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Model-Informed Drug Development for Anti-
Infectives: State of the Art and Future
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Model-informed drug development (MIDD) has a long and rich history in infectious diseases. This review describes
foundational principles of translational anti-infective pharmacology, including choice of appropriate measures of
exposure and pharmacodynamic (PD) measures, patient subpopulations, and drug-drug interactions. Examples are
presented for state-of-the-art, empiric, mechanistic, interdisciplinary, and real-world evidence MIDD applications in
the development of antibacterials (review of minimum inhibitory concentration-based models, mechanism-based
pharmacokinetic/PD (PK/PD) models, PK/PD models of resistance, and immune response), antifungals, antivirals,
drugs for the treatment of global health infectious diseases, and medical countermeasures. The degree of adoption
of MIDD practices across the infectious diseases field is also summarized. The future application of MIDD in
infectious diseases will progress along two planes; “depth” and “breadth” of MIDD methods. “MIDD depth” refers

to deeper incorporation of the specific pathogen biology and intrinsic and acquired-resistance mechanisms; host
factors, such as immunologic response and infection site, to enable deeper interrogation of pharmacological impact
on pathogen clearance; clinical outcome and emergence of resistance from a pathogen; and patient and population
perspective. In particular, improved early assessment of the emergence of resistance potential will become a
greater focus in MIDD, as this is poorly mitigated by current development approaches. “MIDD breadth” refers to
greater adoption of model-centered approaches to anti-infective development. Specifically, this means how various
MIDD approaches and translational tools can be integrated or connected in a systematic way that supports decision
making by key stakeholders (sponsors, regulators, and payers) across the entire development pathway.

Model-informed drug development (MIDD) has been defined
as a “quantitative framework for prediction and extrapolation
centered on knowledge and inference generated from integrated
models of compound-, mechanism-, and disease-level data aimed
at improving the quality, efficiency, and cost-effectiveness of de-
cision making.”' We apply a non-reductionist perspective of this
definition. This means that model-based methods and compe-
tencies to improve decision making in drug development are best
sought from multiple disciplines, via diverse methods, and in an
integrated manner. The full potential of MIDD requires recog-
nition and adoption by stakeholders across the drug development
value chain.

MIDD has been extensively used in infectious diseases, sig-
nificantly assisted by the fact that pathogens can be meaningfully
evaluated outside the patient. The types of MIDD approaches
applied are inextricably linked to the types of translational tools
used in infectious diseases research and development. In bacteri-
ology, using the minimum inhibitory concentration (MIC), with

its many flaws, might be regarded as the first example of exposure-
response and translational pharmacokinetics/pharmacodynamics
(PKs/PDs), traced back to early efforts examining the antibacterial
activity of penicillium by Alexander Fleming in 1944.”

From the early 1980s, using an ever-expanding array of preclini-
cal infection approaches and clinical outcomes, regression models
linking dose, PKs, and MIC to outcome have been increasingly
applied during the development of antibacterial drugs. I vitro sys-
tems range from MIC testing to static concentration kill curve ex-
periments to dynamic hollow-fiber approaches. Iz vitro systems to
establish PKs/PDs for infectious discases outside of bacteriology
have had more complex evolution aligned with the greater com-
plexity of laboratory methods required for detection and quanti-
fication. For example, in virology, there are additional specific cell
culture or reverse transcription-polymerase chain reaction (RT-
PCR) systems required (e.g., flavivirus, influenza, and severe acute
respiratory syndrome-coronavirus 2 (SARS-CoV-2)), and in par-
asitology, specific methods for staging a pathogen life-cycle (e.g.,
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Plasmodium (P.) falciparumand P. vivax) and quantification via
microscopy or RT-PCR are also necessary. Iz vivo models provide
complementary information to iz vitro systems when they can be
reliably established. An extensive array of animal infection mod-
els has been used across the infectious disease spectra to explore
different intervention modes (e.g., prophylaxis and treatment) and
different end points (quantitative changes in pathogen load and
signs of infection ranging from change in activity, weight, and tem-
perature to moribund/mortality end points), including approaches
to “humanize” such systems to better support translation (e.g.,
humanizing PK and immunosuppression). Controlled human in-
fection models (CHIMs), where healthy volunteers are infected
with a pathogen, represent an important version of the search for
translational models, and are an important part of the translational
armamentarium for diseases, such as malaria and influenza and in-
fections with respiratory syncytial virus (RSV).

