential time-varying confounders, these predictors include indicators of clinical evolution 

 
114 (e,g, new culture results or DST results), other drugs in the regimen, and adverse events. Conventional 

 
115 methods may not be appropriate for adjusting for time-varying confounders;9 however adequate methods 

 

                                                   
2 Calculated from among all observational study participants, including some of whom were still on treatment. 
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116 (i.e., inverse probability weighting, g-formula, g estimation of a structural nested model10–12), and guidance 
 

117 and resources for implementing them (e.g., code for programming these analyses in statistical software 
 

118 packages such as SAS, Stata and R), are becoming mainstream,13 facilitating their use. 
 

 
119 A cautionary example from HIV. Studies from other disciplines, including HIV, have found that 

 
120 observational studies may be biased when investigators disregard time-varying confounders. Hernán and 

 
121 colleagues offer an illustrative example in analyses of observational data on of the effect of zidovudine 

 
122  (ZDV) on mortality among men living with HIV in the late 1990s, a time when ZDV was indicated for 

 
123 patients with advanced HIV.14 In that study men initiated ZDV throughout follow-up, and investigators had 

 
124 detailed longitudinal data on ZDV start date and the factors that determined ZDV initiation (i.e., CD4 cell 

 
125 count and viral load). In unadjusted analyses, investigators found that ZDV was positively associated with 

 
126 death, indicating a harmful effect. This is a classic example of confounding by indication: ZDV was 

 
127 preferentially administered to the sickest patients. In a second analysis adjusting for baseline confounders, 

 
128 the positive association was attenuated, but ZDV remained strongly associated with mortality. It was only 

 
129 when the investigators adjusted for the “on treatment” characteristics that predict ZDV use (in other words, 

 
130 the fact that the patients who started ZDV had lower CD4 cell counts and higher HIV diseases stages) that 

 
131 they saw the protective association between ZDV and mortality that had been observed in clinical trials. 

 
 

132 Time for a change in RR/MDR-TB. A recent review found that, since 2000, there have been over 400 papers 
 

133 have used the above methods to appropriately adjust for time-dependent confounding, with sharp inclines 
 

134 since 2013 and 112 articles published in 2016.15 The authors reported that publications using these methods 
 

135 span many disciplines; however, they have been concentrated largely in the fields of HIV,14,16,17 
 

136 cardiopulmonary health,18,19 kidney disease,20,21 and mental health / neurology.22,23 A review by our group 
 

137 found that the only TB-related papers that have used these methods to account for time-varying 
 

138 confounding, were papers that were foremost related to HIV.24 We found no evidence that these methods 
 

139 have been used in analyses of MDR-TB treatments; this may be attributable in large part to the lack of 
 

140 longitudinal data that could be used to perform such analyses. 
 

 
141 Conclusions. A lack of detailed longitudinal data from MDR-TB treatment cohorts has prevented the 
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142 generation of high-quality data that enables research to respond to the most pressing questions related to 
 

143 MDR-TB treatment. The magnitude and direction of biases in existing analyses are difficult to predict, and 
 

144 it is impossible to know how the ensuing results may affect current patient care. Improving analyses of 
 

145 observational data will require large detailed longitudinal datasets, along with collaboration and  
 

146 coordination to harmonize and streamline data collection and data management and financial investment to  
 

147 support the programs and teams collecting these data. Some of these efforts are already underway.25,26  
 

148 Thorough statistical analyses, including sensitivity analyses, must be implemented by investigators, and  
 

149 reinforced by peer-reviewers and editorial boards. Finally, additional methods development will be needed  
 

150 to adapt existing methods to accommodate the complexities of MDR-TB. These steps in combination with  
 

151 existing tools, such as the target trial framework (i.e., the design of observational analyses that emulate the  
 

152 ideal clinical trial18,19,27–30) and directed acyclic graphs (i.e., causal diagrams that facilitate identification of  
 

153 potential confounders and other potential sources of bias8,31,32), will further hone questions and analyses,  
 

154 ensuring that patients with MDR-TB receive evidence-based care  driven  by  high-quality  evidence,  even  
 

155 when RCT data is unavailable. 
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234 Figure 1. Heatmap of the number of drugs received during the course of treatment for MDR/RR TB, 
 

235 among 39 patients randomly selected from 13 countries in the endTB observational study. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

236  
 

237 Legend: Each horizontal bar represents a patient. The day of treatment is on the x-axis. The color legend 
 

238 is on the right, with darker colors representing a higher number of drugs. Reference lines at six and eight 
 

239 months indicate times at which prescribed changes to treatment often occur. 

 
240  
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246  
 
 
 
 
 
 
 
 
 

247  

Figure 2. Illustrative data from six patients. 
 
 

 

248 Legend: black shaded squares indicate months of drug exposure and light squares represent months of no 
 

249 drug exposure. 
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