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METHODOLOGIC DETAILS
Overview

This analysis projects trajectories of drug-resistant TB using a deterministic, dynamic
transmission model of TB. Because several key parameters essential to modeling TB drug
resistance are poorly supported with empirical data, we sample input values for these parameters.
This requires us to define sampling bounds for parameters relating to the probability of acquiring
resistance, the relative transmission fitness, and the probabilities of treatment outcomes for every
combination of resistance to three distinct drugs, and every treatment regimen modeled in the
analysis.

Effects of drug resistance

Acquired resistance to TB drugs arises due to inadequate treatment that exerts selective pressure
on populations of bacilli bearing resistance-conferring mutations. In contrast, primary resistance
occurs when a previously uninfected person is infected by an individual with drug-resistant TB
and thus develops drug-resistant TB without any prior exposure to treatment (1).

Moreover, individuals who initiate TB treatment with pre-existing resistance are even more
susceptible to developing additional resistance-conferring mutations (resistance amplification)
compared to those with drug-susceptible disease (1). We assume that genetic mutations
conferring drug resistance arise randomly in a bacterial population that is sufficiently large, that
is, before treatment or very early in the course of treatment. Once such mutations occur, selection
pressure exerted by inadequate treatment allows the mutant bacilli to multiply, resulting in
clinical resistance to one or more drugs. With fewer fully effective drugs in their regimen,
patients with drug-resistant TB are less likely to be cured at the end of their treatment; they also
have fewer active drugs to provide a barrier against the development of further resistance during
treatment (2, 3). The final outcome of treatment is conditional on both (1) the chosen treatment
regimen and (2) the final resistance state (Figure S1).

_,\\ P -
\ /

resistance statE\‘/

Drug Resistance
susceptibility amplification
testing
A 4
Diagnosed Final

resistance state resistance state b

y

/7 Initial

v

Choiceof 7] \ = Treatment |

\_ treatmentregimen 7T VA > outcome /

Treatment initiation Early treatment Late treatment

Figure S1: Effect of drug resistance and regimen choice on treatment outcomes



Regimen choice

In this analysis patients can receive any of three treatment regimens, depending on previous
treatment history and available drug resistance diagnostics. The first is the standard first-line
regimen consisting of isoniazid (INH), rifampin (RIF), pyrazinamide (PZA) and ethambutol
(EMB) for 6 months, abbreviated as HRZE. Patients with previous TB treatment history may be
prescribed a “Category II” regimen that includes the same drugs as the first-line regimen, with
one additional drug, and is given for 8 months; we assume that this regimen is no more
efficacious than the first-line regimen but has lower probability of completion (83% vs. 94%)
(4). Patients who are identified as having RIF-resistant TB are offered a standardized second-line
regimen, abbreviated as STR, consisting of a fluoroquinolone (FQ), PZA, EMB, an injectable
aminoglycoside, and ethionamide, as is common practice in Southeast Asia and other settings (5-
7). This regimen is given for 18-24 months, with even poorer treatment completion (77%) (8).

Regimen choice depends on the drug susceptibility diagnostic and treatment algorithm. Our
model inputs for the probability of access to second-line treatment reflect not only availability of
drug susceptibility testing (DST) in Southeast Asia but also other avenues to treatment. For
instance, many patients are prescribed second-line treatment on the basis of clinical suspicion
(e.g, failure of previous TB treatment, known contact with MDR-TB case) (4). At baseline, 5%
of treatment-naive patients and 26% of treatment-experienced patients have access to the
standardized second-line regimen. The model allows for DST for RIF, FQ and PZA, with
differing levels of access for treatment-naive patients, patients who have previously failed TB
treatment, and other patients with recurrent TB. The sensitivity values for resistance to each drug
(RIF: 98%; FQ: 93%; PZA: 80%) reflect the state of current molecular diagnostics and can be
altered to investigate hypothetical new testing technologies with improved characteristics (9-13).
We assume that only detection of RIF sensitivity is available, consistent with current availability
of DST in Southeast Asia (14). We assume 100% specificity for simplicity. Thus, all patients
without RIF resistance (drug-susceptible or resistant to PZA and/or FQ) receive the first-line or
Category Il regimen, depending on previous treatment experience. For patients with any RIF
resistance, the proportion receiving the standardized second-line regimen is computed as the
product of the probability of access to DST and the sensitivity of RIF resistance detection.

