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Abstract

Dose selection for rifampin in the treatment of active pulmonary tuberculosis (TB) illustrates some
of the challenges for dose optimization within multidrug therapies. Rifampin-based anti-TB
regimens are often combined with antiretroviral therapies to treat human immunodeficiency virus
(HIV) coinfection. The potent cytochrome P450 (CYP) enzyme inducing properties of rifampin
give rise to significant drug-drug interactions, the minimization of which by limiting the dose,
conflicts with the maximization of bacterial killing by increasing the dose. Such multiple and
conflicting objectives lead to a set of trade-off optimal solutions for dose optimization rather than
a single best solution. Here, we combine pharmacokinetic/pharmacodynamic (PK/PD) modeling
with multiobjective optimization to quantitatively explore trade-offs between therapeutic and
adverse effects of optimal dosing for the example of rifampin in TB-infected mice. The PK/PD
model describes rifampin concentrations in plasma and liver following oral administration
together with hepatic CYP enzyme induction and bacterial killing kinetics. We include
optimization objectives descriptive of antimicrobial efficacy, CYP-mediated drug-drug
interactions, and drug exposure-dependent toxicity. Results show non-conventional dosing
scenarios that allow for increased efficacy relative to uniform dosing without increasing drug-drug
interactions. Additionally, we find currently employed dosages for rifampin to be nearly optimal
with respect to tradeoffs between efficacy and toxicity. While limited by the accuracy and
applicability of the PK/PD model, these results provide an avenue for experimental investigation
of complex dose optimization problems. This method can be extended to include additional drugs
and optimization objectives, and may provide a useful tool for individualized medicine.
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Introduction

Rifampin is a rifamycin antibiotic with sterilizing activity against Mycobacterium
tuberculosis and is an essential component of short-course treatment regimens for drug-
susceptible pulmonary tuberculosis (TB) [1]. While the accepted 600 mg (10 mg/kg) daily
dose of rifampin for TB treatment was established more than forty years ago [2, 3], analysis
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of various animal and clinical studies suggest that this dose may be suboptimal [4, 5].
Subsequently, multiple clinical trials to evaluate the safety and efficacy of high-dose
rifampin for TB treatment were initiated and are currently underway or recently completed
[6, 7, 8]. Our focus is on the trade-offs between therapeutic and adverse effects associated
with higher than standard rifampin dosing in anti-TB combination regimens.

While the motivation for increasing rifampin dose amounts is to optimize antimicrobial
efficacy, the frequent need to treat TB comorbidities [9] suggests that such dose
optimization be considered in the context of potentially large and complex multidrug
regimens. For example, first-line anti-TB therapy consists of a 2-month initial phase of
rifampin, isoniazid, and pyrazinamide, with or without ethambutol, followed by a 4-7 month
continuation phase of rifampin and isoniazid [1]; three or more antiretroviral drugs are often
added to treat human immunodeficiency virus (HIV) co-infection [10], and combination
therapies used to treat malaria or diabetes mellitus are commonly added as well [11, 12].

The potentially high number of drugs that may be co-administered with rifampin presents
additional optimization objectives related to drug-drug interactions and toxicity that should
be considered simultaneously with efficacy. With respect to drug-drug interactions;
rifampin-mediated induction of cytochrome P450 (CYP) enzymes increases the rate of
metabolism for many of the commonly co-administered antiretroviral, antidiabetic, and
antimalarial drugs, which often requires their exclusion from the treatment regimen or their
administration with increased doses [13, 14]. Regarding toxicity; drug-induced
hepatotoxicity (DIH) is a serious adverse effect of anti-TB combination therapy with
incidence reported in the range 2-28% [15]. While rifampin monotherapy is generally well
tolerated, rifampin in combination with isoniazid, and rifampin in combination with
pyrazinamide increases the risk of DIH compared to their separate administration [15].
Additionally, significant correlation between rifampin exposure and development of DIH
during standard anti-TB therapy has been shown in a recent study by Satyaraddi et al. [16].
Overlapping and additive toxicities of rifampin and antiretroviral drugs, including
hepatotoxicity, bone-marrow suppression, and skin rash [17] may also require consideration
with increasing rifampin dosing. As drug exposure-dependent quantities, these optimization
objectives of efficacy, toxicity, and drug-drug interactions, are conflicting in the sense that a
dose regimen that results in minimum drug-drug interactions and toxicity (zero drug
administered) will not generally be optimal with respect to efficacy. Optimization problems
such as this, with multiple and possibly conflicting objectives, are common in engineering
design and can be addressed using established methods of multiobjective optimization [18,
19].