Empiric rubrics based on PK/PD target patterns (e.g., time-free
concentrations exceed MIC, time above MIC (T > MIC), and
free area under the curve (FAUC)/MIC ratio), (sub)population
PK/PD modeling, regression modeling, and Monte Carlo simu-
lation for probability of target attainment, have all been applied
for the development and breakpoint determination of antibacteri-
als and antifungals. Assumptions on the transferability of empiric
PK/PD MIDD (Figure 1) concepts across infectious diseases has
likely both hastened progress in some areas and delayed progress in
others. For example, correlating PK/PD indices with patient out-
comes’ from bacteriology has also been a consistent predictor of
outcomes with antivirals in HIV minimum concentration/50% in-
hibitory concentration (C .
informative for influenza.” We speculate that extensive adoption of
empiric PK/PD MIDD for antibacterials and over-reliance on the
MIC, primarily due to the ease of determining MIC and applying

/IC,), yet has not been particularly

in dose decisions and the lack of clinical data to strongly validate
mechanistic approaches, has delayed (relative to other therapeutic
areas) adoption of mechanistic MIDD methods (Figure 1) such
as quantitative systems pharmacology (QSP) approaches, which
may define more effective genotypic-targeted treatment paradigms
for antibacterials informed by deeper mechanistic understanding.

QSP approaches offer potential for increased precision over MIC
measures and account for important factors, such as inoculum ef-
fect, development of resistance overtime, context of biofilm, and
immune function. More emphasis on mechanism-based PKs/PDs
has become an important part of antimalarial drug development.
In contrast to QSP, physiologically-based PK (PBPK) modelingisa
mechanistic MIDD approach that is broadly adopted in infectious
diseases.® PBPK is routinely used to support drug development
decisions, including lead candidate selection, dosing in pediatrics
and other populations, hazard assessment in breast feeding and
pregnancy, and the clinical context of potential drug-drug interac-
tions (DDIs). It is also increasingly used to translate anti-infective
PK/PD relationships to unbound drug exposures at the sites of in-
fection, which is widely accepted as the most relevant biophase for
translational pharmacology efforts in the infectious diseases arena.

Uniquely, therapeutics targeting infectious diseases have poten-
tial for benefit and harm to be amplified beyond the individual
patient. When effective, anti-infectives can reduce infectiousness
and spread of a disease in a community. However, their use can also
result in the emergence and propagation of microbial resistance.
Extending interdisciplinary MIDD (Figure 1) approaches to
include stochastic or agent-based epidemiological models has al-
lowed new anti-infective treatment strategies to be evaluated from
apublic health perspective and has applications, including steward-
ship, disease eradication campaigns, or management of outbreaks
and pandc:mics.7—9 Extending interdisciplinary MIDD approaches
to health economic models enables earlier engagement with poten-
tial payers to collaborate on approaches to increase the commercial
viability of anti-infectives.

The world’s response to identifying therapeutic interventions for
coronavirus discase 2019 (COVID-19) has highlighted real-world
evidence (RWE) of clinical trial inefficiencies, economic damage,
and lives lost." Although there were heroic efforts by researchers
and volunteers to rapidly develop a vaccine and design and conduct
studies, there are calls for the clinical and quantitative pharmacol-
ogy professions to do more'! and drive broader adoption of MIDD
to improve decision making across the drug development ecosys-
tem."" ™" Model-based meta-analysis (MBMA) approaches have
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Figure 1 Schematic overview of MIDD approaches that have been applied to the development of anti-infectives. MBMA, model-based meta-
analysis; MIDD, model-informed drug development; P2P, pharmacology to the payer; PBPK, physiologically-based pharmacokinetics; PD,
pharmacodynamics; PK, pharmacokinetics; QSP, quantitative systems pharmacology; RWE, real-world evidence.
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been applied to explore emerging COVID-19 clinical trials data
for signal detection and may offer potential as an RWE MIDD
tool (Figure 1).