Treatment outcomes

Although we do not explicitly model resistance to INH, empirical data indicate that most TB
strains resistant to RIF are also resistant to INH (15). We therefore assume that RIF resistance in
the model includes underlying resistance to INH and reflect this assumption in our treatment
outcome probabilities. Table S1 lists the data sources related to the probability of cure vs. failure
based on drug resistance and choice of treatment regimen. These data are sufficient to define a
baseline probability of cure for every combination of resistance and treatment regimen
considered in the model (Table 2). We allow for uncertainty around these outcome probabilities
by randomly varying the probability of treatment failure in each simulation by a multiplicative
factor of 0.75-1.25 for drug-resistant strains, or 0.5-5 for drug-susceptible TB. We apply



additional constraints in the sampling procedure to ensure that resistance to any given drug in a
regimen results in poorer treatment outcomes compared to strains that do not harbor resistance to
that drug. For example, TB resistant to both RIF and PZA will have poorer treatment outcomes
than both RIF-resistant/PZA-susceptible and PZA-resistant/RIF-susceptible TB.

Table S1: Data sources for outcomes upon treatment completion

Outcome | Drug resistance | Value | References
First-line treatment
0,
(F::irlire Drug-susceptible 92%2) (16)
Relative risk of cure vs. DS-TB RIF 0.53 (16)
PZA 0.86 (17)
Individualized second-line treatment
Cure 91% (18)
Failure RIF 9%
Absolute reduction in RIF/FQ 16% (19)
probability of cure vs. RIF
resistance RIF/PZA 0 Assumed
Standardized second-line treatment
Absolute reduction in RIF 0 Assumed
probability of cure vs.
individualized regimen RIF/FQ 10% (18)

A small proportion of patients who are seemingly cured of TB at the completion of their
treatment course will nevertheless experience recurrence soon thereafter (relapse). Based on
published data from Southeast Asia, we set the probability of relapse for patients with drug-
susceptible TB at 4%, with the remainder of patients experiencing stable cure. We apply a
relative risk of 4, 3, and 2 respectively, for patients with resistance to RIF, FQ or PZA, compared
to those with drug-susceptible TB, for the first-line treatment regimen (20, 21). For strains with
resistance to multiple drugs, we apply the highest applicable relative risk (e.g., for a strain
resistant to both RIF and PZA, we apply a relative risk of 4, for a final relapse probability of
16%). For patients receiving a second-line regimen (which does not contain RIF), we use the
same principles but assume that RIF resistance has no effect on the probability of relapse; thus,
we define the probabilities of relapse based only on resistance to FQ and PZA (e.g., for a strain
resistant to both RIF and PZA, we apply the PZA relative risk of 2, for a final relapse probability
of 8%).

Some patients recover from active TB even without completing a full course of treatment. Thus,
as illustrated in Figure S2, the overall probability of recovering from active TB reflects patients
who achieve a stable cure after completing treatment, as well as patients who recover despite
discontinuing treatment (shown in blue). The overall probability of receiving an ineffective
treatment regimen reflects patients who complete their treatment but remain
infectious/symptomatic upon completion, thus prompting an immediate repeat course of



treatment (shown in gray). The overall probability of remaining infectious with active TB
reflects patients who are initially thought to be cured upon treatment completion but
subsequently experience relapse, as well as patients who remain infectious due to incomplete
treatment (shown in red). Each of these outcomes is conditional on the final drug resistance
profile j and the choice of treatment regimen k, with ¢; ., ¢jx, and gj}, denoting the conditional
probabilities of cure/recovery, ineffective treatment, and continued active TB, respectively, such
that Cilk + ¢j|k + Ojlk = 1.
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Figure S2: Treatment outcome probabilities

Resistance acquisition

Sampling bounds for the probability of acquiring resistance during a single course of treatment
are based on a published meta-analysis (22). This study reported probabilities of resistance
amplification of 0.008 [95% confidence interval 0.005-0.01] and 0.14 [0.09-0.2] among patients
whose TB was drug-susceptible and drug-resistant at baseline, respectively. We therefore set the
bounds for the probability of resistance amplification to 0-2% for patients with no pre-existing
resistance to any drug in their treatment regimen, and 0-25% for patient with pre-existing
resistance to one or more drugs in their treatment regimen. Resistance can only be acquired to a
drug that is included in a patient’s treatment regimen. However, because TB is frequently
misdiagnosed as bacterial pneumonia, which is commonly treated with fluoroquinolones, we
allow for some probability (0-1%) of acquiring resistance to FQ for treatment-naive patients on
the HRZE regimen. We vary this probability by 1- to 5-fold for previously treated patients, who
are more likely to have been exposed to fluoroquinolones.