A multiobjective optimization problem can be written as

Minimize: f(x):(fl(‘r)vfé(z)aafk(x)) 1
subject to: z=(z1,...,2,) € X @)

where x is a vector of n = 1 design (or decision) variables in a solution space X C IR", and

f(x) is a vector of k > 2 objective functions which map X into an objective space IRK. The
problem definition may also include a set of constraints which further define the structure
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and boundaries on X. In general, a solution, x, which minimizes one component of f will not
be a minimum for another, and the objectives are said to be incommensurable or conflicting.
In this case, no single x will be optimal in all objectives simultaneously, and optimal
solutions are instead determined as a set of best possible trade-off solutions. The set of all
such solutions is termed the Pareto set, and the image of the Pareto set in objective space is
termed the Pareto front. A final selection of a single solution from the Pareto set can be
made based on the relative value of each objective.

In the present work, we describe a pharmacokinetic/pharmacodynamic (PK/PD) model for
rifampin treatment of TB-infected mice. The PK/PD model includes rifampin concentrations
in plasma and liver following oral administration together with rifampin-mediated hepatic
CYP enzyme induction and bacterial killing kinetics. We use this model to define a set of
multiobjective optimization problems that are relevant to rifampin-based combination
therapies. With a design space of dose regimens and an objective space associated with
efficacy, toxicity, and drug-drug interactions, we use an evolutionary algorithm [20] to
obtain approximate Pareto-optimized solutions for a wide range of the objective values. We
choose individual regimens from each Pareto set that increase efficacy beyond that obtained
with the current standard dosing, and we simulate the corresponding rifampin plasma
concentrations and objective functions to illustrate predicted in vivo responses to these trade-
off optimal regimens.

Materials and methods

Pharmacokinetic/pharmacodynamic model

The PK/PD model was constructed using the basic elements of a previously described
compartmental model for in vivo rifampin-mediated CYP enzyme induction [21], combined
with a term for bacterial population dynamics [22]. The full set of equations are

dA F, - BW
— =k At =Y D [0(t=t)=0(t=(t;+0))] (3)
=0

dA Q,+CL
d_tH:ka.AG_(HviH) CA 4k, AL 3)
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where the model variables, each appearing as a derivative with respect to time, t, are
functions of time only, and each of the parameters are constant.

Equations (2-4) describe rifampin pharmacokinetics, with Ag, An, and Ap representing drug
amounts in gut, liver, and plasma, respectively. Absorption and elimination are described as
first-order processes with drug input to the liver from the gut. Drug concentrations were
calculated in plasma as Cp = Ap/Vp, and in liver as Cy = Ay/Vy; where Vp is plasma volume
of distribution, and Vy is physiological liver volume. The compartment volumes and volume
flow rates were scaled to body weight, BW, as Qy = BW - Quc, V4 =BW - Ve, CLy =BW -
CLyc, and Vp = BW - Vpc, where CLy is hepatic clearance, and Qy is hepatic blood flow.
The second term on the right-hand-side of equation (2) was included to describe repeated
oral dosing as pulsed input with pulse-width A. Individual dose amounts, Dj, j =0, ..., Nmax
— 1, are administered at corresponding times tj, with nya equal to the maximum number of
doses within a specified treatment interval. &x) = 1(0) for x = 0 (x < 0), is a step function.
The initial conditions Ag(tg), Ax(tg), and Ap(tg) were set to zero. Equations (5-8) describe
the dynamics of CYP enzyme induction, where Ty, T, T3 represent transit compartments for
CYP mRNA expression, with capacity limited stimulative effect and delay, and E denotes
CYP enzyme activity (assumed proportional to CYP protein concentrations in [21]). The
initial conditions Tq » 3(tp) = To, and E(tg) = Eq represent basal CYP mRNA expression and
enzyme activity, respectively. Equation (9) describes the bacterial population dynamics as
capacity limited growth and sigmoidal killing, with N corresponding to the number of viable
bacteria. The initial condition N(tg) = Ng is the number of bacteria at the start of drug
treatment. All remaining parameters are described in Table 1.

