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Abstract

Standard treatment for active tuberculosis (TB) requires drug treatment with at least four
drugs over six months. Shorter-duration therapy would mean less need for strict adherence,
and reduced risk of bacterial resistance. A system pharmacology model of TB infection, and
drug therapy was developed and used to simulate the outcome of different drug therapy sce-
narios. The model incorporated human immune response, granuloma lesions, multi-drug
antimicrobial chemotherapy, and bacterial resistance. A dynamic population pharmacoki-
netic/pharmacodynamic (PK/PD) simulation model including rifampin, isoniazid, pyrazina-
mide, and ethambutol was developed and parameters aligned with previous experimental
data. Population therapy outcomes for simulations were found to be generally consistent
with summary results from previous clinical trials, for a range of drug dose and duration sce-
narios. An online tool developed from this model is released as open source software. The
TB simulation tool could support analysis of new therapy options, novel drug types, and
combinations, incorporating factors such as patient adherence behavior.

Author summary

A comprehensive in-silico model of pulmonary tuberculosis successfully predicted previ-
ous clinical trials and could simulate future therapeutics.

Introduction

Standard treatment for active pulmonary infection with Mycobacterium tuberculosis (TB) usu-
ally involves lengthy therapy based on four different drugs taken over 6 months. Adherence
has been shown to be a major predictor of treatment failure and shorter-duration therapy has
been suggested to lower risk of treatment failure and bacterial resistance [1-4]. Pharmacoki-
netic/pharmacodynamics (PK/PD) mathematical models for TB have mostly focused on
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short-term drug effects during the initial ten days of treatment rather than overall therapy out-
come. Most earlier in-vitro experiments and in-silico simulations of TB drug effectiveness have
been based on monodrug therapy, even though standard patient treatment for TB involves
four or more drugs. Further, previous simulation models often have been relatively determin-
istic, and done at individual patient level, thus offering limited ability to assess therapy out-
comes on a broader population basis [5-7].

Short- and long-term infection dynamics of TB are believed to be strongly influenced by
immune system response of an affected patient. Goutelle et al., provided an integrated simula-
tion of TB inflammation and immune response [8]. However, the study scope is limited to
rifampin mono-therapy during the initial 2 to 14 days of drug therapy. In the real-world clini-
cal setting, multi-drug therapy is needed to control risk of development of bacterial resistance.
Additionally, the effectiveness of different antibacterial drugs is thought to have different level
of bacteriostatic and bactericidal effect on fast- vs. slow-growing bacteria, and will also depend
on bacteria population in distinct compartments, such as inside vs. outside of macrophages
[9].

The primary objective of this study was to establish an integrated PK/PD population-based
in-silico model, incorporating immune system and bacterial resistance dynamics, to estimate
predicted relative effectiveness of drug therapy alternatives for pulmonary tuberculosis infec-
tion. This paper describes the resulting integrated simulation model, underlying mathematical
formulation, parameter selection, numerical and computational methods, and validation and
calibration with experimental data and several clinical drug trials.

TB drug considerations for building the model

The unusual cell wall of the bacterium, and its ability to persist inside infected macrophages,
renders many types of antibiotics effectively useless. Standard drug therapy for pulmonary
tuberculosis infection in adults, with no suspicion of multi-drug resistance (MDR), involves
four drugs. Daily rifampin 600 mg, isoniazid 300 mg, pyrazinamide 1500 mg and ethambutol
1200 mg for two months’ intensive therapy followed by a continuation phase of rifampin 600
mg, and isoniazid 300 mg, daily for 4 months. It is recommended these drugs be given as
directly observed therapy (DOT), when possible [10].

Rifampin hinders bacterial DNA-related RNA synthesis by inhibiting bacterial DNA-
dependent RNA polymerase by binding and physically preventing extension of RNA [11]. The
precise intracellular concentration dynamics in macrophages is not fully understood, and may
be affected by the local environment and metabolic state of macrophages and bacteria. Rifam-
pin is believed to act on both intracellular and extracellular bacteria, and it is believed to have
both bactericidal and sterilizing effect [12]. Rifampin will bind to human plasma proteins at
around 85-90% [13]. Rifampin is an inducer of many enzymes of the cytochrome P450 super-
family—resulting in significant auto-induction leading to approximately twice steady state
clearance [14,15].

Isoniazid is a prodrug, activated by catalase-peroxidase enzyme KatG in M. tuberculosis
[16]. The drug inhibits synthesis of mycolic acid, needed to maintain the bacterial cell wall.
Isoniazid is considered to be highly bactericidal on rapidly dividing extracellular mycobacteria,
but only marginally bacteriostatic on intra-cellular bacteria, and minimally effective on slow-
growing bacteria [17,18]. Metabolism of isoniazid is affected by an individual’s acetylation rate
—fast vs. slow acetylators. Fast acetylators have approximately twice the clearance rate of slow
acetylators [19].

Pyrazinamide is a prodrug inhibiting growth of M. tuberculosis, and can act both inside and
outside of macrophages. The active form, pyrazinoic acid, is believed to accumulate inside
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bacteria, and reach a relatively higher concentration at acidic pH [20]. Pyrazinoic acid binds to
the ribosomal protein S1 (RpsA) and inhibits trans-translation, and it is thought to inhibit syn-
thesis of fatty acids [21,22]. It is considered mostly effective on slowly replicating “persisting”
bacteria found in pulmonary lesions often considered to result in anaerobic conditions [20].
The activity on slow-growing bacteria is opposite that of many other drugs used in TB therapy,
which act mainly on actively growing bacteria. Pyrazinamide’s accumulation in epithelial lin-
ing fluid has been observed as relatively high [23], while other studies looking at lesion and
lung tissues showed significantly lower concentrations in lung tissue compared to plasma [24].

Ethambutol is believed to be mainly bacteriostatic [25]. The drug is believed to work by
inhibition of arabinosyl transferase, interfering with synthesis of arabinogalactan, thereby dis-
rupting formation of the bacterial cell wall [26]. Changes in the structure of the mycobacterial
cell wall may increase permeability to other drugs.

Immune response considerations

TB infection can lead to a host immune-bacteria reaction resulting in formation of nodules of
inflamed tissue. Over time these nodules can expand and evolve to distinct granulomatous
lesions. Lesions can become increasingly fibrous and even calcified-and this may help contain
the bacteria, but also may provide a more protective microenvironment promoting sustained
bacterial survival. Granuloma lesions are highly heterogeneous, depending on multiple factors
such as size, vascularization, and caseation-affecting drug diffusion and concentration charac-
teristics [27]. Recent analysis of dissected lung samples suggest drug diffusion and accumula-
tion in granuloma may vary greatly among different commonly used TB drugs [28,29]. The
precise mechanisms underlying the varied penetration of TB drugs are still being investigated
[27].

The immune system response to infection with M. tuberculosis can be understood in terms
of the interaction between bacteria, immune cells in alveoli of the lung, and lymph nodes. The
primary mode of infection is per aerosolized bacteria entering the lung. Upon infection, resi-
dent macrophages undergo a sequence of transformation steps—from recruitment, infection,
to activation. As an increasing number of macrophages are recruited, this triggers release of
cytokines, including IL-4, which in turn regulate macrophage activation. The macrophages,
not able to clear the infection, may become chronically infected. Chronic infection ultimately
can result in killing of the macrophage which releases TB bacteria contained within it, which
then can go on to trigger extended infection [30].

The University of Michigan group has extensive experience modeling within-host infection,
summarized in their review [31]. Their models are able to reconstruct the immune response
involved in forming granulomas and has advanced to an agent-based model that provides 2D
and 3D spatial models of the lung parenchyma, immune cells and their interaction over time
[32,33], and they have investigated various regimen optimization approaches within their
computational model (GranSim) [34]. We considered one of their simpler models as a scaffold
to add PK/PD interaction [30].

Multi-drug considerations

Previous studies of commonly used TB drugs have shown kill rates decline over time [35].
This decline may occur due to multiple factors, such as growth of resistant sub-populations of
bacteria and overall reduction in absolute remaining number of bacteria. The decline in kill
rate is more pronounced with mono-drug therapy, likely due to its inherent higher risk of bac-
terial resistance. Multi-drug therapy is a key aspect of effective long-term TB treatment since
mono-drug therapy has been show to lead to increased bacterial resistance, sometimes in as
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short a period as a few weeks or months [20]. One inherent complication of analyzing the
effectiveness of multi-drug therapy is the difficulty in determining specific contributions of
individual drugs. Furthermore, drug combinations may result in both synergistic and antago-
nistic effects at different dose levels. TB drug combinations may be slightly antagonistic at
lower dose levels and neutral or slightly synergistic at higher dose levels as some studies suggest
[36].

Results
General

The simulation system was based on a series of connected underlying models, each represent-
ing distinct portions of the overall dynamic host-pathogen-drug system. Major sub models
included:

1. Bacterial infection and growth

2. Immune system response

3. Patient drug therapy adherence

4. Pharmacokinetics, including drug diffusion into macrophages and granuloma lesions
5. Pharmacodynamics

6. Bacterial drug resistance

7. Population modeling and patient outcomes

The host system was defined as a series of linked compartments, including plasma, lung,
lymph node, extracellular vs. intracellular macrophages, and inside/outside of granuloma
lesions. The simplified structural model is illustrated in Fig 1. The different sub models apply
to one or several of these compartments. The immune model [30] and description of bacterial
infection and growth is briefly described in the Materials and Methods section and the equa-
tions used for the immune system is presented in the S1 Text document. The other subsections
are described in detail with equations in their specific subsections of Materials and Methods.
The section on pharmacokinetics provides a more detailed description of drug transfer
between compartments, and use of effect compartments to model drug concentration inside
macrophages and lesions.

Much of the ultimate utility of an in-silico simulation model generally hinges on its ability
to consistently generate patient outcomes similar to real-world clinical results. The primary
response metric for the simulation model was the share of the patient population without TB
infection (cleared TB) defined by the final number of bacteria present at the end of the drug
therapy period. The criteria of the response metric are defined in Table 1 and specifically take
into account bacteria in granulomas with differentiation between fully cleared (<1) and latent
TB (between 1 and 1000). The model is able to differentiate between an active infection and
latent TB which is important when considering that patients may reach a point of low enough
bacterial burden to suppress the infection but are still at risk of relapsing at a later time. Clini-
cal trials show that standard 6-month multi-drug TB therapy can remove TB infection in
approximately 95 percent of affected patients in a population[1]. Validation of outputs from
the simulation model is described in four steps, 1) check basic simulation model outputs, 2)
review simulation of standard TB therapy, 3) comparison with a wider set of clinical trials, and
4) test impact of other drug therapy parameters and population characteristics.
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Fig 1. Complete structural model. Bacterial dynamics is illustrated in the Bacterial dynamics cutout and is modelled in each respective compartment. The immune
system response is based on a model from literature[30] and is illustrated in blue. The immune system follows activation of macrophages by the initial infection, leading to
a cascade of additional white cells in the lymph, finally leading to increased macrophage involvement and the formation of lesions. Drug therapy is illustrated in red and
can be modelled with multiple drugs and their respective penetration into lesion, macrophages and lung. Drug resistant bacteria (dark green) is modelled using both
natural and drug pressure mutation rates (k, and k, respectively). Bacteria killing is determined by both immune and drug related increase in bacterial elimination.

https://doi.org/10.1371/journal.pcbi.1008107.g001

Basic simulation outputs

Simulation of bacterial dynamics for TB infection without drug therapy is illustrated in Fig 2.
After a bacterial inoculate of 100 CFU/mL infects extracellularly, rapid intra- and extracellular
bacterial growth is triggered. The infection approaches a steady-state level after 9 (270 days) to

Table 1. Rules for patient drug therapy outcomes.

Infection Status Extracellular Granuloma (CFU/mL) Intracellular Granuloma (CFU/mL) Patient Drug Therapy Outcome
Not infected 0 0 N/A

TB infection > 1 or > 1000 > 1or > 1000 Failure

Latent TB <1 1 <x < 1000 Success

Cleared TB <1 <1 Success

https://doi.org/10.1371/journal.pchi.1008107.t001
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Fig 2. Bacterial dynamics of simulated TB infection. Intra- (red) and extracellular (blue) bacteria count in lung tissue for TB infection without drug therapy, for 5000
patients, with infection starting on day 0. Respective shaded areas represent first and third quantiles of population.

https://doi.org/10.1371/journal.pchi.1008107.g002

12 months (360 days). Inoculation size was within the suggested range from Marino et al.,
2004. Untreated infection results in steadily growing bacterial population, both intra- and
extracellularly, reaching steady state level after 9 to 12 months, in line with the validated model
from Marino et al., 2004 [30]. The simulation model generates unique pharmacokinetic pro-
files, per drug and patient, as shown in S1 Fig. Pharmacokinetic profiles summarized at a pop-
ulation level for all active drugs are shown in S2 Fig.