We assume that increasing levels of pre-existing resistance can only increase the probability of
resistance amplification during treatment. For example, the probability of resistance
amplification for a TB strain with pre-existing resistance to RIF and PZA must be equal to or
greater than the probability for a TB strain with pre-existing resistance to RIF alone or PZA
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alone. Pre-existing resistance to a drug that is not included in the treatment regimen has no
effect. For example, the probability of resistance amplification under treatment with the
standardized second-line regimen is the same for fully drug-susceptible strains and RIF-resistant
strains, as RIF is not included in this regimen. Using the above principles and assumptions, we
derive sampling bounds for each possible change in resistance profile and each treatment
regimen, as shown in Table S2.

Table S2: Upper sampling bounds, probability of resistance acquisition during treatment

Initial Acquired HRZE/ Standardized - . .
; : nd 1; Additional sampling constraints
resistance | resistance Category Il 2"%-line
None RIF 2% 0
None FQ 1% N/A
None PZA 2% N/A
Must be equal to or greater than
RIF RIF/FQ 1% 2% probability of DS—FQ
Must be equal to or greater than
RIF RIF/PZA 25% 2% probability of DS—PZA
Must be equal to or greater than
FQ RIF/FQ 2% * 0 probability of DS—RIF
N/A Must be equal to or greater than
FQ FQ/PZA 2% * probability of DS—PZA
Must be equal to or greater than
PZA RIF/PZA 25% 0 probability of DS—RIF
N/A Must be equal to or greater than
PZA FQ/PZA 1% probability of DS—FQ

Must be equal to or greater than
probability of RIF—RIF/PZA and
RIF/FQ RIF/FQ/PZA 25% ** 25% FQ—FQ/PZA

Must be equal to or greater than
probability of RIF—RIF/FQ and
RIF/IPZA | RIFIFQ/PZA 1% 25% PZA—FQIPZA

Must be equal to or greater than
probability of FQ—RIF/FQ and
FQ/PZA RIF/FQ/PZA 25% T 0 PZA—RIF/IPZA

DS: drug-susceptible; N/A: not applicable as 2™-line treatment only available for RIF-resistant TB
* Set equal to probability of amplification from drug-susceptible state

** Set equal to probability of RIF—RIF/PZA

7 Set equal to probability of PZA—RIFIPZA

We also allow for the acquisition of resistance to more than one drug in a single course of
treatment. If TB bacilli acquire resistance to one drug, they then have an increased probability of
acquiring resistance to a second drug within the same treatment course. We therefore assume
sequential acquisition of resistance. For example, resistance can arise to drug A first, followed by
drug B, or it could arise to drug B first, followed by drug A. If a4 and aj represent the
probabilities of acquiring resistance to drug A and drug B respectively in a drug-susceptible state
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on a given treatment regimen, and a4 5 and ag 4 represent the probabilities of acquiring
resistance to drugs A and B given pre-existing resistance to drugs B and A, respectively, then the
probability of acquiring resistance to both drugs in a single treatment course is computed as:

aup = auaga + agayg. We can thus define the complete set of probabilities 7, j, and 775]-|k
for transitions from resistance state i to resistance state j, conditional on treatment regimen k, for
treatment-naive and treatment-experienced patients respectively.

Transmission fitness

We assume that even TB strains with resistance to multiple drugs are at least 50% as
transmissible as drug-susceptible TB. This lower bound is supported by laboratory data
estimating the fitness cost of specific drug resistance-conferring mutations in competitive growth
assays (23). Although these laboratory assays are not necessarily indicative of the relative
transmissibility of these TB strains at the population level, which is more difficult to assess, they
do provide a reasonable bound for possible values. Laboratory data also suggest that many
resistant strains are nearly as fit as drug-susceptible TB, although resistance to RIF is associated
with greater costs, and MDR TB strains are known to be less transmissible (24, 25). We
therefore set the bounds for the relative transmission fitness of TB strains resistant to PZA alone
or FQ alone to 0.75-1, and the relative fitness of RIF-resistant strains to 0.5-1. For strains
harboring resistance to multiple drugs, we set the lower bound of transmission fitness at 0.5; we
further assume that their relative transmission fitness can be no greater than that of strains with
less resistance. Thus, if f; and f5 represent the relative transmission fitness of strains resistant to
drug A and drug B respectively, a strain resistant to both drugs has fitness f,5 < min(fy, f5)-