This review showcases state-of-the-art, empiric, mechanistic, in-
terdisciplinary, and RWE MIDD applications in the development
of antibacterials, antivirals, antifungals, drugs for the treatment of
global health infectious diseases, and medical countermeasures. We
also seek to describe the degree of adoption of MIDD practices
across the field and future applications. This review is constrained
to MIDD activities of lead candidates through to regulatory and
payer approval and does not include MIDD as it pertains to drug
discovery or precision dosing, such as therapeutic drug monitor-
ing, application of virtual twin approaches using PBPK,16 or dual
individualization principles where PKs, pathogen sensitivity, and
PKs/PDs are integrated to guide dosing decisions for individual

. 1
patlents, 7

GENERAL CONSIDERATIONS FOR MIDD IN INFECTIOUS
DISEASES

Although infectious diseases are extremely diverse, there are
foundational principles in translational pharmacology that re-
peat frequently in the application of MIDD principles to de-
veloping anti-infectives. A nonexhaustive list of these factors is
shown in Figure 2. Important features to highlight include: (i)
establishing the PK/PD relationship as close to the pathogen as
possible at the site of infection, including the consideration of
distribution and unbound exposures; (ii) the impact of comor-
bid conditions or other patient characteristics impacting PKs;
(iii) how the pathogen end point is quantified, such as direct
culture, 50% tissue culture infective dose, RT-PCR, and counts
of specific stage of pathogen life-cycle; (iv) acknowledgement
that the infecting pathogen is a heterogencous population; and
(v) the impact of the immune system on individual susceptibil-
ity and disease course, such as with acute respiratory distress
syndrome and sepsis.

It is also important to highlight that although specific applica-
tions of MIDD and general level of adoption of approaches may
differ in certain infectious diseases, similar MIDD approaches are
almost uniformly and routinely applied to inform dosing of sub-
populations (pediatric, pregnant, elderly, renally or hepatically
impaired, or critically ill patients) as well as informing DDIs (see
sections below). As such, the omission of specific case examples
within each infectious disease does not imply lack of adoption of
such MIDD approaches. MIDD adoption across infectious disease
areas is summarized in Table 1.

Choice of appropriate exposure and pharmacodynamic
measures
It was realized more than 50 years ago that protein binding has a
bigimpact on anti-infective activity and that only the free concen-
tration, inferred from the unbound fraction in serum or plasma,
is pharmacologically active.' Ignoring protein binding in dose
estimation of daptomycin led to early termination of unsuccess-
ful clinical trials.'” Hence, it became clear that only unbound
concentrations of anti-infective agents should be considered in
any dose estimation.?’ Because protein binding is frequently lin-
ear and concentration independent, this can often be achieved by
simply multiplying the plasma or serum concentration with a con-
stant fraction unbound.?! There are exceptions, including where
there is significant variability within the patient population or
where nonlinearities in protein binding require concentration-
dependent adjustments.22 In addition, there have been reports of
rare exceptions where antibiotic activity was enhanced in the pres-
ence of proteins.23 However, it is routine practice today to convert
measured plasma or serum concentrations to their unbound values
and report them as free peak concentrations (fC__ ) or fAUC.H
Furthermore, the site of infection can be extravascular, so it is
important to determine the unbound concentration at the infec-
tion site.”>?® Differences in tissue distribution are not adequately
assessed with plasma concentrations only.27 Drug concentrations

Pharmacokinetics

Strain Resistance Mechanism(s)

Strain Population/
Fitness Susceptibility

Pathogen Endpoint

Infection Site

Plasma Protein & Tissue Binding

Inoculum

Host Species

Immune Response

Figure 2 General considerations important for translational pharmacology in infectious diseases.
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in the epithelial lining fluid (ELF) can be estimated using broncho-
alveolar lavage, and microdialysis has emerged in recent years as an
experimental method to directly measure free drug concentrations

. . . 28-31
1n various tissucs.