Parameter values

The parameter values for equations (2-9) were set using laboratory mouse data only. We set
BW = 0.021 kg as representative of male and female 8-10 week-old BALB/c mice [23], and
A =0.001 h to approximate an oral bolus dose response. The rifampin pharmacokinetic and
CYP enzyme induction parameters in equations (2—8) were set from the results in Raybon et
al. [21] for steroid and xenobiotic X receptor (SXR) humanized mice and rifampin-mediated
CYP3AL11 enzyme induction. Parameter values in the bacterial dynamics equation (9) were
determined in the present study by model calibration to rifampin time-Kkill data from M.
tuberculosis-infected (H37Rv strain) BALB/c mice presented by Jayaram et al. [24].

J Pharmacokinet Pharmacodyn. Author manuscript; available in PMC 2015 September 22.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Lyons

Page 5

The BALB/c mouse time-kill data [24] consisted of lung colony forming units (CFU) counts
following aerosol infection (100 CFU/lung day 1 post-infection), with rifampin treatment
beginning day 28 post-infection. The dosing was daily, 6 times/week, for one or two weeks
with oral doses ranging from 0 to 270 mg/kg. Lung CFU counts were plotted for days O, 7,
and 14 of treatment (days 28, 35, and 42 post-infection, respectively); numerical values of
the mean CFU’s were obtained from the published plot by digital extraction using g3data
[25, 26]. We set Ng and Npax equal to the mean CFU counts for the zero-dose group of mice
at the beginning (day 0) and end of treatment (day 14), respectively. The values for the
remaining parameters in equation (9) were set using a Bayesian calibration of the model to
lung CFU data for the full-range of administered doses.

The model calibration included (i) the assignment of uniform prior probability distributions
to each of the parameters; [g, kmax, ECso, and h, (ii) the specification of a likelihood, and
(iii) sampling of the joint posterior distribution (product of the likelihood and priors) for the
parameters conditioned on the mouse lung CFU counts for the full range of tested doses.
The posterior sampling was performed using Markov chain Monte Carlo (MCMC)
simulation [27]. The marginal posterior means for each parameter were used as the
calibrated values. A prior mean for g = 0.014h~1, was calculated from the day 1 and day 28
post-infection mouse CFU/lung counts. A rifampin dose-response curve which summarized
an M. tuberculosis macrophage infection experiment in Jayaram et al. [24] was used to set
the prior means; kyax = 0.05h™1, EC5o = 4.1uM, and h = 0.48. Preliminary simulations with
these prior mean values (data not shown) indicated a close approximation to the mouse CFU
data, and we subsequently set upper and lower bounds on the prior distributions to allow for
a 50% deviation from the mean. All other model parameters were held fixed at their already
specified values. We used a normal likelihood with a non-informative loguniform error
distribution and log-transformed CFU counts.

Optimization problems

We defined objective functions for antimicrobial efficacy, drug-induced toxicity, and drug-
drug interactions, on a treatment interval [tg = 0, tsna1 = T]. We used bacterial load, B, for
efficacy; plasma area under the concentration-time curve, AUCr, for toxicity; and time
averaged enzyme induction ratio, M, for drug-drug interactions; where

B=log;,N(T), (10)

AUC, =[To, (t)at, @
1 7
M= [(M(t)dt. @)

M(t) = E(t)/Eq is the ratio of CYP enzyme activity at time t divided by the basal activity
[21]. The relation of Mt to drug-drug interactions is through the use of M(t) as a multiplier
of the plasma elimination rate for a CYP enzyme substrate drug as described in Raybon et
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al. [21]. Plasma AUCH serves as a surrogate for toxicity in the absence of specific
mechanisms.