Our model allows for individuals in the latent (i.e., asymptomatic, uninfectious) TB state to
become super-infected with a different strain of TB and to subsequently develop active
(infectious) disease with one of the two strains (26). We assign the probability of active disease
developing with one strain vs. the other based on each strains’ transmission fitness values. Thus,
in an individual latently infected with a strain i (fitness f;) who becomes exposed to strain j # i
(fitness f;), the superinfecting strain j will become dominant with probability {; ; = f;/(fi + f;).
For individuals who are reinfected with the same strain (i.e., i = j), {;; = 1.

Emergence of resistance and transmission

We randomly sample the time of emergence of resistance to RIF and PZA (t;; 10 to 40 years in
the past), and FQ(t,; 10 to 30 years in the past, but after the emergence of RIF/PZA resistance).
These sampling bounds reflect the timing of availability of the HRZE regimen and
fluoroquinolones. The variation in the time of emergence of drug resistance partly accounts for
strains that have only begun to circulate in more recent years and have variable transmission
fitness due to compensatory mutations that have accumulated over time. Once the time of
resistance emergence is reached in a given simulation, the probabilities of resistance acquisition
are scaled up linearly over 5 years, reflecting gradual scale-up of the regimen. After setting the



sampling bounds for all of the parameters described above, we use the midpoint of each
sampling range as a baseline value to calibrate the sampling range of the transmission parameter
(Bo) to achieve the desired incidence and prevalence values in 2013. Based on this procedure, we

set the sampling bounds for the transmission parameter at 12 +4.

Table S3: Model input parameters

Parameter Description Value/ Reference(s)
sampling range
Bo Baseline transmission rate per person-year 8-16 Calibrated
D Proportion progressing rapidly to active TB 0.15 (27)
Y Rate of endogenous reactivation from latent 0.007 (28)
to active TB, per year
Wy Baseline rate of diagnosis and treatment 0.69 4
initiation, per year
ars Rate of repeat treatment initiation for patients (29)
on ineffective treatment per year 2
€ Relative susceptibility to reinfection among 0.5 (30, 31)
individuals with previous TB exposure
T Relative infectiousness of patients on 0.2 (32)
ineffective treatment
h Rate of spontaneous recovery from active TB, 0.17 (33)
per year
Uo Baseline mortality rate, per year 1/70 (34)
Urp TB-specific mortality rate, per year 0.17 (33)
Transmission fitness and resistance acquisition
fi Relative transmission fitness, strain i See details in (23-26)
“Transmission
fitness” section
ik Probability of acquiring resistance per See details in (22)
treatment course, from strain i to strain j, “Resistance
nfjlk conditional on treatment regimen k acquisition” section
' treatment-naive or treatment-experienced
mR Relative risk of FQ resistance acquisition on 1-5 Assumed
HRZE, treatment-experienced vs. treatment-
naive
Treatment outcomes
Xik Proportion receiving regimen k among those See details in (4,11, 12,
with TB strain i, treatment-naive and “Regimen choice” 14)
X treatment-experienced section
Cilk Probability of cure/recovery with strain i and See details in (16-19)
treatment regimen k “Treatment
ik Probability of remaining in active TB state outcomes” section
with strain i and treatment regimen k
bijk Probability of ineffective treatment with
strain i and treatment regimen k




State transitions and model equations
e Model state compartments

The 6 major compartments in the model reflect the natural history and treatment of tuberculosis,
as shown in Figure 1, with the “R” subscript denoting patients with previous treatment
experience:

U: Uninfected

L & LR: Latent infection/recovered from active TB
A & AR: Active TB disease

F: On ineffective (failing) treatment

All compartments (with the exception of the Uninfected compartment) are further subdivided
into 8 possible resistance profiles according the infecting TB strain, as denoted by the subscript i,
where 1 <i < 8. Thus,

- L=Y0 L IR=3%8 L}
- A=EL A AR =B AT
- F=3XLF

The total population is thus computed as N = U + Y5_,(L; + LF + A; + AR + F).