Microdialysis has been used extensively to
measure unbound drug concentrations in large interstitial spaces,
such as in subcutancous tissues or muscle, as well as in specialized
infection sites, such as lung cavities in patients with tuberculosis

3237 and direct measurement of

and in diabetic foot infections,
infected biological fluids, such as cereberospinal fluid, peritoneal
fluid, and ELF in pneumonia. A special warning should be given
to the frequently applied collection of biopsies to measure “tissue
concentrations.” The average concentrations usually do not reflect
the actual free drug concentration at the infection site but repre-
sent an average number that should not be related to PD activity,
and for xenobiotics that accumulate intracellularly homogeni-
zation destroys tissue architecture resulting in overestimation of
unbound interstitial concentrations where many pathogens re-
side. This is a source of misinterpretation, particularly when anti-
infective drugs accumulate intracellularly in lysosomes at very high
concentrations.>® %

Analogous to using average target-site concentrations, summary
measures, such as fAUC or meax, can also distort the direct re-
lationship between the concentration and drug action, as well as
any time dependencies. This can have impact, particularly when
defining optimal dosage for targets with a fast turnover, such as mi-
crobial pathogens. It is, therefore, of importance to consider if and
how the use of a summary PK measurement is likely to influence

FXP()HL.ITU measure
— Total-drug ELF
— Free-drug plasma

the choice of dosing regimen when extrapolations to untested
dosing regimens are made. In such situations, PK/PD models that
enable characterization of the time course of PK and PD are pre-
ferred. PBPK methods that capture mathematically complex an-
atomic, physiological, physical, and chemical descriptions of the
phenomena involved in drug absorption, distribution, metabolism,
and excretion are also increasingly applied to estimate the full time
course of drug concentrations at the infection site, such as tuber-
culous granuloma,41 as well as within organelles or other sites in
addition to or in lieu of microdialysis methods, and can be linked
to PDs.?

As described in further detail below, the fact that pathogens have
adiverse range of iz vitro sensitivity, as shown with MIC, 50% MIC
(MICSO), and 90% MIC (MIC%) or IC,;and 90% IC (IC90), isa
foundational observation in microbiology, parasitology, and virol-
ogy. For decades, PK exposure measures have also been compared
with iz vitro and in vive susceptibility measures in describing crit-
ical PK/PD indices (AUC/MIC, T > MIC, and C_, /IC,)**
and thresholds that are correlated with microbiological and clinical
outcome and serve as breakpoints that guide approval and clinical
use of a wide range of antimicrobials (an example with lefamulin
is shown in Figure 3).45_47 Even within the antimicrobial area,
the observation that PK/PD indices and thresholds differ by drug
class,43 within drug class by infection sitc:,48 or by pathogen (gram
positive vs gram negative),49 highlights the increasing need for so-
phistication when applying PK/PD indices.>® Consequently, for
MIDD, there has been increasing focus on specific drug-pathogen

Lefamulin dosing regimen
—o— 150 mgivalzh, fasted
- 500 mg orat g12h, fed
-4~ 500 mg orat q12h, fasted
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Figure 3 Percentage probabilities of PK/PD target attainment by MIC for lefamulin intravenous and oral dosing regimens based on the
evaluation of the total-drug ELF and free-drug plasma AUC/MIC ratio targets associated with a 1log,,CFU reduction from baseline for
Streptococcus pneumoniae (S. pneumoniae), overlaid on the MIC distribution for S. pneumoniae. AUC, area under the curve; CFU, colony-
forming units; ELF, epithelial lining fluid; MIC, minimum inhibitory concentration; PD, pharmacodynamic; PK, pharmacokinetic. Reprinted with

permission from Bhavnani et al®”
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pharmacology and increasing use of QSP methods,>? whereby
more detailed PK/PD models are established that can explicitly
describe both the time course of the concentrations of a specific
drug and the time course of PD of a specific pathogen, thereby re-
moving the limitations associated with using average PK measures.