Simulation of standard TB therapy

Simulation of outcome of standard drug therapy (2HREZ/4HR) with perfect patient adher-
ence, suggest 70% of patients are cleared of infection after approximately 60 days, and this
grows to most patients (~95%) after 120 to 150 days, with a small increase in cleared infection
after treatment, due to influence from the immune system as shown in Fig 3. This outcome
level is generally consistent with results from major clinical trials, such as the RIFAQUIN
study [4]. Intracellular bacterial load is higher compared with extracellular bacteria, and
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Fig 3. Population TB treatment outcome with standard drug therapy. Summary of outcome of median standard drug treatment of TB infection, based on
simulation of 5000 patients, with standard drug therapy (2HREZ/4HR). The TB infection occurs on day 0, and drug therapy is started on day 180.

https://doi.org/10.1371/journal.pchi.1008107.9003

requires longer time to clear, as illustrated in Fig 4. It is possible bacteria inside infected mac-
rophages form a continued reservoir that may sustain extended infection.

Comparing TB simulation results with previous clinical trials

Simulation results for standard TB therapy were compared with several previous clinical trials
that included variations of standard therapy, such as shorter or longer duration, increased or
reduced dose, and daily vs. intermittent therapy. The analysis was an extension on a previous
extensive review of TB clinical trials [37,38]. It is inherently challenging to compare absolute
outcome levels for simulations compared with clinical trials, for trials performed 10 to 20 or
more years ago. Therefore, the comparison was done based on change in outcome in
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4HR). The TB infection occurs on day -180, and drug therapy is started on day 0, triggering rapid intra- and extracellular bacterial death. The grey shaded block
represents the cut-off of CFU/ml equal to 1 for a patient to be considered cleared of bacteria at the end of treatment.

https://doi.org/10.1371/journal.pchi.1008107.9004

alternative trial arms vs. standard TB therapy. Studies included in the summary analysis are
provided in Table B in S2 Text.

The simulated therapy outcome was found to be mostly consistent with risk of relapse
found in the summary of previous clinical trials [37], including

1. Standard 6-month TB therapy

2. Shorter 4-month TB therapy

3. Longer 9-month TB therapy

4. Intermittent TB therapy (with dosing 2/week during continuation phase).

In Fig 5 is shown the results of 5000 simulated patients in comparison to clinical trials,
where clinical trial outcomes for 4-month, 6-month, and 9-month, and for intermittent
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therapy alternatives are based on differential relapse rates from 27 different regimens, shown
in S2 Text. Intermittent therapies had daily dosing during intensive phase, and twice-a-week
dosing during continuation phase.

Simulating drug therapies and patient characteristics

The inherent flexibility and speed of an in-silico simulation approach allows for rapid evalua-
tion of numerous different treatment parameters, such as drug combinations, drug dosing,
therapy start time and duration, and patient adherence. Infection dynamics and patient out-
comes for drug therapy variations are illustrated through a number of simulation scenarios.

Impact of dose changes and therapy duration for drugs in standard of care
regimen

We evaluated the change in percentage of population cured when changes are made to stan-
dard therapy, including increased or decreased dose levels and therapy duration. Eliminating
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isoniazid from the regimen resulted in 87% of patients being cleared of disease. (Fig 6).
Increased drug dose may drive more effective bacterial killing, but could also increase risk of
adverse drug effects. It has been argued many patients may be able to tolerate increased dosing
of rifampin, such as using a dose of 1200 mg rather than regular 600 mg, Fig 6. Simulations
suggest increased dosing has potential to improve patient outcomes, but not allow for drasti-
cally shorter-duration therapy. A scenario with shorter overall therapy duration includes 2
months of intensive ethambutol, isoniazid, pyrazinamide and rifampin, followed by 2 months
continuation phase of isoniazid and rifampin-using standard drug dose and schedule, results
in approximately 12 percent reduced clearing of infection compared to 6 month treatment.

Improvement in therapy start

The time delay from initial infection to start of drug therapy, and overall duration of drug ther-
apy can affect patient outcome. Simulations suggest that a shorter time from initial infection to
start of drug therapy could decrease treatment duration. To clear 90 percent of infection for
the default simulation of 180 days infection, 150 days are necessary. If treatment starts 30 days
earlier then a 90% clearance of infection occurs 20 to 25 days earlier. Simulations for 60 and 90
days earlier treatment (i.e. after 120 and 90 infection days) also show improved slope with 90%
patients treated in 100 and 60 days, Fig 7. All simulations used inter-individual variability on
patient pharmacokinetics and disease progression as defined by their respective literature
values.

Effect of patient adherence

Patient behaviors of adherence affect therapy outcomes [1]. We simulated 4 scenarios to evalu-
ate the effects of missing doses during treatment. Missing 80% of doses (a cut off described by
recent clinical trials as still adherent [2,3] randomly throughout the full course of treatment
results in 5% less people cured. When the doses are missed more during the intensive or con-
tinuation phase of treatment, we observe much worse outcomes for those that missed doses
during their intensive phase. We also evaluated data from real medication event monitoring
system (MEMS) and found this data to share similar trends to our 80% doses missed in the
continuation phase simulations, Fig 8.

Effect of lowered immunity

It is common for TB patients to have comorbidities reducing overall immune system function,
including but not limited to HIV infection. We simulated lower percentages of immune kill on
bacterial dynamics to observe the magnitude of immune killing on our final outcomes. Simula-
tions results suggest such patients may respond well to initial drug treatment for TB with
seemingly only 10% reduced cure rate for those with severely reduced immune function. How-
ever, 6 months after treatment, the lack of immune system has a reduced ability to suppress
long-term tuberculosis regrowth. In Fig 9 is shown how the number of successful outcomes
decrease long term depending on the strength of the immune system.

Role of monotherapy on resistance

We evaluated the change in bacterial resistance when removing isoniazid from standard ther-
apy. As shown in Fig 8, treatment outcome is worse when no INH is present. Mono-drug ther-
apy for TB is known to increase risk of bacterial drug resistance. Comparing rifampin resistant
bacteria under normal standard therapy and without isoniazid on board, we see isoniazid acts
to protect against resistant bacteria crossing above the threshold of our cleared definition. In
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Fig 6. Reduced successful therapy outcome with variations of standard drug therapy. Comparison of patient outcomes for treatment of the median
outcome of TB infection, with standard drug therapy (2HREZ/4HR) vs. median outcome of therapy excluding isoniazid, 1200 mg rifampin and reduced
treatment time. Based on simulation of 5000 patients.

https://doi.org/10.1371/journal.pchi.1008107.g006

the isoniazid absent scenario, rifampin resistant bacteria grows faster and is able to proliferate
above the definition of cleared after treatment stops, continuing to grow and produce full
blown resistance, Fig 10.

Considering all tuberculosis drugs might not have optimized pharmacokinetics and could
result in long windows of monotherapy, we examined drug concentrations relative to their
minimum inhibition concentrations (MIC) and see that drug coverage in granulomas are esti-
mated between 49% and 62% of expected number of hours above MIC, Fig 11.

Sensitivity analysis of parameters

A sensitivity analysis was performed to measure the impact of individual parameters on the
number of unfavorable outcomes expressed as the percent change in patients relapsing, includ-
ing drug parameters Fig 12, and initialization and immune parameters in supporting S3 Fig.
For the drug parameters, rifimpin parameters had the largest impact in increasing unfavorable
outcomes at the end of treatment. The parameter defining intracellular kill rate after 15 days
had a greater than 16-fold change in unfavorable outcomes when scaled by 0.1 and changing
the bacterial killing hill factor saw an increase in unfavorable outcomes by approximately
11-fold. This is an important consideration as estimating this parameter in the hollow fiber
model occasionally results in high standard deviation and could lead to significant changes in
the outcomes. Potentially restructuring to a binding kinetics model could improve precision in
our model [39]. An increase in parameters related to clearance, (elimination rate and auto-
induction factor) resulted in a 16-fold increase in unfavorable outcomes. Isoniazid parameters
did not have as large an impact as rifampin and the highest observed change was when isonia-
zid elimination was increased resulting in a greater than 2.5-fold increase in the total popula-
tion left with unfavorable outcomes. Pyrazinamide and ethambutol showed little to no change
in outcome, with the largest change observed for ECs at a 1.2-fold increase in unfavorable
outcome.

The initialization parameters showed that adherence was the largest contributing parameter
to the number of patients with unfavorable outcomes at the end of treatment. Reducing the
adherence to 0.1 resulted in zero patients cured. An adherence of 0.5 resulted in 18.76-fold less
patients cured. Other important parameters contributing to a large increase in unfavorable
outcome was an increase in bacterial kill rate, drug killing level inside granuloma vs outside of
granuloma (granuloma kill level) and the threshold of active infections (free bacteria level).

The immune parameters showed that the immune system had a large impact on total unfa-
vorable outcomes at the end of treatment with 7 out of 17 parameters related to macrophage
response showing a 11-fold or greater decrease in unfavorable outcome. The 2 highest impact
parameters were related to macrophage infection. Cytokines showed an increase in unfavor-
able outcomes of greater than 8-fold for 3 out of 20 parameters, and variables affecting IL-12
production having the highest impact. The parameter responsible for the elimination of T-
cells was responsible for the highest increase in unfavorable outcomes of all the immune
parameters at 16.5-fold. Parameters related to differentiation and migration of T-cells had an
increase in unfavorable outcomes greater than 8-fold. Parameters responsible for draining
lymph nodes and dendritic cells had less impact than other immune parameters and the great-
est increase in unfavorable outcome was seen for the elimination of mature dendritic cells
(MDC) with an approximately 6-fold increase. Parameters controlling bacteria in the model
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Fig 7. Population TB treatment outcome for different treatment start scenarios. Comparison of median patient outcomes for treatment of TB infection, with
standard drug therapy (2HREZ/4HR) of earlier diagnosis and the impact on patient outcomes if treatment is started earlier. Based on simulation of 5000 patients. Shaded
areas show the 95 percentile range of the simulations.

https://doi.org/10.1371/journal.pcbi.1008107.g007
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responsible for the highest change in unfavorable outcome were related to bacterial growth
and the number of bacteria released from macrophages after apoptosis with a greater than
16-fold change.
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Fig 8. Population TB treatment outcome for different adherence patterns. Comparison of median patient outcomes for treatment of TB infection, with standard drug
therapy (2HREZ/4HR) at 100% adherence, 80% adherence randomly spaced throughout treatment, 80% during intensive or continuation phase and simulations from
medication event monitoring system (MEMS) data. Based on simulation of 5000 patients. Infection occurs 180 days before treatment.

https://doi.org/10.1371/journal.pcbi.1008107.9008

Web application and R package

A web application was developed to provide a graphical interface of the model, Fig 13, available
at www.saviclab.org/systems-tb/. The application code and the underlying R package allows
simulation of individual patients as well as populations of patients. All settings related to the
considerations mentioned in the sections above can be customized in the web app, or in R
using functions exposed in the package. New drugs and drug regimens can be created and
used in simulations, and various adherence patterns can be selected and customized.
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Fig 9. Population TB treatment outcome for reduced immune strength. Comparison of median patient outcomes for treatment of TB infection, with standard drug
therapy (2HREZ/4HR) and patients with reduced immune response calculated as a percentage of full immune system present. Based on simulation of 5000 patients.
Infection occurs 180 days before treatment.

https://doi.org/10.1371/journal.pcbi.1008107.g009

Discussion

This study presented an integrated systems pharmacology model and simulation tool to sup-
port prediction of outcomes of different therapies for pulmonary tuberculosis infection. The
simulation model allows rapid and flexible assessment of impact of various drug therapy and
population parameters, such as drug selection, drug dose and dosing patterns, multi-dose
combinations, and therapy start time and duration.