e Force of infection

We define 4; as the strain-specific force of infection, which depends on the prevalence of each
strain in the population as well as the relative transmission fitness. Thus, for any strain i, with
transmission fitness f;:

Ai = Bofili/N

I; = A; + AR + rF;, reflecting the total number of individuals with active TB caused by strain i,
and accounting for the reduced transmission among individuals on ineffective treatment
(compartments F;).

e [nitial infection

A proportion p of individuals who initially become infected with strain i progress immediately to
active TB, with the remainder advancing to latent TB. Thus, the per capita rates of progression
upon initial infection are:

- U->Li:(1-pA
- U _)Al':pﬂ'l'



e Spontaneous recovery

Spontaneous recovery among both treatment-naive and treatment experienced individuals occurs
at the same rate:

- Ai—>Li:h
- AR>S 1R:h

e Reactivation

Progression from latent infection to active disease among both treatment-naive and treatment-
experienced individuals occurs at the same rate:

- Li— Ay
- oy

e Reinfection

Individuals latently infected with strain i can become reinfected with any other strain j, but have
reduced susceptibility to infection. As in initial infection, a proportion p progress immediately to
active disease. The probability ; ; that the super-infecting strain j will become dominant is
determined by the relative transmission fitness of the two strains, as described earlier.

- Li-Li:(1—p)Ajed i #]
- L} L (1 —-p)Aeg ;i #j
- Lo AjpAjed i #
= LIE - A]Rpljé'cl,j,l 7‘—']

e Successful treatment

Individuals exit the active TB compartments according to the baseline rate of diagnosis and
treatment initiation. The probability of recovery depends on whether additional resistance is
acquired during treatment, and on the probability of cure/recovery based on the final resistance
state j given treatment regimen k.

= A = L wg X (i i jieCie)r 0 < J

~ AF > L} wg DB i), 1 <
Patients on ineffective treatment immediately begin a new course of treatment after an average of
6 months.

R. R R .
Fi = Lj: wp XeOp 03 i) E <
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e Ineffective and insufficient treatment

The rates of transition associated with ineffective and insufficient treatment are computed
similarly, based on the probabilities for each treatment outcome.

- A o Fyrwg X (ki jie P L < J
- A? = Fitwy Zk(xfkﬂfﬂkd)”k),i <j
= F > Fop Ze et i <J

R . .
= A 2 A7 wg X (X kM ik G ) LS J
R R, R ..R . .
- A 2 A wy Zk(xi,kni,ﬂkaﬂk)»l <]
R. R R C

- F o A wp Ze(xns jikojie), U S J

e Births and deaths

The baseline mortality rate is applied to the U and L compartments, and an increased mortality
rate is applied to patients with active TB. The population is kept constant such that the number of
births equals the total number of deaths, with all births occurring in the uninfected compartment:

o Xieq(Li + L) + prp NP, (A + AR + F)

The full system of ordinary differential equations in the model can thus be summarized as
follows, where subscripts i,j € {1, ...,8} denote each TB strain, and subscript k € {1,2,3}
denotes the treatment regimen:

au
1) - =t il + LD+ prp Xi(Ai + AR+ F) — U X A

di;
) = A =pAZU+hA+ 1 -pleX(4l) - [€X2(AC:;) + ¥ + mo]Ls
A,
@) — =pAU+YL +p € X 2i(4:¢iL5)
— [G)A Yjsik (xi,lei,j|k(Cj|k + ¢+ Uj|k)) +h+ .UTB] A;

dF;
— = Wa 12 <2k (X, 0k Pui Ay + %55 i PiAN) | + wr X ik (Fen Fip i Fy)

— [wr Tjsir(x N8k + o) + ©p Xjsie(xF 1k Pii) + trs] Fi

(4)

daLf R R R R
— = hA + wy Yi<ie(Xpnjipcin A7) + a Xjein(Fenfiecie A7)

+ sti,k(x;,?knﬁukcilk F)+ (1 —peXje(Nil) — [ + € X2i(4:¢i ;) + mo LY

()

aaR
) —-= YLY +p GZj:ti(Ai{j,iL}?) + wa Xjci (X kM ik 0ukA;)
+ wp Xjsik (S0 Fy) + @a Zjson(Xnf o Af)
—[h+ 0a Zjein(Fenfinlcine + jp)) + 0a Zjsinfienfedin) + vrs] AF
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Simulation selection

After generating 100,000 simulations using inputs sampled from uniform distributions with
bounds as described above, we retain trajectories that are consistent with current epidemiologic
data, using a procedure analogous to an approximate Bayesian computation rejection algorithm,
as illustrated in Figure 2 (35). The choice of uniform prior distributions reflects inherent
uncertainty about the values of these parameters. Compared to peaked distributions, uniform
distributions also increase sampling from the bounds of the sampling range, thus ensuring that
our sampled parameters sets include scenarios that, although unlikely, are important in
evaluating the plausibility of extreme epidemiologic scenarios.