Patient subpopulations

Specific patient characteristics can determine the need for dose ad-
justments in individual patient scenarios.”” Although the systemic
and infection-site PK of many anti-infectives can change in var-
ious patient groups (e.g., critically ill, burn, trauma, and patients
wth obesity), changes in immune system function and severity of
infection can also affect parameter estimates and these can be ac-
counted for by MIDD.>® Where necessary, infection site-specific
anti-infective doses may be needed; for example, in the treatment
of meningitis/ventriculitis (e.g., meropenem and ceftriaxone)54
and ventilator-associated pneumonia (e.g., ceftolozane and tazo-
bactam).” Understanding the breadth of patient scenarios that
will be encountered is of fundamental importance to provide suf
ficient data and guidance to enable clinicians to optimally use a
drug after its licensed indication. The spectra of MIDD methods
that can be applied to support established dosing in various sub-
populations is extensive.

In pediatrics, for example, dosing recommendations may be de-
rived from modeling and simulation based on a combination of PK
modeling of adult data, knowledge of disease impact on PKs, and
incorporation of covariates that influence pediatric PKs, such as
body weight, age, or ontogeny of drug-metabolizing enzymes and
transporters.56’57 Dosing for pediatric patients is determined based
on full extrapolation of efficacy by identifying a dose that delivers
exposures that are comparable to those in adults at the efficacious
dose. This approach assumes that the PK/PD relationship is the
same for adults and pediatrics. Population PK methods incorporat-
ing allometric scaling or PBPK approaches can be used to estimate
the drug exposure in the pediatric population when data are sparse
or not available. Having data from the patient population of inter-
est is greatly preferred over estimations based on prior knowledge
from other drugs or allometry alone.”® Other patient factors in-
corporated into such MIDD methods to establish dosing include:

o Weight—Obese and underweight patients are likely to also
have altered drug clearance and volume of distribution

e Changes in renal and/or hepatic function—Renally cleared
drugs and/or metabolites, acute or chronic kidney diseases, and
the acute emergence of augmented renal clearance can change
drug clearance

e Genetics—May affect metabolic clearance of some drugs where
there is genetic variation of enzymes or transporters59

e Disecase—Acute and chronic diseases can affect drug absorp-
tion and clearance

o Extracorporeal treatments—Renal replacement therapies
like hemodialysis; heart-lung support devices, including ex-
tracorporeal membrane oxygenation; or other treatments,
including plasma exchange, can all affect drug clearance and,
in some cases, may cause drug adsorption to materials of the

deviceéo’éI

872

o Infection site—Some infection pathologies may require higher

doses because of impaired site penetration (e.g., memngitis).5

Drug-drug interactions

DDIs are of great clinical importance for anti-infectives, as these
drugs are often prescribed in patients with multiple comorbidi-
ties who are taking multiple drugs. Population PK methods with
specific concomitant medications as covariates impacting clear-
ance are common MIDD approaches applied to guide dosing in
the setting of DDIs. PBPK is particularly useful in addressing
the clinical relevance of potential DDIs that arise via induction
or inhibition of several cytochrome P450 enzymes. For example,
Siccardi and colleagues62 developed a PBPK model to determine
the dose adjustment that was required for artemether to overcome
the DDI with efavirenz in HIV-infected patients being treated for
malaria. Similarly, a PBPK model was used to assess whether HIV-
positive women receiving efavirenz-based antiretroviral therapy
(ART) and levonorgestrel via contraceptive implants could at-
tain high enough exposure of levonorgestrel to avoid unintended
pregnancies.