Simulation results vs. real-world outcomes

Tuberculosis is an unusual pathogen given its relatively slow growth rate, its ability to survive
and multiply inside macrophages, and interaction with the host’s immune system leading to
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Fig 10. Faster growth of drug-resistant bacterial strains due to incomplete drug therapy. Comparison of growth of rifampin mono-resistant bacterial strain during
treatment of TB infection, with standard drug therapy (2HREZ/4HR) vs. therapy excluding isoniazid. Based on simulation of 5000 patients. Infection occurs on day -180,
and drug therapy is started on day 0.

https://doi.org/10.1371/journal.pchi.1008107.g010

granuloma lesions. The simulation was based on a multi-compartment model with various
immune cell types, cytokines, and TB bacteria strains. The simulated time estimate needed to
resolve TB infection was consistent with therapy timelines seen in clinical trials. Further, the
simulated population therapy outcome was similar to clinical trial results, i.e., approximately
95% resolution among infected individuals receiving standard 6-month TB therapy. There are
numerous ways the simulation model may be further extended to allow for even closer align-
ment with real-world patient outcomes, such as pharmacokinetic model considerations, bacte-
rial resistance considerations, and bacterial fitness over time.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008107  August 18, 2020 16/36


https://doi.org/10.1371/journal.pcbi.1008107.g010
https://doi.org/10.1371/journal.pcbi.1008107

PLOS COMPUTATIONAL BIOLOGY Mathematical model and tool to explore shorter multi-drug therapy options for tuberculosis

B RIF B INH B PZA EMB
Extracellular Extracell Granuloma
75% 49%

O 4-00 O0O00O0O0O000000040 4 - DOOOOOOOOOoOooooooooooooooa
§ 3- 0NEEEEEEEE 00000000004 s- oo o o o o
0 2- 00EEEEEEEEEEE 00000000 2- OOSEEEEEEEER ' OOOOOOOOOOO4
S 1- O0ONEEEEEEEEEEEEEE 00000 1- OOEEEEEEEEEEERREROOO00000
% | I D N N D R R D DN RN DU D BN DR DU AN RN DU D RN DN N BN B | | I D D D D R D DU N DU DU R REE DR DU AN DN DR DN DN DN DN BN B |
(8) 0 6 12 18 24 0 6 12 18 24
>
5 Intracellular Intracell Granuloma
rs) 92% 62%
o 4-00 0000000000004 4 - oooo OO0O00000000004o
Q 3-0J0NEEEEEEEEN 00000000 3- OO0 T EEEEEER DOOooooooooooa
§ 2- 00NEEEEEEEEEEEEEE 0000 2- dO0EEEEEEEEE o o
Z

1- 00SSEEEEEEEEEEEEEEEE O1- OO0 EEEEEEEEEEREENNOOOOOOOO

0 6 12 18 24 0 6 12 18 24
Time after dose (hrs)

Fig 11. Number of drugs above MIC by compartment. Number of drugs above MIC at steady state of standard therapy drugs at steady state over a 24h dosing interval
for 5000 simulated patients. Each colored block represents one hour that a drug is above its MIC. The drugs are stacked for each hour with different colors representing
different drugs. Empty squares show no drug on board. The percentage of drug onboard hours vs expected drug hours is shown above each plot to compare total
compartment exposure in a 24h period.

https://doi.org/10.1371/journal.pchi.1008107.9011

Optimizing standard therapy

Our simulations on standard therapy showed that the current standard therapy is well opti-
mized. Number of patients cured might not benefit from dose changes as the increase in popu-
lation cured was slight when compared to standard therapy. Decreasing therapy duration
results in a loss of 15% patients cured and increased therapy is able to kill all. This aligns with
recent work that some patients may benefit from longer duration of treatment and others
could be cured after 4 months, based on disease severity. The tool could further help regimen
development by better optimizing intensive and continuation phase drug selection and dura-
tions of these phases. Toxicity would have to be carefully considered however and this is not
taken to account in the model. Future optimization of the tool could include toxicity thresh-
olds to provide safer and effective regimens by allowing more exploration of the therapeutic
margins of these drugs.

While we found the quantitative systems pharmacology methodology appropriate for our
objectives, alternative modeling methods investigating drug regimens have shown new ways to
explore multi-drug therapies [40]. A model-based adaptive optimal design could navigate the
risk-benefit space and provide optimized regimens more accurately than adding toxicity
thresholds to our existing model.

Our model does not stratify patients based on their disease severity but does allow for vari-
ance of disease development. In future it could be interesting to see patients stratified by their
risk groups and cater regimen selection to at risk groups, rather than a one-size-fits all
approach.
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The best change in outcomes was seen with earlier start of treatment. This suggests that
though dose and duration changes of standard therapy might be slight, we can hope to see real
therapy improvements with improved biomarker detection and more advanced screening of
patients.

Patient considerations

Patient adherence is a known barrier to successful outcomes [1]. In recent clinical trials
patients that had 80% or more doses taken were still considered adherent and included in the
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final analysis [2,3]. We included random selection of doses taken in our model to simulate out-
comes based on missing 20% of doses. We also investigated missing more doses in either the
intensive or continuation phases of treatment to assess if an earlier or late drop in adherence
has worse outcomes. Finally we used real world Medication Event Monitoring System
(MEMS) data [41], to simulate observed patterns of missed doses and found that it followed a
similar trend to our simulations of missing majority of doses in the continuation phase. For an
earlier drop in adherence outcomes were much worse (86.0%). Missing doses closer together
results in more patients failing treatment. This is often the case as treatment can be stopped
and started depending on a clinician’s intervention due to side effect, illness or a patient’s
access to care etc. Finding regimens that are more forgiving to these real world scenarios
should be a priority.

Many patients with tuberculosis have reduced immune systems. This can be due to factors
such as HIV or their disease severity. With this in mind we simulated a range of decreased
immune system functions (25-75%). We found that in our model, drug treatment is able to
treat a large number of patients successfully, however 6 months after treatment many patients
start to relapse as their lowered immune systems is not able to fight off latent bacterial infec-
tion. These simulations suggest that patients with a lowered immune system may appear cured
but are at higher risk of relapse after treatment.

Important pharmacokinetic and pharmacodynamic model considerations

The assumed plasma clearance rate is a key factor in the concentration profile generated. It is
common to find relatively large inter-person variations in drug metabolism and resulting
plasma clearance rate. Model parameters were based on published experimental data of rifam-
pin, isoniazid, pyrazinamide, and ethambutol. The clearance rate of these drugs was assumed
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to be independent of each other and of other drugs. Rifampin use can result in cytochrome
P450 (CYP)-mediated drug-drug interactions with a wide set of drugs-in particular those
metabolized by CYP2B6, CYP3A4/5, and CYP2A6. One common drug combination is the use
of efavirenz, as part of HIV therapy, at the same time as rifampin for TB. This combination
may increase the plasma clearance rate of rifampin by 15 to 35 percent [42]. Numerous other
patient factors, such as renal and hepatic function, can affect the rate of metabolism and clear-
ance of TB drugs. Further investigations of the impact of differences in TB drug net clearance
among patients is warranted.

PK/PD dynamics were simplified and described minimal drug interaction effects. PK/PD
interactions were only considered as related to drug concentration at the site of infection, where
one drug might affect more efficacy in one area than another and therefore together increase or
decrease each other’s efficacy. Simulations to show this effect are shown in S4 Fig, where the
immune system response is responsible for killing in the extracellular space until drug is onboard.
This simplified approach should be improved with the use of combination drug models that take
into account the antagonistic or synergistic effects seen with multi-drug therapy. From drug treat-
ment start RIF and INH have the largest kill on bacteria kill and fluctuate based on their respective
penetration and therefore concentration is each compartment. PZA and EMB have minimal
effect the first 60 days that they are onboard compared to RIF and INH.

We used a mechanistic bacteriostatic and bactericidal component in our model to mimic
antibiotic classification where drugs can either inhibit the growth of bacteria, or increase their
kill rate. Though the ECs, of bacteriostatic effects are much lower than bactericidal ECsy’s and
their contribution could seem minimal, our sensitivity analysis showed otherwise. Though the
static influence is slight when concentrations fall below bactericidal but stay above static con-
centrations, growth inhibition still provides an effect. This is important in granuloma lesions
where drug concentration can be limited, and a smaller effect is observed.

Bacterial resistance considerations

The simulation model incorporated a basic representation of bacterial resistance with muta-
tion rate parameters based on data from published in-vitro experiments. Naturally, many dif-
ferent types of mutations and other metabolic adaptations may occur. Bacterial mutations may
also result in increased or reduced overall fitness, thus affecting rate of immune system killing
of resistant bacteria strains. The mutation rate for isoniazid is an order of magnitude greater
than for rifampin.

We investigated coverage of our multidrug therapies in intracellular and extracellular gran-
ulomas. We observed long periods of monotherapy (8 hours plus) and drug coverage in extra-
cellular granulomas were estimated as 49%. Within this site of infection there was also no
observed rifampin concentration greater than MIC, showing an area where resistance can
therefor occur quickly. Some studies indicate bacteria which develop isoniazid resistance may
have an increased probability of also achieving rifampin resistance, with a rate of 10-5 h™'[43].
We performed additional simulations looking at already INH resistant bacteria and the rate of
then acquiring RIF resistance. Under full adherence conditions a patient is able to complete
treatment without acquiring INH or multi-drug resistance. However in our simulations, when
adherence falls to 60% a patient may develop multidrug resistant strains before the end of their
treatment that will continue to grow and be selected for, S5 Fig.

Model assumptions and suggested improvements

To implement the model, key assumptions often including simplification of the interplay
between bacteria, host and drug were necessary. The model in its current phase of
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development does not include intracellular specific dynamics, which is an important consider-
ation for bacterial growth and drug effects for total treatment duration as continuing research
shows that drug MBCy, values are higher in some lesions compared to other and an shift in
ECs, could be expected due to environment [44]. Similarly, the resistance model was narrowed
down to mono-resistant strains and would greatly benefit from inclusion of mutation between
different resistant strains to better understand the progression of multi-drug resistance and
importantly how to optimize treatments to prevent this.

Though therapy outcomes included latent tuberculosis this was not related to dormant bacte-
ria and there is no inclusion of slow replicating/dormant bacteria versus fast replicating bacteria.
Therefore, the drug dynamics on these different states of bacterial growth are not captured,
including a mechanistic approach to describing the reduction in killing rate which in our model
is estimated from raw data for specific time ranges. This decline may be due to several reasons,
including growth of resistant sub-populations of bacteria, reduction in absolute remaining num-
ber of bacteria, and incomplete mixing of active drugs and bacteria thus limiting its therapeutic
effect. In addition to these cellular considerations, our model also did not take into account actual
tissue mass, protein binding or physical lesion size and distance from vascularity. A physiological
based pharmacokinetic (PBPK) approach could offer insight into these mechanisms, for e.g.
Edginton and colleagues were able to build a whole-body PBPK model that described penetration
of moxifloxacin into macrophages using colorectal biopsies [45].

The model was limited to HRZE to first assess its outcomes to clinical literature, but new
drugs and drug therapies should be added to keep the model up to date with future regimens.
Only acetylator status was added as a categorical covariate, but the population PK models used
had additional covariates on sex, HIV status to name a few that could be incorporated in the
pharmacokinetic models to look at individuals at risk of low exposure and poor outcomes.

Finally, the model was parameterized based on a wide array of available literature and
would benefit from further experiments that may be able to refine or validate parameter values
used and consolidate the model complexity with similar sources. The advantage of this systems
model approach is that the experiments could be diverse including mouse, in-vitro hollow
fiber system experiments, physiologically-based pharmacokinetic results and or ongoing clini-
cal trial data to clarify and update parameters and build on the structural model. Additionally
a limitation of our model is the fairly complex parameter space with low certainty about the
variance-covariance structure, which is inherent when applying parametric distributions.
Access to reliable parameter correlations and potentially nonparametric distributions would
improve the performance of the model.

Clinical relevance and applications

Numerous large-scale clinical trials are under way to evaluate new drugs and drug therapy
combinations to treat pulmonary TB infection [46-48]. The simulation model presented in
this study could be used to help focus such clinical trial investments on those new drug combi-
nations predicted to offer greatest likelihood of having performance that is better than existing
standard TB therapy. The model has the great advantage of focusing limited resources and
speeding up the trial planning process. By fine-tuning drug dosing parameters and adapting
drug therapy to additional patient populations, models like these can help predict study suc-
cess and eliminate insufficient studies.