In the context of dose optimization, the objectives were defined to be minimized,
maximizing efficacy in this case, is equivalent to minimizing bacterial load. We set the
design variables to be independent dose amounts in a periodic schedule of administration,
with a design vector (which defines a dosage regimen) denoted by D = (Dg, D1, ..., Dp-1);
where n is the maximum number of doses administered in the dosing period.

We considered three optimization problems related to (i) maximizing efficacy and
minimizing drug-drug interactions (P1), (ii) maximizing efficacy and minimizing toxicity
(P2), and (iii) maximizing efficacy and minimizing drug-drug interactions and toxicity (P3).
These three problems were defined as

P1

Minimize: B,., M,

subject to:  Djmin < Dj < Dj pag;  j=0,...,n—1, (13)
P2

Minimize: B,, AUC,

subject to:  Dj min < Dj < Djmaz;  j=0,...,n—1, 14
P3 Minimi B., M., AUC

inimize: , M,
T T T (15)

subject to:  Dj min < Dj < Djmaz;  j=0,...,n—1,

where Dj min(Dj max) specify a lower (upper) bound for the jth dose.

Optimal dosing regimens were obtained for each problem, P1, P2, P3, as approximate Pareto
optimal solutions using a multiobjective genetic algorithm [20, 28]. Plasma concentration-
time profiles and the corresponding objective functions for selected individual optimal
regimens were simulated to illustrate various aspects of the trade-offs between the different
objectives.

Computational software

Results

MCSim v5.5.0 [29] was used for PK/PD model simulations; it includes LSODES [30] as the
differential equation solver, and Metropolis-within-Gibbs [27] sampling for MCMC
simulation. NSGA 11 v1.1.6 [31] is a multiobjective genetic algorithm that was used to
determine Pareto sets and fronts for each optimization problem. R v3.0.3 [32] was used for
statistical calculations, including CODA [33] for analysis of the MCMC simulations.

Parameter values

An initial MCMC simulation using the mean CFU counts from day 1 post-infection, and
treatment days 0, 7, and 14, from the untreated (zero-dose) mice was run to establish a
posterior mean value for ;. The posterior for g was held fixed in a second MCMC
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simulation using the CFU counts for the drug-treated mice to determine posterior values for
kmax,» ECs0, and h. For both simulations, the posterior parameter distribution was sampled
using five independent Markov chains. Each chain was run for 50,000 iterations keeping
every fifth iteration of the final 10,000. Convergence of the chains was assessed using the
Gelman-Rubin R diagnostic [34], with R < 1.01 obtained for all parameters in our
simulations. The aggregate of the five-chains was used to calculate the marginal posterior
means reported in Table 1.

The experimental data that was used for model calibration (previously by Raybon et al. [21]
for rifampin pharmacokinetics and CYP3A11 pharmacodynamics, and in the present study
with the lung CFU counts from Jayaram et al. [24]) is shown in Figure 1 together with the
corresponding model simulations using the parameter values in Table 1.

For each of the optimization problems P1, P2, and P3, we considered two separate periodic
schedules of administration as (i) 5 times per week (5x/wk) daily dosing, and (ii) 7 times per
week (7x/wk) daily dosing. The 5x/wk schedule is common in a laboratory setting [35],
while 7x/wk is common in a clinical setting [36]. We set a 14-day treatment interval [ty = 0,
T =14 d], allowing for two complete weekly cycles of dosing. Individual daily doses were
allowed to vary independently and continuously in the range [Dj min = 0, Dj;max = 30](mg/
kg), forj =0, ..., 6; except for Dg = Dg = 0 in the 5x/wk schedule. The upper limit of 30
mg/kg was chosen as triple the current accepted 10 mg/kg dose.