ANTIBACTERIALS

Review of MIC-based models

The MIC is defined as the lowest concentration of an antimi-
crobial agent that inhibits the visible iz vitro growth of microor-
ganisms. The MIC test determines the antimicrobial activity of
a test agent against a specific bacterium after an incubation time
of 16-20 hours. This measure of potency has been used as a PD
target that is then related to the respective PK properties of the
anti-infective agent of interest. Three different PK/PD-indices
comparing these properties are most common: free T > MIC
(fT > MIC), the ratio of fAUC over 24 hours at steady-state and
MIC (fAUC, ,/MIC), and the ratio of fC___and MIC (fC__/
MIC).** These indices are casy to calculate and have become very
popular. New compounds under development are classified into
one of these three groups based on dose fractionation studies in
animals.”> A large number of different doses and dosing intervals
are administered to infected animals, such as mice with thigh in-
fections. The response observed at 24 hours after dosing is then
compared with the respective exposure parameters, and the PK/
PD index that shows the best correlation is selected to classify the
compound. Beta-lactam antibiotics usually fall into the fT > MIC
class (also called time dependent), whereas quinolones and macro-
lides belong to the fAUC, ,/MIC class (also called concentration
dependent). These terms are not very accurate because, obviously,
the effect of all drugs depend on both the time course as well as
the magnitude of their exposure. Few drugs seem to belong to
the third class (meax/MIC), although there have been studies
to show that may be the case for some aminoglycosides.64 Once
the PK/PD index type is chosen, the next step is to identify the
target value that best correlates with clinical efficacy. Some of the
recommended index values are consistent with the drug’s iz vitro
potency (quinolones have an fAUC,,/MIC target of 25 for gram-
positive pathogens, which is equivalent to an average concentra-
tion of MIC), whereas others are not. Vancomycin is a prominent
exception to iz vitro-in vivo correlations given it has an AUC/
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MIC target of 400, which is equivalent to 16 x MIC. Although
there appears little reason why the required 77 vivo exposure has
to be so much higher than that proposed from iz vitro studies,
various factors related to methods for MIC measurement (E-test
vs. broth microdilution method) and pathophysiological changes
associated with infection appear to have greater effects for vanco-
mycin than other drugs.

MIC-based PK/PD indices have major limitations. One ex-
ample is ciprofloxacin, which is a typical “AUC-driven” drug, so
AUC/MIC should be predictive of outcome. Figure 4 shows
the results of two treatment schedules of ciprofloxacin for B. an-
thracis, with the same total daily dose given once or twice daily.é5
The fAUC2 418 the same for both treatment schedules and, there-
fore, the fAUC2 #/MIC is also the same. However, both treatment
schedules result in completely different outcomes; twice-daily dos-
ing worked very well without resistance development and once-
daily dosing failed. Hence, fAUC24/ MIC was not predictive for
outcome for this quinolone, likely related to the short half-life in
mice.”’ Similarly, it has been suggested that meropenem is a “time-
driven” drug, where fT > MIC is predictive. However, although
the PK/PD indices provide an exposure parameter for dose calcu-
lations, they do not inform dosing frequency (usually determined
empirically based on PKs) or treatment duration, because the PK/
PD magnitude is based on response following 24 hours postdosing.

Review of mechanism-based PK/PD models

To overcome the shortcomings of MIC-based models,
mechanism-based models have been developed over the years
that depend not only on a single bacteria measurement but fol-
low the effect of the drug over time. The effect over time can
be determined in iz vitro and in vivo experiments. In vitro the
microorganisms of interest are incubated at a starting inocu-
lum, usually measured in colony-forming units/mL, and then
with the anti-infective agent. A large number of these in vitro