Materials and methods

The model building process did not include studies with human participants, animals or field
work performed by any of the authors and did not require ethics approval.
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Bacterial infection and growth

Pulmonary infection is assumed to be transmitted through aerosolized droplets containing M.
tuberculosis bacteria. Once in the lung, characterized by our model as extracellular space, bac-
teria penetrate into alveolar macrophages, where they proceed to grow according to rates char-
acteristic for pulmonary tuberculosis. In line with the originally validated model from Marino
et al., 2004 uncontrolled infection with M. tuberculosis eventually results in sustained high bac-
terial density, both outside and inside of macrophages, often reaching maximum levels of 10”
to 10° CFU/mL in the lung compartments, after 100 to 200 days from initial infection. Sus-
tained infection may trigger a complex host immune-bacteria reaction leading to formation of
encapsulation of infected tissues. The inflamed tissue forms nodules, and may grow to become
larger granulatomous lesions. Here the immune system is actively sequestering the infection
into lesions to help prevent further spread of bacteria. If no immune system was on board the
infection would grow further without stopping, S6 Fig. A major contribution of the immune
effect in our model is to simulate the environment of lung lesions and provide the necessary
barrier to drug diffusion that we expect from macrophages and other immune cells. The
lesions can be considered a distinct compartment, and may contain substantial concentrations
of bacteria. The integrated disease model and immune model compartments are illustrated in
Fig 14 [30].
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Fig 14. Overview of disease model. Description of key aspects of the disease model. Bacterial infection occurs by aerosolized
bacteria reaching the lungs. The bacteria remain in lung tissue, and may be absorbed into macrophages. With long-standing disease
granulomatous lesions may form, which in-part may work to contain the bacteria, but also may limit effectiveness of drug therapy
and thus form a partial reservoir of bacteria. Bacterial growth, killing, mutation, and drug effects are present for each model
compartment. Dotted lines represent movement of immune cells and solid lines represent movement of bacteria.

https://doi.org/10.1371/journal.pchi.1008107.g014
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Net bacterial growth was defined as the sum of inherent bacterial growth and death rates,
adjusted for effects from pharmacodynamics, immune system, and bacterial mutation. The
general form of growth of bacteria population B; was described by Eq (1),

%:Bi* (&' *fi+ G, + K, +d,) + AB" + AB™ (1)
where g/ was maximum hourly growth rate (h™), fi was relative fitness level {0. . .1}, G; was natu-
ral bacterial growth adjusted for drug bacteriostatic effects, and K; is the drug bactericidal effect,
AB!™ was the immune system effect, and d; was the natural death rate of bacteria population i.
The term AB™ represented the effect due to mutation from wild-type to mono-resistant strains.
Additionally, for bacteria inside macrophages, net growth rate was limited by maximum bacteria
capacity inside a macrophage, per immune system model by Marino & Kirschner [30]. The
growth limitating factor applied to bacteria inside macrophages was described by Eq (2),

Bm
T — @)
By + (NM))
where B; was the number of bacteria inside macrophages, N was the maximum number of bacte-
ria inside macrophages, M was the number of infected macrophages, and m a constant.

Immune system response

The immune system model portion was based on an approach developed and validated by
Marino & Kirschner, originating from an extensive line of work by the Kirschner group. The
immune system was defined by a system of differential equations, representing different constitu-
ent cell types—macrophages, cytokines, T cells, and dendritic cells—driving cell-mediated immune
system response to bacteria in pulmonary TB infection. The immune system model incorporated
dynamics of intra- vs. extracellular bacteria, cytokine signaling, and T-cell response in lung and
lymph node. The original immune system models were extended to support multiple mutated
bacterial strains, and additional compartments to represent lung granuloma lesions [30]. Typical
values for the immune system and bacterial model parameters were based on data provided,
except as described in Table T1, in the S1 Text that contains all immune system components.
Patient-specific parameter values were generated using inter-individual variance, as well as sto-
chastic errors applied at each time step. Initial values for model variables were based on [30,49]
for TB infection, as summarized in Table T2, in SI Text. This allowed simulated patients to have
an active case of TB infection at the start of treatment.

Patient drug therapy adherence

High patient adherence status is critical to achieve effective outcome of long-term TB therapy.
In the simulation model, patient-level adherence is determined at daily level based on an inte-
grated adherence probability module. The adherence module generates single- or multi-day
non-adherence events using a normal distribution, or a discrete probability distribution I'(p,d)
for probability p of non-adherence event of length d days, and where each patient has a unique
long-term adherence profile. Note: for validation of the standard TB therapy simulation
model, patient drug therapy adherence was set to 1.

Pharmacokinetics model

A population pharmacokinetic simulation model including rifampin, isoniazid, pyrazinamide,
and ethambutol was developed and configured with previously validated parameters and
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Table 2. Pharmacokinetics core model parameter values.

Drug

Rifampin [14]
Isoniazid [19]

Pyrazinamide
[50]

Ethambutol [51]

D

1.81 (48%)
2.21 (76%)

3.42 (62%)

Absorption rate, Ka (h™ | Clearance rate, CL/F (L/ | Apparent vol. Elimination rate, Ke (h™ | Other factors
h) of distribution V/F | )
(L)
8.1 (37%) 49.6 (24%) 0.18 (34%) Auto-induction factor 2.02, over 17 days
17.8 (20%) 75.0 (17%) 0.22 (18%) Clearance rate multiplier for “fast
acetylators” 2.50
4.3 (16%) 39.4 (9%) 0.104 (23%)
61.1 (24%) 230 (33%) 0.129 (30%)

0.57 (28%)

Note: value in parenthesis is %CV due to inter-individual variability.

https://doi.org/10.1371/journal.pcbi.1008107.t1002

published model structures and parameters. These parameter values were based on data from
published research studies with references shown with final pharmacokinetic parameters in
Table 2 and a bibliography of parameters and models with their respective reference can be
found in S3 Text.

Drug concentration in plasma and extracellular alveolar fluid was based on a one-compart-
ment model, with first order absorption and linear elimination. Drug concentration inside
macrophages and inside granuloma were modeled as separate effect compartments, with fac-
tors for attenuation, accumulation, and time delay in concentration relative to plasma. In this
simulation, granuloma was modeled as a single virtual compartment, thus representing a com-
posite of various such lesions in the lung, likely to vary greatly in size, caseation, fibrosis, and
vascular access. The overall pharmacokinetic model is depicted in Fig 1. The effect compart-
ment parameters were assumed to be independent of drug concentration, and fixed over time.
Auto-induction effects on clearance were added where applicable. Auto-induction effects were
simplified to prorated based on actual number of days of drug administration during preced-
ing period for e.g. rifampin applied an auto-induction multiplier of 2.02 after 17 days to sim-
plify the model structure and resulting computation time. Parameter values for individual
patients were simulated based on defined typical values and applying inter-individual variance,
as well as stochastic errors for each time increment.

Rifampin. Rifampin will enter TB cell cytoplasm and is believed to interfere with bacterial
DNA replication. Concentration of rifampin inside macrophages (“intracellular”) is believed to
be higher than outside macrophages (“extracellular”), and may have a residual concentration
profile creating an extended antibiotic effect [12]. The precise intracellular concentration dynam-
ics is not fully understood, and likely is affected by changes in resistance and metabolic state of
bacteria. Earlier published simulation of intracellular rifampin concentration was done using a
3-compartment pharmacokinetic model [49,52]. For this study, effect compartment parameters
were set so intracellular rifampin concentration was at three to four times extracellular concentra-
tion. Intracellular rifampin concentration was set to decay at lower rate vs. in the extracellular
space. Auto-induction was modeled with a steady-state multiplier of approximately two times
vs. base line, increasing linearly over 17 days, thus resulting in twice the rate of elimination
[14,53].

Isoniazid. For the isoniazid pharmacokinetic model, the patient population was divided
into two categories based on rate of drug metabolism—so called fast vs. slow acetylators. Fast
acetylators are estimated to have approximately twice the clearance rate of slow acetylators.
The proportion of fast vs. slow acetylators varies for different ethnic and geographic popula-
tions [19,50,54]. For the base simulation, it was estimated fast acetylators represented approxi-
mately half of the total patient population (48%) [55].
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Pyrazinamide. The pyrazinamide effect compartment parameters assumed relatively sim-
ilar drug concentration for intra- and extracellular compartments [56]. No auto-induction
effects were assumed for pyrazinamide.

Ethambutol. Ethambutol is assumed to reach similar concentration outside vs. inside of
macrophages. It has been suggested ethambutol may have synergistic effect with rifampin and
isoniazid, due to the ability of ethambutol to reduce integrity of the bacterial cell wall to allow
increased concentration of other drugs to enter the bacteria [57]. The current simulation
model did not include any drug-drug synergy effects.

Mathematical model for pharmacokinetics. Plasma drug concentration C(¢) for drug »n
is derived by calculating the quantity of drug in plasma A(f) following the drug dosing sched-
ule D(t), with adherence a(t) per patient. The model is based on a single-compartment system
with first-order absorption and elimination, based on Egs (3) and (4).

dA

= kox D(t) xa(t) = k(1) x A(1) (3)
dD
= —k,* D() * a(t) (4)

where A(#)>0 and D(¢)>0, and a(t) was {0..1}. Parameter k, was the rate of oral absorption of
drug n, k(1) is derived by total clearance (CL/F) divided by apparent volume of distribution
(VIF) for drug n; and A(0) and D(0) were set to 0. Patient adherence a(?) is defined at daily
level and applied equally for all drugs on that day. The concentration C(t) is calculated inde-
pendently for each drug, and derived as A(t) divided by V/F. The coefficient of elimination
k.(t) for any drug n includes factors for auto-induction and acetylation rate per patient, as
shown in Eq (5). Increased clearance rate due to auto-induction is approximated with a linear
function from k" at day 0 to steady-state k7, reached after t™** days.

ko (8) = k™ (14 (R /0 = 1) s /0 (5)

for ty<t<d, and k,(t) = k">, when t>t""*, and prorated for actual number of days of drug
administration during the preceding time period to account for a lack of adherence if included.
This auto-induction effect takes place relatively quickly within the context of total treatment
days. The mathematical structure differed from the original semi-mechanistic model proposed
by Smythe et al 2012 [14], but the improved computation speeds and similar PK output simu-
lations were found suitable account for thesel7 days.

Concentration of drug and active metabolites in the intracellular compartment, is modeled
using an effect compartment model which describes a time delay in drug transfer between
extra and intra cellular space. This process is described both in lung and lesion compartments,
Fig 15. The parameters describing uptake into intracellular space were determined from mac-
rophage uptake studies, see S3 Text. We simulated drug distribution from the plasma directly
to macrophages and lesions due the experiments used to estimate the parameters and therefore
equalize our “lung” to the plasma to allow correct drug levels in the highest bacterial burden
compartments of interest. From the lung compartment drug can move into macrophages and
is defined as intracellular concentration, or into granuloma lesions and defined as extracellular
granuloma concentration. From the extracellular granuloma space, drug can distribute into
macrophages inside granulomas and are then defined as intracellular granuloma concentra-
tion. The absolute quantity of drug in these compartment types is assumed to be several orders
of magnitude lower than in plasma, therefore having minimal effect on the plasma compart-
ment concentrations. Effect compartment factors are assumed to be independent of plasma
and compartment drug concentration, and fixed over time. The effect compartment dynamic

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008107  August 18, 2020 25/36


https://doi.org/10.1371/journal.pcbi.1008107

PLOS COMPUTATIONAL BIOLOGY

Mathematical model and tool to explore shorter multi-drug therapy options for tuberculosis

N

7 N
/ \
| growth growth |
| Mono-drug |
| resistance |
compart- |1 5 (each drug) -~ |
ments l k &K, |
' Wild-type Resistant |
' ‘bacteria bacteria '
Drug PK |
profile | Killing |
Immune I - drug PK |
system - Immune !
N\ Ve
e _

Elimination

Fig 15. Overview of pharmacokinetic model. Description of the integrated pharmacokinetic (PK) model. Drug
concentration in plasma and extracellular alveolar fluid was based on a one-compartment model, with first order
absorption and linear elimination. Drug concentration inside macrophages and inside granuloma were modeled as
separate effect compartments.

https://doi.org/10.1371/journal.pchi.1008107.g015

is described by Eq (6).

dc,
dt = meq * keAq(Cp - Ce) (6)

where C, is concentration in plasma, C, is concentration in effect compartment, m,, is concen-
tration multiplication factor for effect compartment, and kﬁl is the equalization constant, qu =
k. when C, is increasing, and k,, = k. when C, is declining to account for drug entering and
exiting the compartment. Larger values for k., will result in faster equalization of concentra-
tion ratios between compartments. Selected values for effect compartment parameters are
summarized in Table 3 and their bibliography of sources can be found in S3 Text in the phar-
macokinetic section of each drug.

Table 3. Pharmacokinetics effect compartment parameter values.