We generate simulations under two alternative assumptions: (1) that PZA provides protection
against the development de novo mutations conferring resistance to RIF or FQ during treatment
and (2) that PZA provides no such protection. In the baseline scenario, we sample all parameters
inputs as described above. In the alternative (‘“no-protection’) scenario, we modify the
probabilities of resistance acquisition such that PZA resistance has no effect on further resistance
amplification. For example, we set the resistance acquisition probabilities for PZAr - RIF/PZAr
amplification equal to the sampled values for DS - RIFr amplification. Thus, the “no-
protection” scenario features lower probabilities of resistance amplification among all strains
with PZA resistance, compared to the baseline scenario.

Overall, 1.1% of simulations under the baseline scenario projected epidemiologic trajectories
consistent with available epidemiologic data for Southeast Asia (Figures S3, S4). The proportion
of trajectories meeting each of the calibration criteria is shown in Table S4. To assess the effect
of this procedure, we examine the posterior distributions of our input parameters among the
selected trajectories and compare them to the uniform prior distributions using the Kolmogorov-
Smirnoff statistic (Table S5). Attempts to calibrate the model to Southeast Asia data under the
“no-protection” scenario had a much lower yield, with only 47 of 100,000 simulations (0.05%)
meeting the calibration criteria, primarily due to an inability to match the reported prevalence of
RIF resistance among FQ-resistant retreatment cases (Table S4, Figure S4). Although it is also
possible that our model was unable to match available data under the no-protection scenario
because it cannot not fully capture the dynamics of such a system, we interpreted this
incongruence of model output and epidemiologic data as indicating that the no-protection
scenario is less plausibly reflective of the true effect of PZA. This interpretation is consistent
with the ten-fold difference in yield of data-consistent simulations between the two scenarios,
and previous empirical studies that support a protective role of PZA (21, 36). We therefore retain
the data-consistent parameters generated under the baseline scenario for all subsequent analyses,
and run all simulations assuming a protective effect of PZA against resistance to RIF and FQs.

Regression and correlation analyses

To identify the primary drivers of drug resistance trajectories, we first categorize each selected
trajectory based on whether it results in a prevalence of drug resistance exceeding a set threshold
within 20 years. We scale all of the sampled parameters to z-scores based on the empirical
distribution of values among the selected trajectories. We then estimate a multivariate logistic
regression model, using the z-scores as explanatory variables and report regression coefficients
and odds ratios associated with a change of 0.1 standard deviation. We exclude explanatory
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variables found to have excessive collinearity based on a variance inflation factor >10 in a
stepwise procedure, until no such parameters remain in the model (37). Once the final model is
defined, we select variables with a statistically significant regression coefficient (p<0.05) and
rank them based on the absolute value of the coefficient. We conduct a similar analysis using
partial rank correlation coefficients (PRCCs) on the original (i.e., not scaled) values for the
prevalence of drug resistance.

Alternate epidemiologic settings

In order to assess the applicability of our results to settings with the highest TB burden, we
selected the 100 simulations that were most representative of TB epidemiology in these
countries, as well as in the Southeast Asia region, in terms of overall TB incidence and
prevalence of MDR TB. For each country (India, Pakistan, Indonesia), we compared WHO data
to our simulations assuming a joint Poisson likelihood function with the WHO-reported estimate
as the mean. Although the absolute estimates of the proportion of trajectories resulting in a
prevalence of pre-XDR TB exceeding the predefined thresholds changes, the overall findings are
robust: replacing PZA with an alternative drug of similar efficacy greatly reduces the projected
prevalence of pre-XDR TB (Table S5).