Approximate Pareto sets and fronts were obtained using NSGA 11 [31] with standard
settings: crossover probability = 0.9, mutation probability = 0.1, distribution index for
crossover = 15, distribution index for mutation = 20; for P1 and P2 we used population size
=200, and number of generations = 100; for P3 we used population size = 1000 and number
of generations = 500.

The Pareto fronts in each problem became approximately stationary by 50 generations, with
no significant change in shape or location throughout the remaining generations. The Pareto
fronts for 5x/wk dosing for P1 and P2 are shown in Figure 2. Each front is well dispersed
and uniform over the range of possible model outputs. The Pareto front for P3 (data not
shown) is an approximately two-dimensional bounded surface resulting from the three-
objective problem. Each point on the Pareto front corresponds to an optimal regimen.
Uniform dosing regimens for 10 and 20 mg/kg dose amounts were used for baseline
comparisons to the Pareto-optimized regimens; the 10 mg/kg being the current accepted
dosing, and the 20 mg/kg dosing as a tested regimen in each of the current high-dose
rifampin clinical studies [6, 7, 8]. The 10 mg/kg regimen is seen to be less than optimal for
minimized efficacy and enzyme induction (P1), but is nearly optimal for minimized efficacy
and toxicity (P2). The 20 mg/kg uniform dosing is more nearly optimal in both minimized
efficacy and enzyme induction, and minimized efficacy and toxicity. The 7x/wk dosing
results (not shown) were qualitatively similar to the corresponding 5x/wk plots.

Tables 2 and 3 show the uniform 10 and 20 mg/kg dosage regimens and selected optimal
regimens together with their corresponding objective function values at the end of the
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treatment interval, T = 14 d. The examples were chosen to illustrate optimal regimens that
increased bacterial killing relative to the standard uniform 10 mg/kg dosing. Bacterial load is
given as the change in log,g CFU over the 14-day interval. The objective functions were
evaluated with the dosage regimens shown, which were rounded to the nearest 5 mg/kg from
the NSGA 1l generated solutions as a more convenient dose amount for possible
experimental testing.

Figures 3 and 4 show simulation results for the dosage regimens in Tables 2 and 3,
respectively. Each of the figures is arranged in rows, and displays the time course of
rifampin plasma concentration and each objective function. The 10 mg/kg uniform dosing
regimen is shown in each plot as a baseline comparison. The corresponding 20 mg/kg
uniform dosing endpoint is also indicated by an arrow at time t = T = 14d for comparison.
The dosing pattern for each regimen is reflected in the peak plasma concentrations. The
uniform dosing regimens in the top row illustrates the conflicting characteristics of the
objective functions; as bacterial load decreases, both cumulative drug exposure and enzyme
induction increase. Enzyme activities can be kept at or below baseline while also increasing
efficacy with dosing regimens that have short but high intervals of administration. However,
such regimens increase toxicity with higher cumulative exposures. For 5x/wk dosing,
efficacy can be increased while keeping exposure minimal with increased dose amounts at
the end of the five-day treatment, however, enzyme activities are not kept low. Similarly, for
7x/wk dosing, uniform administration is optimal, but again, without the ability to keep
enzyme induction at baseline. Optimizing against all three objectives identifies regimens
that can keep enzyme induction at baseline, while increasing efficacy, and keeping exposure
below a doubling of the 10 mg/kg uniform dose.

Discussion

Dose optimization is inherently multiobjective with solutions obtained as trade-offs between
therapeutic and adverse effects. However, current PK/PD methods for optimization of
antimicrobial drugs are based on single objective exposure-response relationships [37], with
trade-offs considered within a therapeutic window of superposed exposure-efficacy and
exposure-toxicity relationships [38]. While such methods have proven useful for single-drug
regimens [39], our purpose here was to apply multiobjective optimization to a basic example
of the more complex dose optimization problems presented by combination therapies.