Rifampin 3.7
Isoniazid 0.95
Pyrazinamide | 0.83

Ethambutol | 1.5

Drug Intracellular (macrophage) multiplier, m,, | Intracellular time constant (b, qu Granuloma multiplier, m,, | Granuloma time constants (h™), qu
In: 0.1 0.15 In: 5.0
Out: 1.0 Out: 5.0
In: 0.1 0.28 In: 0.1
Out: 0.9 Out: 1.0
In: 0.1 1.25 In: 0.1
Out: 0.9 Out: 1.0
In: 0.1 0.45 In: 0.1
Out: 0.9 Out: 1.1

https://doi.org/10.1371/journal.pchi.1008107.t003
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Table 4. Pharmacodynamics model parameter values.

Drug Bacteriostatic effect Bactericidal effect

ECs (mg/L) Hill factor ECs (mg/L) Hill factor
Rifampin 1.5 0.36 5.0 0.79
Isoniazid 0.1 1.05 0.4 1.05
Pyrazinamide 50.0 1.21 100.0 1.21
Ethambutol 1.0 1.0 4.0 1.0

https://doi.org/10.1371/journal.pcbi.1008107.t004

Pharmacodynamics

Bacterial survival and growth is influenced by bacteriostatic and bactericidal effects from all
drugs acting on any given bacteria population in each specific compartment. The effects of
bacterial mutation and development of resistance are detailed in its relevant section. Using
principles defined by Gumbo et la., 2004, drug concentration for each drug n, per compart-
ment, may have both bactericidal K; and bacteriostatic G; effects on each bacteria population i
[58]. The total pharmacodynamic effects of each drug are calculated based on the actual drug
concentration at any given point in time, relative to the ECs, level, and integrating over time.
The parameter ECs, represents the concentration where 50 percent of a bacteria population is
affected. The simulation model incorporates two ECs, values per drug, one for bactericidal
effect, and one for bacteriostatic effect. The same ECs5, value is applied for both intra- and
extracellular bacteria, and the parameter is assumed to remain fixed over time. The ECs,
parameter values are based on research studies using the Hollow Fiber Model [57-60], as sum-
marized in Table 4, bibliography of sources for these parameters can be found in S3 Text. The
combined growth dynamics of each bacteria population within each model compartment is
illustrated in Fig 16 and effect compartment parameters are summarized in Table 5.

N
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|
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Fig 16. Overview of pharmacodynamic model. Description of the integrated pharmacodynamic (PD) model for each
compartment of the simulation model, incorporating bacterial growth, death, exchange with other compartments,
bacterial drug resistance, and killing by immune system effects and active drug concentrations.

https://doi.org/10.1371/journal.pcbi.1008107.9016
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Table 5. Effect compartment parameter values.

Granuloma (k,4) Macrophage (k3, kys)
Drug T, (h) T,/ (h) Rise factor Decay factor
Rifampin 5 5 1.0 0.3
Isoniazid 0.1 1.1 1.0 0.9
Pyrazinamide 0.1 1.1 1.0 0.9
Ethambutol 0.1 1.1 1.0 0.9

* Decay factor defines decay characteristics for drug concentration elimination from macrophages, where a value 0.0
is no decline, and value 1.0 is immediate decline due to falling concentration outside of macrophage. The rise factor
is set to 1.0 for all drugs, reflecting immediate uptake of increased drug concentration from outside to inside of
macrophages.

https://doi.org/10.1371/journal.pchi.1008107.t005

Bactericidal effects. Total bactericidal effect on bacteria population i was described by Eq

(7)’

max 1
K = Zk t) * p,.( >—+ o) (7)

for all drugs n{1..N} acting on bacteria population i, where N was the number of drugs, k' (t)
was maximum kill rate, for drug n on population i at time ¢. Max kill rate may vary per time
period after therapy start, i.e., day 0-2, 3-14, and 15+. The maximum kill rate is defined as
greatest bacterial killing possible to achieve at very high drug concentrations. The parameter is
expressed in unit of k™" used in the standard expression for bacterial growth and killing, dB/dt
= (¢-K;)*B(t), where B(t) is the bacterial population at time ¢ in hours, and K; is hourly kill
rate, and g represents growth rate factors as described further below. Research studies often
report maximum bacterial kill rate in terms of log;, kill per day. The log;, kill per day, (Enax)
logy0, can be transformed to hourly kill rate, Kj, using the expression K; = (E,,,,)l0810"1n(10)/
24. The parameter p,, ;(t) has values {0. . .1} to incorporate effectiveness of killing by drug n
given current growth rate of bacteria population i at time ¢, as some drugs are thought to have
higher or lower ability to kill slow-growing, aka "persisting,” bacteria." The factor o is the Hill
coefficient of sigmoidicity for bacterial killing of drug #, and C’** is the median effect concen-
tration for bacterial killing for drug » and finally C,, is the concentration of drug,, as described
by our longitudinal PK model. Bacterial killing is assumed to occur independently by each
drug, and total bactericidal effect on a bacteria population was additive.

Bacteriostatic effects. Total bacteriostatic effect on bacteria population i is described by

Eq (8),
G, = H(l—l ) (8)

c*/c,)"

for all drugs n{1..N} acting on bacteria population i, where N was number of drugs, o2 is the
Hill coefficient of sigmoidicity for bacterial growth inhibition of drug », and C> is the median
effect concentration for bacterial growth inhibition by drug n and C,, is the concentration of
drug,, as described by our longitudinal PK model. Bacterial growth inhibition is assumed to
occur incrementally among drugs, and total bacteriostatic effect is calculated additively across
all active drugs.

Bacterial kill rates. The bacterial kill rate for each drug depends on numerous factors,
including intra- and extracellular drug concentrations, drug therapy duration, bacterial growth
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Table 6. Effective bacterial kill rates for tuberculosis drugs (outside/inside macrophages).

Drug Kill rate Kill rate Kill rate

day 0-2 (h™) day 3-14 (h™) day 15+ (h™")
Rifampin 0.5/0.5 0.4/04 0.4/04
Isoniazid 0.4 /0.05 0.2/0.02 0.1/0.01
Pyrazinamide 0.0/0.0 0.02/0.04 0.02/0.04
Ethambutol 0.05/0.05 0.04 / 0.04 0.03/0.03

Note: the above parameter for “kill rate per hour,” is different from the “A Log CFU/mL per day” kill rate metric

sometimes reported in experimental studies.

https://doi.org/10.1371/journal.pcbi.1008107.t006

characteristics, bacterial resistance development, and local microenvironment characteristics
such as pH. Many in-vitro studies have reported “net kill rates” of commonly used TB drugs
decline over time, see S3 Text. The decline in drug effectiveness over time is modeled with
time-dependent effective bacterial “kill rates”; with time structured into three periods: day 0-2,
day 3-14, and day 15+, measured from day of therapy start. Maximum effective bacterial kill
rates are estimated based on data from published research reports: for rifampin [36,49,57,60-
64]; for isoniazid [57,62,65]; for pyrazinamide [50,56,62,65,66], and for ethambutol
[25,35,57,67], as summarized in Table 6.

Bacterial drug resistance. Bacterial drug resistance may develop during tuberculosis
treatment with antibacterial agents, in particular following plasma drug concentrations at sub-
therapeutic levels. The pharmacodynamic and immune system models were extended to
incorporate bacterial mono-resistance to each individual drug, and bacterial exchange of resis-
tant bacteria between intra- and extra- macrophage compartments. The probability of multi-
resistant mutations typically is several orders of magnitude lower-as long as the patient popu-
lation does not have pre-existring resistance to drugs used.

Development of bacterial drug resistance is modeled using distinct sub populations, i.e.,
four mono drug-resistant bacteria strains for each compartment. Resistance to specific drugs
occurs naturally, and resistant strains are selected for when drug monotherapy occurs increas-
ing overall resistance in that population. To model this we include a natural resistant rate due
to random mutation from wild-type to become drug-resistant, per Eq (9) and a drug pressure
rate that increases the number of resistant bacteria when drug is on board.

dB
AB:W = Bw * dfw * rw,i (9)

dB,,
dt

mutation rate of wild type bacteria to the drug resistant bacteria population i, in h™, and where
AB™ > 0. The number of mutated bacteria is derived based on the base growth rate of wild-

where the factor B,, * =* is net growth of wild-type bacteria in the same compartment, r,,; is

type bacteria before subtracting bactericidal effects of drugs and immune system, and natural
death rate. The net growth of wild-type bacteria thereafter is reduced accordingly. The initial
population of resistant extracellular bacteria is set as a very small ratio of the extracellular bac-
terial inoculate, e.g., (1-107°). Parameters values for mutation rate of wild-type to different
drug mono-resistant strains, ,,;, are based on data from published studies [43,68,69], as sum-
marized in Table 7.

Population modeling and patient outcomes

Patient individual values are generated for parameters in each sub model, including initial bacte-
rial infection, pharmacokinetic, pharmacodynamic, immune system, and bacterial drug resis-
tance. There are assumed to be no systematic changes in pharmacokinetic parameters during the
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Table 7. Resistant mutation rates.

Drug Natural rate of drug resistance (kn) | Mutation rate during drug therapy (per generation®) (kd)
Rifampin 1-107° 8.9-107°
Isoniazid 1107’ 2.2:107°
Pyrazinamide |1-107° 11107
Ethambutol | 1-10™° 5510°°

* Note: bacterial mutation rates per generation. Average replication time for M. tuberculosis assumed to be 24 hrs.
Hourly mutation rate is 1/24" of the per-generation mutation rate.

https://doi.org/10.1371/journal.pcbi.1008107.t007

treatment period, besides auto-induction effects. Patient variability for other parameters, such as
immune system effects and pharmacodynamics, are based on a log-normal distribution, unless
the referenced experiment stated otherwise. To replicate inter-occasional variability small random
error perturbations are applied to the pharmacokinetic parameters per time step of the simula-
tion, using a uniform distribution. This represents the real world scenario where a patient’s clear-
ance might be slightly different between doses [70]. Key inter-individual variability and time
error methods and parameter values are summarized in Table 8.

The simulation program is set up to monitor infection level per patient, per compartment,
at each time point during the simulation, and this is used to derive a disease status, defined as
either TB infection, Latent TB, or Cleared TB. A patient is considered to have a Cleared infec-
tion status if total bacterial load is measured to be below a certain threshold level, such as 1
CFU/mL. Rules for classification of different therapy outcomes are summarized in Table 1.
Relapse is defined as patients that have TB infection still present.

Patient therapy is considered successful when fotal bacterial concentration, i.e., wild type
and various resistant strains, present outside of granuloma is less than 1 on the last day of phar-
maceutical therapy and the patient infection set to 0. Simulation outcomes are found to be rel-
atively consistent across a range of values from 1 to 100 CFU/mL. Any residual concentration
of bacteria inside granuloma may be used to distinguish between a possible Latent TB infection
or Cleared TB, this aspect of the simulation model may be further explored in follow-on
research work.

Numerical methods and simulation calculation flow

Key steps in simulation calculation flow were as follows,

1. Initialize overall model and simulation parameters: drug PK/PD parameters, patient adher-
ence, drug therapy timing and dosing, immune system parameters, bacterial drug resistance
mutation rates, and simulation threshold levels and other configurations.

2. Generate effective dosing vectors per day for each drug and patient, based on selected drug
therapy schedule, and simulated adherence profile per patient.

3. Calculate pharmacokinetics using the Euler method, with 100 steps per time period (hour),
to create a vector of hourly concentration level, per drug and per compartment.

Table 8. Standard deviation of population patient parameter values.

Drug Ka Ke A% ECs
Rifampin 0.66 0.31 0.25 0.10
Isoniazid 0.58 0.20 0.11 0.10
Pyrazinamide 0.52 0.14 0.10 0.10
Ethambutol 0.27 0.08 0.40 0.10

https://doi.org/10.1371/journal.pcbi.1008107.t008
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4. Calculate immune system and pharmacodynamic effects at hourly level, using a fourth-
order Runge-Kutta approximation to solve system of differential equations, with strict non-
negative conditions for all bacteria populations, immune cell types, and cytokines.

5. Transform bacterial infection and immune system results from hourly to daily averages.

6. Censor very low infection levels, i.e., if sum of all bacteria per time period is less than 1
CFU/mL-then infection is considered eliminated.

7. Determine patient infection status and therapy outcome, per rules described above.

8. Repeat calculation steps (2) to (7) for each patient in a simulated population of N patients,
from time of initial infection for the duration of simulation (up to 1000 days).

9. Use bootstrap method to generate M populations of N patients each
10. Generate statistics for infection and outcome variables across M different populations

Numerical computations, including bootstrap processing, were implemented with a pro-
gram written in GNU C++ (64-bit), using OpenMP libraries to optimize multi-core calcula-
tions. Reporting and visualization of simulation results were performed using R. The
simulation model was tested using numerous different drug therapy and population scenarios,
with up to 10,000 patients and 1,000 days. Typical execution times, using a mid-sized Intel
quad-core computer running at 2.6 GHz, for a simulation involving 1000 patients, with 1000
bootstrap populations, over 500 days, with standard 4-drug TB therapy, bacterial drug resis-
tance, and granuloma dynamics, was approximately 60 seconds. The computer code used for
simulation and results visualization is available on https://github.com/saviclab/TBsim.