Stochastic model adaptation

We adapted the system of differential equations shown above to a stochastic model using the
Gillespie stochastic simulation adaptive tau method, as implemented in the R package
“adaptivetau” (38). We further modified the model by incorporating scale-up of MDR treatment,
improvements in case detection, and decline in TB incidence reflective of trends in Southeast
Asia in 1995-2013, and applied a 2% annual decrease in incidence to better reflect regional
trends (39). We generated 200,000 randomly sampled values for key model inputs, as described
above, and projected 1 stochastic trajectory for each parameter set, using a population size of 10
million individuals. We retained 1,751 trajectories that met our pre-defined calibration targets
based on available epidemiologic data from Southeast Asia (Table S4). We used these
simulations to replicate all subsequent analyses and compare our findings to those obtained using
the deterministic version of the model.
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Table S4: Calibration criteria

Epidemiologic criteria Target value References | Calibration | Trajectories within range (%)
Year Value range Baseline No protection
Annual TB incidence, per 100,000 2013 183 4 137-229 42% 42%
2010 194 145-242
2005 213 160-266
2000 220 165-275
1995 218 163-272
1990 218 163-272
RIF-resistant among new cases (%) 2013 2.2% 4) 1.1-3.3% 32% 29%
RIF-resistant among retreatment cases 2013 16% 4) 8-24% 46% 40%
(%)
RIF-resistant among retreatment cases (40) 16% 1.8%
with FQ resistance (%) 2013 25% 10-40%
RIF-resistant among retreatment cases (42) 45% 30%
with PZA resistance (%) 2013 55% 40-70%
<% RIF (42, 43) 86% 84%
PZA-monoresistant among new cases (%) | 2013 resistance --
<% RIF (44, 45) 99% 99%
FQ-monoresistant among new cases (%) 2013 resistance --
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Figure S3: Distribution of calibration criteria, baseline scenario

Distribution of simulation outcomes used for model calibration, assuming a protective effect of PZA against the development of
mutations conferring resistance to RIF and FQ. Values meeting the calibration criteria (shown in parentheses) are colored in gray.
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Figure S4: Distribution of calibration criteria without protection effect
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colored in gray. This assumption resulted in 20 times fewer simulations matching epidemiologic calibration criteria.
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Table S5: Distribution of sampled input parameters before and after selection of
simulations consistent with current epidemiology (baseline scenario)

Sampled values Data-consistant values -
D statistic |p-value
Median |25th %ile |75th %ile|Median [25th %ile |75th %ile
Time of emergence of resistance
RIF, PZA 34.864 27.459 42.444| 32.681 26.615 39.278 0.120{ 0.000
FQ 44.652 39.445 47.997| 41.610 36.813 45.512 0.210{ 0.000
Probability of resistance acquisition, HRZE regimen
DS—RIFr 0.010 0.005 0.015| 0.011 0.008 0.015 0.147| 0.000
DS—FQr 0.005 0.002 0.008| 0.006 0.004 0.008 0.174| 0.000
DS—PZAr 0.010 0.005 0.015| 0.010 0.005 0.015 0.019] 0.849
RIFr—RIF/FQr 0.008 0.006 0.009] 0.009 0.008 0.010 0.201] 0.000
RIFr—RIF/PZAr 0.130 0.070 0.190| 0.188 0.145 0.220 0.328] 0.000
PZAr—RIF/PZAr 0.130 0.070 0.190| 0.155 0.098 0.206 0.124| 0.000
PZAr—FQ/PZAr 0.008 0.006 0.009] 0.009 0.007 0.010 0.119] 0.000
RIF/PZAr—RIF/FQ/PZAr 0.010 0.009 0.010/ 0.010 0.009 0.010 0.136] 0.000
Probability of resistance acquisition, standardized 2nd-line regimen
RIFr—RIF/FQr 0.010 0.005 0.015| 0.011 0.006 0.016 0.080{ 0.000
RIFr—RIF/PZAr 0.010 0.005 0.015| 0.011 0.006 0.016 0.054| 0.006
RIF/FQr—RIF/FQ/PZAr 0.131 0.070 0.191] 0.130 0.067 0.188 0.021| 0.760
RIF/PZAr—RIF/FQ/PZAr 0.131 0.070 0.190| 0.192 0.139 0.223 0.306] 0.000
Transmission fitness
RIFr 0.750 0.625 0.875| 0.634 0.578 0.698 0.388] 0.000
FQr 0.875 0.812 0.937| 0.869 0.813 0.929 0.046] 0.031
PZAr 0.875 0.813 0.938| 0.818 0.782 0.866 0.291| 0.000
RIF/FQr 0.589 0.532 0.678| 0.561 0.524 0.620 0.163| 0.000
RIF/PZAr 0.589 0.533 0.677| 0.551 0.521 0.597 0.248| 0.000
FQ/PZAr 0.661 0.580 0.742| 0.651 0.579 0.726 0.062| 0.001
RIF/FQ/PZAr 0.515 0.504 0.540| 0.512 0.504 0.531 0.074| 0.000
Probability of cure, HRZE regimen
DS, FQr 0.940 0.915 0.965| 0.942 0.915 0.965 0.027| 0.441
RIFr, RIF/FQr 0.520 0.460 0.580[ 0.490 0.439 0.560 0.136] 0.000
PZAr, FQ/PZAr 0.865 0.847 0.882| 0.866 0.846 0.882 0.016] 0.956
RIF/PZAr, RIF/FQ/PZAr 0.406 0.363 0.463| 0.372 0.344 0.407 0.248| 0.000
Probability of cure, standardized 2nd-line regimen
RIFr 0.915 0.903 0.928| 0.914 0.902 0.927 0.028| 0.426
RIF/FQr 0.661 0.621 0.701| 0.658 0.616 0.697 0.044| 0.038
RIF/PZAr 0.810 0.785 0.835| 0.808 0.785 0.833 0.038] 0.104
RIF/FQ/PZAr 0.583 0.531 0.631| 0.574 0.521 0.624 0.061| 0.001
Relative risk of FQ resistance acquisition retreatment vs. new cases
| 2998 2009] 4.001] 3933 3000 4539 0280 0.000
Transmission parameter
| 12005 10013 13.999 11.886] 10.810] 13.149]  0.209] 0.000
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SUPPLEMENTAL RESULTS
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Figure S6: Projected trajectories of pre-XDR TB
A) Random subsample of generated trajectories up to 2015, shown in gray.