systems have been proposed.66 They can be classified as those
where the drug concentration is constant over the duration of
the experiment (static models) or where the drug concentration
is altered to mimic the expected iz vivo concentration profile
(dynamic models).”"® The advantage of this approach over
simple MIC measurements is that it provides detailed infor-
mation about the magnitude and time course of anti-infective
activity, which also requires a more sophisticated data analysis
that will attempt to capture the observed kill curve profiles in
mathematical models to allow for translation. The number of
parameters used for this approach are larger than the single
MIC value and, at a minimum, usually include a control growth
rate constant and a killing rate, often expressed as a maximum
kill rate and a potency value such as the half-maximal effect
concentration (EC, ). Miiller and colleagues compared both ap-
proaches and suggested that, for a given drug/bug combination,
there is a quantitative link between MIC and ECSO.25 However,
because MIC is defined solely by the absence of visible growth
at a certain time point, it is not depcndent on the maximum
kill rate and, therefore, provides less detail. Different combina-
tions of growth and kill rates can result in similar MIC values.
Moreover, emergence of resistance during the incubation period
is not accounted for. Over the years, the mathematical models
to describe the results of these iz vitro studies have matured and
become more detailed and sophisticatcd.70 Some of these mod-
els are shown in Figure 5. This approach has clear advantages
over the simpler MIC-based PK/PD indices. For example, it has
been shown that the choice of the best PK/PD index changes
with changing PK parameters of the drug,so and the magnitude
of the PK/PD index is sensitive to the experimental design, the
MIC, and the PKs. Therefore, it may be preferable to perform
simulations for dose selection based on an integrated PK/PD
model rather than using a fixed PK/PD index target.71’72 These
integrated PK/PD models are much more powerful than simple
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Figure 4 Effect of dose schedule on efficacy of ciprofloxacin against B. anthracis. A ciprofloxacin exposure of an AUC,,, of mg h/liter (AUC,,,/
MIC 256) was given as two equal doses at 12-hour intervals or as a single dose at 24-hour intervals. AUC,,,, area under the curve over
24 hours; CFU, colony-forming units; MIC, minimum inhibitory concentration. Reprinted with permission from Deziel et al.%®
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MIC-based PK/PD indices.”>”* They also can be used for dose  models are that they can be built on data from static experimen-
identification and optimization of anti-infective drug combi-  tal models and the resource-demanding dynamic experiments
nations.””””® Another advantage of mechanism-based PK/PD  can be saved for verification or minor adjustments given their
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predictive capacity.79 It is anticipated that PK/PD models de-
scribing the time courses of bacterial growth and killing will be
increasingly used in drug development.

PK/PD models characterizing antibiotic resistance
Regrowth is most often observed in experimental systems (i.e., de-
spite the constant antibiotic concentration during the experimen-
tal time), the bacterial number increases after an initial decline.
This could be because: (i) the bacteria population in the starting
inocula has a heterogeneous susceptibility distribution and the re-
sistant bacteria are selected during the experiment, (ii) mutations
occur during the experimental time, or (iii) there is a phenotypic
switch during antibiotic pressure leading to the bacteria becoming
less susceptible (i.c., the bacteria are adapting and become more
tolerant to the antibiotic). In any situation, it is important to in-
vestigate the presence of different populations and resistance in
these experiments, and to incorporate this into the PK/PD model.
There are multiple variants of semimechanistic models that de-
scribe regrowth; most suggest the existence of subpopulations
at start of the experiment,so mainly for aminoglycosides71 and
polymyxins,72 where adaptive resistance has been experimentally
demonstrated to be of relevance. It is less plausible that stochastic
mutations, leading to reduced susceptibility, will also gain suffi-
cient fitness to contribute to regrowth during the relatively short
duration of time-kill experiments. The clinical relevance of the
regrowth observed in experimental systems remains unclear and
could be viewed as a necessary part of a PK/PD model to accu-
rately quantify the actual PK/PD relationship in the absence of
resistance development.

Another phenomenon that is frequently apparent in experi-
mental systems is an inoculum effect and a reduced log killing as
the number of bacteria approaches a maximum count. In PK/PD
models, these characteristics have been described by transition of
bacteria to a resting and insusceptible state as the bacterial density
increases in the systcm81 or an effect of signal molecules that be-
come activated as the bacterial number increases.®> A limitation
of logistic growth, which could be viewed to be a more empirical
description of the asymptotic growth, is that additional functions
are needed to describe the inoculum effect because the same log
kill will be predicted regardless of the bacterial density. As more
functions and parameters are needed to describe the same datain a
model, there is a risk that the parameters become less precise, and
the predictive capacity may not be better than a more parsimoni-
ous model structure.