In addition to the core numerical tool, a wrapper package for R interfacing with the simula-
tion tool was also developed to facilitate easier customization of simulations and generation of
reports and plots. The R package is made available under an open source license at https://
github.com/saviclab/TBsim. In addition, a web application was developed that exposes the
functionality of the simulation tool in an easier-to-use user interface, based on the Shiny web
application framework. The tool is freely available for use at http://www.saviclab.org/systems-
tb/ and includes fast “Single Patient” simulations, either typical or randomly generated, a
“Population” panel that simulates relapse percentage in a population over time and finally a
“Drug” panel where new drugs can be entered and evaluated.

Supporting information

S1 Fig. Individual patient drug concentration profiles show large variations. Intracellular
concentration of rifampin for ten random patients during initial week of drug therapy. Grey
lines represent individual patients while the red line represents the median for this group.
Large variance is observed, for example, maximum concentration varies more than factor 2x
among these patients.

(TIF)

S$2 Fig. Summary drug concentration profiles per drug. Population average concentration of
each drug as calculated for extra- (blue) and intracellular (red) compartment, for initial two
weeks of drug therapy. This simulation assumes standard therapy and 100% patient adher-
ence.

(TIF)

S3 Fig. Sensitivity analysis of immune and initialization parameters. Parameters were
scaled by factor 0.1, 0.5, 2 and 10, and the final change in percentage of the population with TB
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(mean 5% under normal conditions) recorded to measure individual parameter impact on TB
outcome.
(TIF)

S4 Fig. Bacterial dynamics of simulated TB infection in different compartments.
(TIF)

S5 Fig. Progression of multi-drug resistance with different adherence settings in intracel-
lular granuloma.
(TIF)

S6 Fig. Bacterial dynamics of simulated TB infection with and without immune system on
board.
(TIF)

S1 Text. Immune System Components.
(PDF)

S2 Text. Clinical Trial Data.
(PDF)

$3 Text. Model parameters and sources.
(PDF)

Acknowledgments

We would like to thank Klaus Romero and Alexander Berg from the Critical Path to TB Drug
Regimens Initiative (CPTR) for their valuable discussion and support throughout this project.

Author Contributions

Formal analysis: John Fors, Natasha Strydom.

Funding acquisition: Radojka M. Savic.

Investigation: John Fors, Natasha Strydom.
Methodology: John Fors, William S. Fox, Ron J. Keizer, Radojka M. Savic.
Project administration: Radojka M. Savic.

Resources: William S. Fox, Ron J. Keizer.

Software: Natasha Strydom, William S. Fox, Ron J. Keizer.
Supervision: Radojka M. Savic.

Validation: John Fors.

Visualization: Natasha Strydom.

Writing - original draft: John Fors.

Writing - review & editing: Natasha Strydom, William S. Fox, Ron J. Keizer, Radojka M.
Savic.

References

1. Imperial MZ, Nahid P, Phillips PPJ, Davies GR, Fielding K, Hanna D, et al. A patient-level pooled analy-
sis of treatment-shortening regimens for drug-susceptible pulmonary tuberculosis. Nat Med. Nature
Publishing Group; 2018; 24: 1708—1715. https://doi.org/10.1038/s41591-018-0224-2 PMID: 30397355

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008107  August 18, 2020 32/36


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1008107.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1008107.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1008107.s006
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1008107.s007
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1008107.s008
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1008107.s009
https://doi.org/10.1038/s41591-018-0224-2
http://www.ncbi.nlm.nih.gov/pubmed/30397355
https://doi.org/10.1371/journal.pcbi.1008107

PLOS COMPUTATIONAL BIOLOGY Mathematical model and tool to explore shorter multi-drug therapy options for tuberculosis

2. Merle CS, Fielding K, Sow OB, Gninafon M, Lo MB, Mthiyane T, et al. A Four-Month Gatifloxacin-Con-
taining Regimen for Treating Tuberculosis. N Engl J Med. Massachusetts Medical Society; 2014; 371:
1588-1598. https://doi.org/10.1056/NEJMoa1315817 PMID: 25337748

3. Gillespie SH, Crook AM, McHugh TD, Mendel CM, Meredith SK, Murray SR, et al. Four-Month Moxiflox-
acin-Based Regimens for Drug-Sensitive Tuberculosis. N Engl J Med. Massachusetts Medical Society;
2014; 371: 1577—-1587. https://doi.org/10.1056/NEJMoa1407426 PMID: 25196020

4. Jindani A, Harrison TS, Nunn AJ, Phillips PPJ, Churchyard GJ, Charalambous S, et al. High-Dose Rifa-
pentine with Moxifloxacin for Pulmonary Tuberculosis. N Engl J Med. Massachusetts Medical Society;
2014; 371: 1599-1608. https://doi.org/10.1056/NEJMoa1314210 PMID: 25337749

5. Gammack D, Doering CR, Kirschner DE. Macrophage response to Mycobacterium tuberculosis infec-
tion. J Math Biol. 2004; 48: 218-242. https://doi.org/10.1007/s00285-003-0232-8 PMID: 14745511

6. Marino S, Pawar S, Fuller CL, Reinhart TA, Flynn JL, Kirschner DE. Dendritic Cell Trafficking and Anti-
gen Presentation in the Human Immune Response to Mycobacterium tuberculosis. J Immunol. The
American Association of Immunologists; 2004; 173: 494-506. https://doi.org/10.4049/jimmunol.173.1.
494 PMID: 15210810

7. Gammack D, Ganguli S, Marino S, Segovia-Juarez J, Kirschner DE. Understanding the immune
response in tuberculosis using different mathematical models and biological scales. Multiscale Model
Simul. 2005; 3: 312-345. hitps://doi.org/10.1137/040603127

8. Goutelle S, Bourguignon L, Jelliffe RW, Conte JE, Maire P. Mathematical modeling of pulmonary tuber-
culosis therapy: Insights from a prototype model with rifampin. J Theor Biol. 2011; 282: 80-92. https://
doi.org/10.1016/}.jtbi.2011.05.013 PMID: 21605569

9. Hoff DR, Ryan GJ, Driver ER, Ssemakulu CC, de Groote MA, Basaraba RJ, et al. Location of intra- and
extracellular M. tuberculosis populations in lungs of mice and guinea pigs during disease progression
and after drug treatment. PLoS One. 2011; 6. https://doi.org/10.1371/journal.pone.0017550 PMID:
21445321

10. World Health Organization (WHO). Treatment of tuberculosis: guidelines. 4th Edition. 2010. p. 160.
https://doi.org/10.1164/rccm.201012-19490C PMID: 21330452

11.  CalvoriC, Frontali L, Leoni L, Tecce G. Effect of rifamycin on protein synthesis [28]. Nature. Nature Pub-
lishing Group; 1965. pp. 417—418. https://doi.org/10.1038/207417a0 PMID: 4957347

12. Carryn S, Chanteux H, Seral C, Mingeot-Leclercq MP, Van Bambeke F, Tulkens PM. Intracellular phar-
macodynamics of antibiotics. Infectious Disease Clinics of North America. 2003. pp. 615-634. https:/
doi.org/10.1016/s0891-5520(03)00066-7 PMID: 14711080

13. Boman G, Ringberger VA. Binding of rifampicin by human plasma proteins. Eur J Clin Pharmacol.
Springer-Verlag; 1974; 7: 369-373. https://doi.org/10.1007/BF00558209 PMID: 4138537

14. Smythe W, Khandelwal A, Merle C, Rustomjee R, Gninafon M, Lo MB, et al. A semimechanistic phar-
macokinetic-enzyme turnover model for rifampin autoinduction in adult tuberculosis patients. Antimicrob
Agents Chemother. American Society for Microbiology (ASM); 2012; 56: 2091-2098. https://doi.org/10.
1128/AAC.05792-11 PMID: 22252827

15.  Wilkins JJ, Savic RM, Karlsson MO, Langdon G, Mcllleron H, Pillai G, et al. Population pharmacokinet-
ics of rifampin in pulmonary tuberculosis patients, including a semimechanistic model to describe vari-
able absorption. Antimicrob Agents Chemother. American Society for Microbiology (ASM); 2008; 52:
2138-2148. https://doi.org/10.1128/AAC.00461-07 PMID: 18391026

16. ZhangY, Heym B, Allen B, Young D, Cole S. The catalase—Peroxidase gene and isoniazid resistance
of Mycobacterium tuberculosis. Nature. 1992; 358: 591-593. https://doi.org/10.1038/358591a0 PMID:
1501713

17.  Wallis RS, Phillips M, Johnson JL, Teixeira L, Rocha LM, Maciel E, et al. Inhibition of isoniazid-induced
expression of Mycobacterium tuberculosis antigen 85 in sputum: potential surrogate marker in tubercu-
losis chemotherapy trials. Antimicrob Agents Chemother. American Society for Microbiology; 2001; 45:
1302—4. https://doi.org/10.1128/AAC.45.4.1302-1304.2001 PMID: 11257053

18. Jayaram R, Shandil RK, Gaonkar S, Kaur P, Suresh BL, Mahesh BN, et al. Isoniazid pharmacokinetics-
pharmacodynamics in an aerosol infection model of tuberculosis. Antimicrob Agents Chemother. 2004;
48: 2951-2957. https://doi.org/10.1128/AAC.48.8.2951-2957.2004 PMID: 15273105

19.  Wilkins JJ, Langdon G, Mcilleron H, Pillai G, Smith PJ, Simonsson USH. Variability in the population
pharmacokinetics of isoniazid in South African tuberculosis patients. Br J Clin Pharmacol. 2011; 72: 51—
62. https://doi.org/10.1111/j.1365-2125.2011.03940.x PMID: 21320152

20. Zhang, Mitchison D. The curious characteristics of pyrazinamide: A review. International Journal
of Tuberculosis and Lung Disease. 2003. pp. 6-21. https://doi.org/10.5588/ijtld.16.0360 PMID:
12701830

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008107  August 18, 2020 33/36


https://doi.org/10.1056/NEJMoa1315817
http://www.ncbi.nlm.nih.gov/pubmed/25337748
https://doi.org/10.1056/NEJMoa1407426
http://www.ncbi.nlm.nih.gov/pubmed/25196020
https://doi.org/10.1056/NEJMoa1314210
http://www.ncbi.nlm.nih.gov/pubmed/25337749
https://doi.org/10.1007/s00285-003-0232-8
http://www.ncbi.nlm.nih.gov/pubmed/14745511
https://doi.org/10.4049/jimmunol.173.1.494
https://doi.org/10.4049/jimmunol.173.1.494
http://www.ncbi.nlm.nih.gov/pubmed/15210810
https://doi.org/10.1137/040603127
https://doi.org/10.1016/j.jtbi.2011.05.013
https://doi.org/10.1016/j.jtbi.2011.05.013
http://www.ncbi.nlm.nih.gov/pubmed/21605569
https://doi.org/10.1371/journal.pone.0017550
http://www.ncbi.nlm.nih.gov/pubmed/21445321
https://doi.org/10.1164/rccm.201012-1949OC
http://www.ncbi.nlm.nih.gov/pubmed/21330452
https://doi.org/10.1038/207417a0
http://www.ncbi.nlm.nih.gov/pubmed/4957347
https://doi.org/10.1016/s0891-5520%2803%2900066-7
https://doi.org/10.1016/s0891-5520%2803%2900066-7
http://www.ncbi.nlm.nih.gov/pubmed/14711080
https://doi.org/10.1007/BF00558209
http://www.ncbi.nlm.nih.gov/pubmed/4138537
https://doi.org/10.1128/AAC.05792-11
https://doi.org/10.1128/AAC.05792-11
http://www.ncbi.nlm.nih.gov/pubmed/22252827
https://doi.org/10.1128/AAC.00461-07
http://www.ncbi.nlm.nih.gov/pubmed/18391026
https://doi.org/10.1038/358591a0
http://www.ncbi.nlm.nih.gov/pubmed/1501713
https://doi.org/10.1128/AAC.45.4.1302-1304.2001
http://www.ncbi.nlm.nih.gov/pubmed/11257053
https://doi.org/10.1128/AAC.48.8.2951-2957.2004
http://www.ncbi.nlm.nih.gov/pubmed/15273105
https://doi.org/10.1111/j.1365-2125.2011.03940.x
http://www.ncbi.nlm.nih.gov/pubmed/21320152
https://doi.org/10.5588/ijtld.16.0360
http://www.ncbi.nlm.nih.gov/pubmed/12701830
https://doi.org/10.1371/journal.pcbi.1008107