An application of multiobjective optimization to persistent bacterial infection [40] provided
a motivating example for the present work. Additional examples of multiobjective
optimization that are related to the present work can be found in applications to treatment of
HIV [41], cancer [42], and a chemical engineering process of epoxy polymerization [43].

We used a PK/PD model that illustrated basic in vivo responses to rifampin, including a
sigmoid effect for bacterial killing and time delay in CYP enzyme induction. The design
space of dose regimens was chosen to loosen the constraint of uniform dosing while
maintaining schedules of administration that are common in laboratory and clinical settings.
Regarding the optimization objectives; bacterial load was treated as a direct measure of drug
efficacy, while cumulative plasma drug exposure and time-averaged enzyme induction ratio
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were considered as surrogate measures for toxicity and drug-drug interactions, respectively.
While CYP enzyme mediated drug-drug interactions are well characterized [13, 21], the use
of rifampin exposure-dependent toxicity is not as clearly described in the literature [4].
Support for the use of rifampin AUC as a surrogate for possible exposure-dependent toxicity
is found in the recent anti-TB DIH study by Satyaraddi et al. [16]. In this study, rifampin,
pyrazinamide, and isoniazid peak plasma concentrations (Cnax) and AUC from 0 to 4 hours
(AUCq_an) were measured on days 1, 7, and 14 of standard anti-TB treatment, and compared
in patients with and without subsequent DIH. The study included 110 patients, 15 of whom
developed DIH with a median 22 day latency from start of treatment. Rifampin Cax and
AUC_4n were found to significantly correlate with the development of DIH, while no such
correlation was found with the corresponding measures for isoniazid and pyrazinamide.
Further, the day 7 and day 14 exposure parameters better correlated with DIH than the day 1
measures, suggesting to the authors of the study that rifampin accumulation is responsible
for the DIH.

Beyond the current focus on high-dose rifamycins [44], our choice of rifampin in mice as an
example system for multiobjective optimization was based on the rich set of experimental
data that supported the PK/PD model development [24, 21]. The model output in this case
provides a quantitative baseline to guide further experimental investigation of the dose
optimization results. The central results are a set of Pareto-optimized regimens that were
chosen to illustrate the trade-offs between efficacy, toxicity, and drug-drug interactions
associated with rifampin treatment of TB-infected mice. Uniform dosing is found to be
nearly optimal with respect to trade-offs between efficacy and toxicity, with increased
efficacy necessarily accompanied by increased toxicity. The difference between efficacy
versus toxicity optimized regimens for the 5 days per week and 7 days per week schedules
of administration appear as an increase of the fifth dose for the former. Dose regimens that
concentrate higher doses in a shorter interval can increase efficacy with minimal or no
increase in CYP enzyme induction. Interestingly, the current standard 10 mg/kg uniform
dosing was found to be a nearly optimal solution with respect to trade-offs between efficacy
and toxicity, but not between efficacy and enzyme induction. While doubling this standard
dose to 20 mg/kg daily is a better optimized solution with respect to both efficacy versus
toxicity and efficacy versus enzyme induction; the tradeoff for this better optimized solution
is increased toxicity. These results (minding the mouse-based context) may be relevant to
considerations regarding increased toxicity with high-dose rifampin regimens, and also
rifampin-mediated interactions in anti-TB/HIV regimens which have established dose
adjustments for the co-administered antiretroviral drugs [13]. Of note, there are additional
considerations for adverse effects in humans, such as hypersensitivity reactions linked to
dosing interval [45], that were not included in the optimization problems here.