B-C) Even after selecting for trajectories consistent with current TB epidemiology, shown in red,
the range of drug resistance prevalence (B) and the proportion of drug-resistant TB cases (C) in
2035 vary widely. Replacing PZA with an equally effective drug in the treatment regimens of
patients with PZA-resistant TB greatly reduced projected levels of pre-XDR TB, as shown by the
overlaid blue curves.
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Figure S7: Projected trajectories of RIF-resistant TB
A) Random subsample of generated trajectories up to 2015, shown in gray.

B-C) Data-consistent trajectories of prevalence (B) and proportion (C) of pre-XDR TB projected
to 2035, shown in red. Replacing PZA with an equally effective drug in the treatment regimens
of patients with PZA-resistant TB (blue) had little impact on projected trajectories.
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Figure S8: Impact of PZA replacement on projected prevalence of pre-XDR-TB across high TB burden settings

Proportion of data-consistent simulations in which projected pre-XDR TB prevalence in 2035 exceeds three pre-defined acceptability
thresholds. We selected the 100 simulations most representative of TB epidemiology in India (A), Indonesia (B), Pakistan (C) and the
Southeast Asia region (D). In all cases, replacing PZA with an alternative drug of equal efficacy among patients with PZA-resistant
TB greatly reduces the proportion of trajectories exceeding the pre-XDR TB acceptability threshold in 2035.

PZA: pyrazinamide
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Figure S9: Impact of PZA replacement on projected prevalence of pre-XDR-TB, in
deterministic vs. stochastic model

Proportion of data-consistent simulations in which projected pre-XDR TB prevalence in 2035
exceeds three pre-defined acceptability thresholds. In both the deterministic and the stochastic
frameworks, replacing PZA with an alternative drug of equal efficacy among patients with PZA-
resistant TB greatly reduces the proportion of trajectories exceeding the pre-XDR TB
acceptability threshold in 2035.

PZA: pyrazinamide
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Figure S10: Factors associated with high future pre-XDR TB prevalence

A) Odds ratios (with 95% confidence intervals) for parameters most strongly correlated with
prevalence of pre-XDR TB exceeding 1, 1.5, or 2 cases per 100,000 population in 2035, baseline
scenario. Similar results for the baseline scenario are obtained with alternative analyses using
partial rank correlation coefficients (B). In contrast, PZA-related parameters became less
predictive of pre-XDR prevalence if PZA was replaced with an equivalent alternative drug for
patients with PZA-resistant TB (C).
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