PLOS COMPUTATIONAL BIOLOGY Mathematical model and tool to explore shorter multi-drug therapy options for tuberculosis

21. Ngo SC, Zimhony O, Woo JC, Sayahi H, Jacobs WR, Welch JT. Inhibition of isolated Mycobacterium
tuberculosis fatty acid synthase | by pyrazinamide analogs. Antimicrob Agents Chemother. 2007; 51:
2430-2435. https://doi.org/10.1128/AAC.01458-06 PMID: 17485499

22. ShiW, Zhang X, Jiang X, Yuan H, Lee JS, Barry CE, et al. Pyrazinamide inhibits trans-translation in
Mycobacterium tuberculosis. Science (80-). 2011; 333: 1630—-1632. https://doi.org/10.1126/science.
1208813 PMID: 21835980

23. Conte JE, Golden JA, Duncan S, McKenna E, Zurlinden E. Intrapulmonary concentrations of pyrazina-
mide. Antimicrob Agents Chemother. 1999; 43: 1329-1333. https://doi.org/10.1128/AAC.43.6.1329
PMID: 10348747

24. Kjellsson MC, Via LE, Goh a., Weiner D, Low KM, Kern S, et al. Pharmacokinetic Evaluation of the Pen-
etration of Antituberculosis Agents in Rabbit Pulmonary Lesions. Antimicrob Agents Chemother. 2012;
56: 446-457. https://doi.org/10.1128/AAC.05208-11 PMID: 21986820

25. Deshpande D, Srivastava S, Meek C, Leff R, Gumbo T. Ethambutol optimal clinical dose and suscepti-
bility breakpoint identification by use of a novel pharmacokinetic-pharmacodynamic model of dissemi-
nated intracellular Mycobacterium avium. Antimicrob Agents Chemother. 2010; 54: 1728-33. https://
doi.org/10.1128/AAC.01355-09 PMID: 20231389

26. MikusovaK, Slayden RA, Besra GS, Brennan PJ. Biogenesis of the mycobacterial cell wall and the site
of action of ethambutol. Antimicrob Agents Chemother. 1995; 39: 2484-2489. https://doi.org/10.1128/
aac.39.11.2484 PMID: 8585730

27. Dartois V. The path of anti-tuberculosis drugs: from blood to lesions to mycobacterial cells. Nat Rev
Microbiol. Nature Publishing Group; 2014; 12: 159-67. https://doi.org/10.1038/nrmicro3200 PMID:
24487820

28. Prideaux B, Via LE, Zimmerman MD, Eum S, Sarathy J, O’'Brien P, et al. The association between steril-
izing activity and drug distribution into tuberculosis lesions. Nat Med. 2015; 21: 1223-7. https://doi.org/
10.1038/nm.3937 PMID: 26343800

29. Strydom N, Gupta S V., Fox WS, Via LE, Bang H, Lee M, et al. Tuberculosis drugs’ distribution and
emergence of resistance in patient’s lung lesions: A mechanistic model and tool for regimen and dose
optimization. Murray M, editor. PLOS Med. Public Library of Science; 2019; 16: €1002773. https://doi.
org/10.1371/journal.pmed.1002773 PMID: 30939136

30. Marino S, Kirschner DE. The human immune response to Mycobacterium tuberculosis in lung and
lymph node. J Theor Biol. 2004; 227: 463-486. https://doi.org/10.1016/}.jtbi.2003.11.023 PMID:
15038983

31. Kirschner D, Pienaar E, Marino S, Linderman JJ. A review of computational and mathematical modeling
contributions to our understanding of Mycobacterium tuberculosis within-host infection and treatment.
Current Opinion in Systems Biology. Elsevier Ltd; 2017. pp. 170-185. https://doi.org/10.1016/j.coisb.
2017.05.014 PMID: 30714019

32. PienaarE, Dartois V, Linderman JJ, Kirschner DE. In silico evaluation and exploration of antibiotic
tuberculosis treatment regimens. BMC Syst Biol. BioMed Central; 2015; 9: 79. https://doi.org/10.1186/
$12918-015-0221-8 PMID: 26578235

33. PienaarE, Sarathy J, Prideaux B, Dietzold J, Dartois V, Kirschner DE, et al. Comparing efficacies of
moxifloxacin, levofloxacin and gatifloxacin in tuberculosis granulomas using a multi-scale systems phar-
macology approach. Diamond SL, editor. PLOS Comput Biol. Public Library of Science; 2017; 13:
e€1005650. https://doi.org/10.1371/journal.pcbi.1005650 PMID: 28817561

34. Cicchese JM, Pienaar E, Kirschner DE, Linderman JJ. Applying Optimization Algorithms to Tuberculo-
sis Antibiotic Treatment Regimens. Cell Mol Bioeng. Springer New York LLC; 2017; 10: 523-535.
https://doi.org/10.1007/s12195-017-0507-6 PMID: 29276546

35. de Steenwinkel JEM, de Knegt GJ, ten Kate MT, van Belkum A, Verbrugh HA, Kremer K, et al. Time-kill
kinetics of anti-tuberculosis drugs, and emergence of resistance, in relation to metabolic activity of
Mycobacterium tuberculosis. J Antimicrob Chemother. 2010; 65: 2582-9. https://doi.org/10.1093/jac/
dkq374 PMID: 20947621

36. Ankomah P, Levin BR. Two-drug antimicrobial chemotherapy: a mathematical model and experiments
with Mycobacterium marinum. PLoS Pathog. 2012; 8: 1002487 . https://doi.org/10.1371/journal.ppat.
1002487 [pii] PMID: 22253599

37. Menzies D, Benedetti A, Paydar A, Martin |, Royce S, Pai M, et al. Effect of Duration and Intermittency
of Rifampin on Tuberculosis Treatment Outcomes: A Systematic Review and Meta-Analysis. Murray M,
editor. PLoS Med. Public Library of Science; 2009; 6: 1000146. https://doi.org/10.1371/journal.pmed.
1000146 PMID: 19753109

38. Johnston JC, Campbell JR, Menzies D. Effect of Intermittency on Treatment Outcomes in Pulmonary
Tuberculosis: An Updated Systematic Review and Metaanalysis. Clin Infect Dis. 2017; 64: 1211-1220.
https://doi.org/10.1093/cid/cix121 PMID: 28203783

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008107  August 18, 2020 34/36


https://doi.org/10.1128/AAC.01458-06
http://www.ncbi.nlm.nih.gov/pubmed/17485499
https://doi.org/10.1126/science.1208813
https://doi.org/10.1126/science.1208813
http://www.ncbi.nlm.nih.gov/pubmed/21835980
https://doi.org/10.1128/AAC.43.6.1329
http://www.ncbi.nlm.nih.gov/pubmed/10348747
https://doi.org/10.1128/AAC.05208-11
http://www.ncbi.nlm.nih.gov/pubmed/21986820
https://doi.org/10.1128/AAC.01355-09
https://doi.org/10.1128/AAC.01355-09
http://www.ncbi.nlm.nih.gov/pubmed/20231389
https://doi.org/10.1128/aac.39.11.2484
https://doi.org/10.1128/aac.39.11.2484
http://www.ncbi.nlm.nih.gov/pubmed/8585730
https://doi.org/10.1038/nrmicro3200
http://www.ncbi.nlm.nih.gov/pubmed/24487820
https://doi.org/10.1038/nm.3937
https://doi.org/10.1038/nm.3937
http://www.ncbi.nlm.nih.gov/pubmed/26343800
https://doi.org/10.1371/journal.pmed.1002773
https://doi.org/10.1371/journal.pmed.1002773
http://www.ncbi.nlm.nih.gov/pubmed/30939136
https://doi.org/10.1016/j.jtbi.2003.11.023
http://www.ncbi.nlm.nih.gov/pubmed/15038983
https://doi.org/10.1016/j.coisb.2017.05.014
https://doi.org/10.1016/j.coisb.2017.05.014
http://www.ncbi.nlm.nih.gov/pubmed/30714019
https://doi.org/10.1186/s12918-015-0221-8
https://doi.org/10.1186/s12918-015-0221-8
http://www.ncbi.nlm.nih.gov/pubmed/26578235
https://doi.org/10.1371/journal.pcbi.1005650
http://www.ncbi.nlm.nih.gov/pubmed/28817561
https://doi.org/10.1007/s12195-017-0507-6
http://www.ncbi.nlm.nih.gov/pubmed/29276546
https://doi.org/10.1093/jac/dkq374
https://doi.org/10.1093/jac/dkq374
http://www.ncbi.nlm.nih.gov/pubmed/20947621
https://doi.org/10.1371/journal.ppat.1002487
https://doi.org/10.1371/journal.ppat.1002487
http://www.ncbi.nlm.nih.gov/pubmed/22253599
https://doi.org/10.1371/journal.pmed.1000146
https://doi.org/10.1371/journal.pmed.1000146
http://www.ncbi.nlm.nih.gov/pubmed/19753109
https://doi.org/10.1093/cid/cix121
http://www.ncbi.nlm.nih.gov/pubmed/28203783
https://doi.org/10.1371/journal.pcbi.1008107

PLOS COMPUTATIONAL BIOLOGY Mathematical model and tool to explore shorter multi-drug therapy options for tuberculosis

39. Daryaee F, Tonge PJ. Pharmacokinetic-pharmacodynamic models that incorporate drug—target bind-
ing kinetics. Current Opinion in Chemical Biology. Elsevier Ltd; 2019. pp. 120-127. https://doi.org/10.
1016/j.cbpa.2019.03.008 PMID: 31030171

40. Pierrillas PB, Fouliard S, Chenel M, Hooker AC, Friberg LF, Karlsson MO. Model-Based Adaptive Opti-
mal Design (MBAOD) Improves Combination Dose Finding Designs: an Example in Oncology. AAPS J.
Springer New York LLC; 2018; 20: 1—11. https://doi.org/10.1208/s12248-018-0206-9 PMID: 29516207

41. vanden Boogaard J, Lyimo RA, Boeree MJ, Kibiki GS, Aarnoutse RE. Electronic monitoring of treat-
ment adherence and validation of alternative adherence measures in tuberculosis patients: A pilot
study. Bull World Health Organ. World Health Organization; 2011; 89: 632—639. https://doi.org/10.
2471/BLT.11.086462 PMID: 21897483

42. KwaraA, Lartey M, Sagoe KW, Xexemeku F, Kenu E, Oliver-Commey J, et al. Pharmacokinetics of Efa-
virenz When Co-administered With Rifampin in TB/HIV Co-infected Patients: Pharmacogenetic Effect
of CYP2B6 Variation. J Clin Pharmacol. 2008; 48. https://doi.org/10.1177/0091270008321790 PMID:
18728241

43. Colijn C, Cohen T, Ganesh A, Murray M. Spontaneous Emergence of Multiple Drug Resistance in
Tuberculosis before and during Therapy. Mokrousov |, editor. PLoS One. 2011; 6: e18327. https://doi.
org/10.1371/journal.pone.0018327 PMID: 21479171

44. Sarathy JP, Via LE, Weiner D, Blanc L, Boshoff H, Eugenin EA, et al. Extreme Drug Tolerance of Myco-
bacterium tuberculosis in Caseum. Antimicrob Agents Chemother. American Society for Microbiology;
2018; 62: e02266—17. https://doi.org/10.1128/AAC.02266-17 PMID: 29203492

45. Edginton AN, Ahr G, Willmann S, Stass H. Defining the role of macrophages in local moxifloxacin tissue
concentrations using biopsy data and whole-body physiologically based pharmacokinetic modelling.
Clin Pharmacokinet. Springer; 2009; 48: 181-187. https://doi.org/10.2165/00003088-200948030-
00004 PMID: 19385711

46. de Steenwinkel JEM, Aarnoutse RE, de Knegt GJ, ten Kate MT, Teulen M, Verbrugh HA, et al. Optimi-
zation of the rifampin dosage to improve the therapeutic efficacy in tuberculosis treatment using a
murine model. Am J Respir Crit Care Med. 2013; 187: 1127-34. https://doi.org/10.1164/rccm.201207-
12100C PMID: 23525933

47. Boeree M. High-dose rifampin: Potential for treatment shortening. 5th International Workshop on Clini-
cal Pharmacology of Tuberculosis Drugs. 2012.