As the genetic algorithm acts on the model predicted objective values, the primary source of
uncertainty in the results is from limitations on the accuracy and applicability of the PK/PD
model and calibration data. In this case, extension of the model beyond the two-week time
frame becomes increasingly uncertain due to the lack of supporting experimental data and
the relative simplicity of the model components. We do not include expressions to account
for the biphasic killing kinetics of bacterial populations that include persisters [46]. We also
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do not include physiological changes that may occur with extended treatment duration, such
as changing disease state and basal concentrations for enzyme activity, nor do we include an
accounting for antimicrobial resistance. The parameter values were specific to rifampin PK
and CYP3AL11 enzyme activity in SXR-humanized mice, the H37Rv strain of M.
tuberculosis, and the host-drug-bacteria interactions in the lungs of BALB/c mice. However,
the structural elements of the PK/PD model are sufficiently general to allow for application
of the optimization method to different strains of mice and bacteria through re-calibration to
the appropriate experimental data. Application of the present single drug PK/PD model to
combination therapies assumes an additive effect of increasing concentration of rifampin on
bacterial load in combination with other antimicrobials. While such an assumption may not
be valid in general, such additivity is seen with the standard anti-TB combination drugs in
the results of a rifampin dose-ranging study by Rosenthal et al. [47]. This study showed a
nearly proportional decrease in bacterial load in BALB/c mice with increasing rifampin
dosing (in a range of 10-40 mg/kg) against a fixed background of standard isoniazid and
pyrazinamide dosing. Application of the optimization procedure to more complex models,
including additional drug targets, optimization objectives, and drug-dependent interactions,
can be addressed similarly to the present example through the appropriate PK/PD model
development.

Multiobjective optimization extends the use of PK/PD modeling beyond conventional dose-
ranging simulations and the characterization of variability [48]. Using a PK/PD model to
establish a relationship between a design space of dose regimens and objective functions for
any of the model outputs, multiobjective optimization algorithms provide a method of
screening to better focus experimental investigations on a targeted set of potentially optimal
regimens, and in turn, provides an additional means to critically examine PK/PD model
predictions. This approach provides a potentially useful tool to address some of the goals of
individualized medicine [49]. For example, a design space could be defined as the individual
doses of multiple separate drugs (possibly needed to treat multiple co-occurring diseases)
constrained to a desired frequency of administration and duration of treatment. An
appropriately detailed PK/PD model could be calibrated to a set of measurements that
describe the physiological and disease state of an individual patient (e.g., body weight,
kidney and liver function, and individual metabolomic profile). Pareto-optimized
combination regimens could then be found that maximize efficacy, suppress resistance, and
minimize adverse or unwanted effects for the specific individual; with a final choice of
optimal regimen chosen based on clinical judgment. Such an example may be relevant to the
complex treatment regimens involved with multidrug resistant TB and HIV co-infections
[50], and provides additional motivation for the development of accurate and predictive
PK/PD models.
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Fig. 1.
Model simulations and experimental data for: (a) pulmonary M. tuberculosis killing kinetics,

(b) rifampin plasma and liver concentrations, (c) hepatic Cyp3all mRNA expression, and
(d) hepatic CYP3A11 enzyme activity. The experimental data points in (a) were digitally
extracted from Jayaram et al. [24], and those in (b), (c), and (d) were digitally extracted from
Raybon et al. [21].
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5x/week dosing: Rifampin plasma concentrations and corresponding objective functions on
the treatment interval T. By, bacterial load; M+, time averaged enzyme induction ratio; and
AUC+, plasma area under the concentration-time curve. Row (a): Uniform dosing at 10
mg/kg (solid line) and 20 mg/kg (dashed line). Row (b): Uniform dosing at 10 mg/kg (solid
line) and optimized dosing for P1 (dashed line). Row (c) Uniform dosing at 10 mg/kg (solid
line) and optimized dosing for P2 (dashed line). Row (d): Uniform dosing at 10 mg/kg (solid
line) and optimized dosing for P3. The arrows point to the day 14 objective function values
for uniform 20 mg/kg dosing.
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7x%week dosing: Rifampin plasma concentrations and corresponding objective functions on
the treatment interval T. By, bacterial load; My, time averaged enzyme induction ratio; and
AUC+, plasma area under the concentration-time curve. Row (a): Uniform dosing at 10
mg/kg (solid line) and 20 mg/kg (dashed line). Row (b): Uniform dosing at 10 mg/kg (solid
line) and optimized dosing for P1 (dashed line). Row (c) Uniform dosing at 10 mg/kg (solid
line) and optimized dosing for P2 (dashed line). Row (d): Uniform dosing at 10 mg/kg (solid
line) and optimized dosing for P3. The arrows point to the day 14 objective function values
for uniform 20 mg/kg dosing.
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PK/PD Model parameters.