48. Mitnick CD, McGee B, Peloquin CA. Tuberculosis pharmacotherapy: strategies to optimize patient
care. Expert Opin Pharmacother. 2009; 10: 381—-401. https://doi.org/10.1517/14656560802694564
PMID: 19191677

49. Goutelle S, Bourguignon L, Maire PH, Van Guilder M, Conte JE, Jelliffe RW. Population modeling and
Monte Carlo simulation study of the pharmacokinetics and antituberculosis pharmacodynamics of rifam-
pin in lungs. Antimicrob Agents Chemother. 2009; 53: 2974-81. https://doi.org/10.1128/AAC.01520-08
PMID: 19380594

50. Peloquin CA, Jaresko GS, Yong CL, Keung ACF, Bulpitt AE, Jelliffe RW. Population pharmacokinetic
modeling of isoniazid, rifampin, and pyrazinamide. Antimicrob Agents Chemother. American Society for
Microbiology Journals; 1997; 41: 2670—2679. https://doi.org/10.1128/AAC.41.12.2670 PMID: 9420037

51. Peloquin CA, Namdar R, Singleton MD, Nix DE. Pharmacokinetics of rifampin under fasting conditions,
with food, and with antacids. Chest. American College of Chest Physicians; 1999; 115: 12-18. hitps://
doi.org/10.1378/chest.115.1.12 PMID: 9925057

52. Gumbo T, Louie A, Deziel MR, Liu W, Parsons LM, Salfinger M, et al. Concentration-dependent Myco-
bacterium tuberculosis killing and prevention of resistance by rifampin. Antimicrob Agents Chemother.
2007; 51: 3781-3788. https://doi.org/10.1128/AAC.01533-06 PMID: 17724157

53. Denti P, Smythe W, Simonsson US, Rustomjee R, Onyebujoh P, Smith P, et al. A population pharmaco-
kinetic model for rifampicin auto-induction. 3rd International Workshop on Clinical Pharmacology of TB
Drugs. 2010. p. Abstract O_08. Available: http://regist2.virology-education.com/3TB/docs/12_Denti.pdf

54. Zvada SP, Denti P, Donald PR, Schaaf HS, Thee S, Seddon JA, et al. Population pharmacokinetics of
rifampicin, pyrazinamide and isoniazid in children with tuberculosis: In silico evaluation of currently rec-
ommended doses. J Antimicrob Chemother. 2014; 69: 1339—1349. https://doi.org/10.1093/jac/dkt524
PMID: 24486870

55. Denti P. Population PK of isoniazid in South African adults. 4th International Workshop on Clinical Phar-
macology of TB Drugs. 2011.

56. Ahmad Z, Fraig MM, Bisson GP, Nuermberger EL, Grosset JH, Karakousis PC. Dose-dependent activ-
ity of pyrazinamide in animal models of intracellular and extracellular tuberculosis infections. Antimicrob
Agents Chemother. 2011; 55: 1527—1532. https://doi.org/10.1128/AAC.01524-10 PMID: 21282447

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008107  August 18, 2020 35/36


https://doi.org/10.1016/j.cbpa.2019.03.008
https://doi.org/10.1016/j.cbpa.2019.03.008
http://www.ncbi.nlm.nih.gov/pubmed/31030171
https://doi.org/10.1208/s12248-018-0206-9
http://www.ncbi.nlm.nih.gov/pubmed/29516207
https://doi.org/10.2471/BLT.11.086462
https://doi.org/10.2471/BLT.11.086462
http://www.ncbi.nlm.nih.gov/pubmed/21897483
https://doi.org/10.1177/0091270008321790
http://www.ncbi.nlm.nih.gov/pubmed/18728241
https://doi.org/10.1371/journal.pone.0018327
https://doi.org/10.1371/journal.pone.0018327
http://www.ncbi.nlm.nih.gov/pubmed/21479171
https://doi.org/10.1128/AAC.02266-17
http://www.ncbi.nlm.nih.gov/pubmed/29203492
https://doi.org/10.2165/00003088-200948030-00004
https://doi.org/10.2165/00003088-200948030-00004
http://www.ncbi.nlm.nih.gov/pubmed/19385711
https://doi.org/10.1164/rccm.201207-1210OC
https://doi.org/10.1164/rccm.201207-1210OC
http://www.ncbi.nlm.nih.gov/pubmed/23525933
https://doi.org/10.1517/14656560802694564
http://www.ncbi.nlm.nih.gov/pubmed/19191677
https://doi.org/10.1128/AAC.01520-08
http://www.ncbi.nlm.nih.gov/pubmed/19380594
https://doi.org/10.1128/AAC.41.12.2670
http://www.ncbi.nlm.nih.gov/pubmed/9420037
https://doi.org/10.1378/chest.115.1.12
https://doi.org/10.1378/chest.115.1.12
http://www.ncbi.nlm.nih.gov/pubmed/9925057
https://doi.org/10.1128/AAC.01533-06
http://www.ncbi.nlm.nih.gov/pubmed/17724157
http://regist2.virology-education.com/3TB/docs/12_Denti.pdf
https://doi.org/10.1093/jac/dkt524
http://www.ncbi.nlm.nih.gov/pubmed/24486870
https://doi.org/10.1128/AAC.01524-10
http://www.ncbi.nlm.nih.gov/pubmed/21282447
https://doi.org/10.1371/journal.pcbi.1008107

PLOS COMPUTATIONAL BIOLOGY Mathematical model and tool to explore shorter multi-drug therapy options for tuberculosis

57. Pasipanodya J, Gumbo T. An oracle: Antituberculosis pharmacokinetics-pharmacodynamics, clinical
correlation, and clinical trial simulations to predict the future. Antimicrobial Agents and Chemotherapy.
2011. pp. 24-34. https://doi.org/10.1128/AAC.00749-10 PMID: 20937778

58. Gumbo T, Louie A, Deziel MR, Parsons LM, Salfinger M, Drusano GL. Selection of a moxifloxacin dose
that suppresses drug resistance in Mycobacterium tuberculosis, by use of an in vitro pharmacodynamic
infection model and mathematical modeling. J Infect Dis. 2004; 190: 1642—51. https://doi.org/10.1086/
424849 PMID: 15478070

59. Gumbo T, Dona CSWS, Meek C, Leff R. Pharmacokinetics-pharmacodynamics of pyrazinamide in a
novel in vitro model of tuberculosis for sterilizing effect: a paradigm for faster assessment of new antitu-
berculosis drugs. Antimicrob Agents Chemother. 2009; 53: 3197—204. hitps://doi.org/10.1128/AAC.
01681-08 PMID: 19451303

60. Gumbo T, Louie A, Liu W, Brown D, Ambrose PG, Bhavnani SM, et al. Isoniazid bactericidal activity and
resistance emergence: Integrating pharmacodynamics and pharmacogenomics to predict efficacy in
different ethnic populations. Antimicrob Agents Chemother. 2007; 51: 2329-2336. https://doi.org/10.
1128/AAC.00185-07 PMID: 17438043

61. Jayaram R, Gaonkar S, Kaur P, Suresh BL, Mahesh BN, Jayashree R, et al. Pharmacokinetics-pharma-
codynamics of rifampin in an aerosol infection model of tuberculosis. Antimicrob Agents Chemother.
20083; 47: 2118-2124. https://doi.org/10.1128/aac.47.7.2118-2124.2003 PMID: 12821456

62. Jindani A, Doré CJ, Mitchison DA. Bactericidal and Sterilizing Activities of Antituberculosis Drugs during
the First 14 Days. Am J Respir Crit Care Med. 2003; 167: 1348—1354. https://doi.org/10.1164/rccm.
200210-11250C PMID: 12519740

63. Paramasivan CN, Sulochana S, Kubendiran G, Venkatesan P, Mitchison DA. Bactericidal action of gati-
floxacin, rifampin, and isoniazid on logarithmic- and stationary-phase cultures of Mycobacterium tuber-
culosis. Antimicrob Agents Chemother. 2005; 49: 627—631. https://doi.org/10.1128/AAC.49.2.627-631.
2005 PMID: 15673743

64. Gumbo T. New susceptibility breakpoints for first-line antituberculosis drugs based on antimicrobial
pharmacokinetic/pharmacodynamic science and population pharmacokinetic variability. Antimicrob
Agents Chemother. American Society for Microbiology; 2010; 54: 1484—91. https://doi.org/10.1128/
AAC.01474-09 PMID: 20086150

65. BudhaNR, Lee RB, Hurdle JG, Lee RE, Meibohm B. A simple in vitro PK/PD model system to deter-
mine time—kill curves of drugs against Mycobacteria. Tuberculosis. 2009; 89: 378-385. https://doi.org/
10.1016/j.tube.2009.08.002 PMID: 19748318

66. Salfinger M, Heifets LB. Determination of pyrazinamide MICs for Mycobacterium tuberculosis at differ-
ent pHs by the radiometric method. Antimicrob Agents Chemother. American Society for Microbiology
(ASM); 1988; 32: 1002—4. Available: http://www.ncbi.nim.nih.gov/pubmed/3142340 https://doi.org/10.
1128/aac.32.7.1002 PMID: 3142340

67. Srivastava S, Musuka S, Sherman C, Meek C, Leff R, Gumbo T. Efflux-pump-derived multiple drug
resistance to ethambutol monotherapy in Mycobacterium tuberculosis and the pharmacokinetics and
pharmacodynamics of ethambutol. J Infect Dis. NIH Public Access; 2010; 201: 1225-31. https://doi.org/
10.1086/651377 PMID: 20210628

68. Zhangy, Yew W. Mechanisms of drug resistance in Mycobacterium tuberculosis. Int J Tuberc Lung
Dis. 2009; 13: 1320—-1330. https://doi.org/10.2741/1289 PMID: 19861002

69. David HL. Probability distribution of drug-resistant mutants in unselected populations of Mycobacterium
tuberculosis. Appl Microbiol. American Society for Microbiology (ASM); 1970; 20: 810—4. Available:
http://www.ncbi.nIim.nih.gov/pubmed/4991927 PMID: 4991927

70. Karlsson MO, Sheiner LB. The importance of modeling interoccasion variability in population pharmaco-
kinetic analyses. J Pharmacokinet Biopharm. Kluwer Academic Publishers-Plenum Publishers; 1993;
21:735-750. https://doi.org/10.1007/BF01113502 PMID: 8138894

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008107  August 18, 2020 36/36


https://doi.org/10.1128/AAC.00749-10
http://www.ncbi.nlm.nih.gov/pubmed/20937778
https://doi.org/10.1086/424849
https://doi.org/10.1086/424849
http://www.ncbi.nlm.nih.gov/pubmed/15478070
https://doi.org/10.1128/AAC.01681-08
https://doi.org/10.1128/AAC.01681-08
http://www.ncbi.nlm.nih.gov/pubmed/19451303
https://doi.org/10.1128/AAC.00185-07
https://doi.org/10.1128/AAC.00185-07
http://www.ncbi.nlm.nih.gov/pubmed/17438043
https://doi.org/10.1128/aac.47.7.2118-2124.2003
http://www.ncbi.nlm.nih.gov/pubmed/12821456
https://doi.org/10.1164/rccm.200210-1125OC
https://doi.org/10.1164/rccm.200210-1125OC
http://www.ncbi.nlm.nih.gov/pubmed/12519740
https://doi.org/10.1128/AAC.49.2.627-631.2005
https://doi.org/10.1128/AAC.49.2.627-631.2005
http://www.ncbi.nlm.nih.gov/pubmed/15673743
https://doi.org/10.1128/AAC.01474-09
https://doi.org/10.1128/AAC.01474-09
http://www.ncbi.nlm.nih.gov/pubmed/20086150
https://doi.org/10.1016/j.tube.2009.08.002
https://doi.org/10.1016/j.tube.2009.08.002
http://www.ncbi.nlm.nih.gov/pubmed/19748318
http://www.ncbi.nlm.nih.gov/pubmed/3142340
https://doi.org/10.1128/aac.32.7.1002
https://doi.org/10.1128/aac.32.7.1002
http://www.ncbi.nlm.nih.gov/pubmed/3142340
https://doi.org/10.1086/651377
https://doi.org/10.1086/651377
http://www.ncbi.nlm.nih.gov/pubmed/20210628
https://doi.org/10.2741/1289
http://www.ncbi.nlm.nih.gov/pubmed/19861002
http://www.ncbi.nlm.nih.gov/pubmed/4991927
http://www.ncbi.nlm.nih.gov/pubmed/4991927
https://doi.org/10.1007/BF01113502
http://www.ncbi.nlm.nih.gov/pubmed/8138894
https://doi.org/10.1371/journal.pcbi.1008107