Table 1

Parameter (units) Value

Description

Rifampin pharmacokinetics®

Fa 1.0
ka(n™Y) 0.69
CLyc(Lih/kg) 0.0104
Quc(LMikg) 5.4

Fu 0.998
Vic(L/kg) 0.065
ke(h™) 26.4
Vpe(L/kg) 0.90

CYP3A11 enzyme kinetics®

o) 7.04
Sya(fold) 7.86
SCso(UM) 6.2

Ty(fold) 0.88

kgn(NM/h/mg)h)  35.4

Koeg(n™) 115

y 0.6
Eq(nM/h/mg) 28.5
Bacterial growth and kiIIingb
Hg(h™) 0.015
Nrmax(CFU) 1.71x10°
Kmax(h™2) 0.049
ECso(UM) 472

h 0.60
No(CFU) 7.98x105

Oral bioavailability

Oral absorption rate
Hepatic clearance

Hepatic blood flow

Hepatic bioavailability
Liver volume
Plasma-to-liver transfer rate

Plasma volume of distribution

Transit time

Maximum CYP enzyme mRNA expression

Half-maximum effect concentration
Basal CYP mRNA expression

CYP enzyme synthesis rate

CYP enzyme degradation rate
mRNA amplification factor

Basal enzyme activity

Bacterial growth rate

Maximum CFU in untreated mice
Maximum rate of antimicrobial killing
Half-maximum effect concentration

Hill coefficient

CFU at start of drug treatment

aSource: [21].

b
Source: Present study.
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Uniform and selected optimal dosing regimens for 5x/wk schedule of administration. Objective functions are

evaluated at T = 14 d.

Regimen?& ABP  AUCi(mg-d/L) My

Uniform dosing

(10, 10, 10, 10, 10, 0, 0) -1.01 54.15 2.99

(20, 20, 20, 20, 20, 0, 0) -1.57 108.29 3.23

Optimized dosing

(0,30, 30, 30, 25,0, 0)¢  ~135 12453 2.96

(15,10, 10, 10, 25,0,0)d ~1.32 7578 3.14
102.85 2.94

(0, 25, 20, 20, 30, 0,08 ~L1.27

aWeekly regimen (Do, D1, D2, D3, D4, Ds, Dg) (mg/kg).

bAB =BT - B, Bg = 1og10NQ.
CPl: Minimized (BT, MT).
dP2: Minimized (BT, AUCT).

eP3: Minimized (BT, AUCT, MT).
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Uniform and selected optimal dosing regimens for 7x/wk schedule of administration. Objective functions are

evaluated at T = 14 d.

Regimen @ ABP  AUC(mg-diL) My

Uniform dosing

(10,10, 10, 10,10, 10, 10)  -1.64 7475 3.28

(20,20, 20,20, 20,20, 20)  -2.29  149.49 3.49

Optimized dosing

(0,5,30, 30, 30,30, 30)C  ~2.06 16465 3.23

(15,15, 15, 15, 15, 15, 150 —2.02 11212 341
143.93 3.27

(0, 30, 20, 15, 20, 30, 20)¢ 203

aWeekIy regimen (Do, D1, D2, D3, D4, Ds, Dg) (mg/kg).

bAB =BT - B, Bg = 1og10NQ.
CPl: Minimized (BT, MT).
dP2: Minimized (BT, AUCT).

eP3: Minimized (BT, AUCT, MT).

J Pharmacokinet Pharmacodyn. Author manuscript; available in PMC 2015 September 22.