Models of immune responses

In patients treated with antibiotics, the immune system also con-
tributes to bacterial killing. However, the quantitative impact of
neutrophils, a key component of the innate immune system, has
rarely been studied or considered in the development of PK/PD
models of antibiotics. The main reason for this is likely that neu-
trophils are less viable and functioningin the iz vitro time-kill sys-
tems. In the 7z vivo models used to define PK/PD indices, the mice
are typically made neutropenic prior to the infection and, there-
fore, it could be perceived that both the iz vitro and in vivo systems
are reﬂecting a worst-case situation (i.e., an immunocompromised
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patient). The immune system will, however, play an important
role in the presence of antibiotic drug resistance, as it does not dis-
tinguish between a resistant bacterium and a susceptible one, and
can, therefore, contribute to eradicate the residual bacteria. Based
on iz vitro and in vivo data, neutrophil-mediated phagocytosis has
only recently been quantitatively described over a wider range of
conditions, and interactions between immune system and anti-
biotics have rarely been quantificd.84

The bacterial load in patients is, for practical reasons, difficult
to measure quantitatively for most bacterial infections. There may,
however, be an opportunity through PK/PD modeling to make
better use of the immune system response to understand the sever-
ity of the disease.®® In addition to the dynamics of immune cells,
the release of infection biomarkers and cytokines may guide the
efficiency of an anti-infective therapy. So far, such biomarkers are
not considered in the development of antibiotics but, based on
models describing the complex interplay between such variables
in advanced animal infection models,®® the information could be
efficiently translated and linked to clinical situations to optimize

therapy.

ANTIFUNGALS

For antifungals, the primary MIDD approaches applied to date
have involved mainstream empiric PK/PD methods to establish
dosing rationale, including the use of PK/PD indices, application
of population PK models, and the use of Monte Carlo simulation
for target attainment of PK/PD break points, and are canvassed
below. Subpopulation and DDI dosing, although not featured
below, are supported by PBPK methods, whereas QSP and other
MIDD methods described are uncommon in the antifungal area.

The majority of the approaches applied for antibacterial MIDD
have translated well for antifungals.43 First, there are reproducible
and regulatory approved methodologies that provide a measure
of in vitro potency or MIC.% Second, multiple 7% vitro and small-
animal infection models have assessed the impact of antifungal
concentration. Third, reliable organism burden end points exist
for most fungal pathogens, including quantitative culture, quanti-
tative PCR, other fungal biomarkers, and animal survival. In most
instances, exposure-response relationships utilizing these measures
have been congruent. Most importantly, clinical antifungal PK/
PD datasets have validated preclinical model end points for two
of the most prevalent invasive fungal genera, Candida and less so
for Aspergillus spp. A number of preclinical models have addressed
other important fungal pathogens and await clinical data to ex-
plore their translational relevance.

Common PK/PD studies in the model include dose fraction-
ation, time kill, and multi-organism escalating drug exposure.87
The exposure-response analysis for each of these study designs
helps to inform important aspects about a drug’s activity, includ-
ing a PK/PD index that drives efficacy (e.g., AUC/MIC, C_ /
MIC, or T > MIC), the presence and extent of post-antifungal
effect, and, finally, the PK/PD target exposure linked to various
therapeutic effects, such as net stasis, 1-log kill, or half-maximal ef-
fective dose (EDSO), respectively. For both triazoles and echinocan-
dins, dose-fractionation and time-kill studies have demonstrated

that AUC/MIC is the PK/PD driver associated with efficacy and
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that there are moderate to prolonged post-antifungal effects. 3

Conversely, for flucytosine and polyenes, T > MIC and C../
MIC have been the PK/PD-linked drivers of efficacy.%’97 Recent
investigations with novel mode of action antifungals have also
demonstrated the utility of these models. For the Gwtl inhibi-
tor, fosmanogepix, AUC/MIC has been the clearly linked dos-
ing parameter, whereas for the orotomide antifungals, time above
threshold is the driving index.”®” An additional finding of note
is the congruence of the PK/PD driver within drug class. For ex-
ample, the driver is consistently AUC/MIC within the triazole
class. Furthermore, the PK/PD driver for a single drug will remain
the same between organisms. For example, isavuconazole has the
same PK/PD driver (AUC/MIC) for C. albicans, C. glabrata,
and 4. _ﬁtngatm.%’wo Given the standardization and experience
over time with these models, they are casily adaptable to new or
emerging Candida pathogens, for example, C. auris, and to new
antifungals.%’”’ml’102

Incorporation of multi-isolate studies are designed to estimate
the PK/PD target exposure (for the previously defined PK/
PD driver) associated with a therapeutic effect (e.g., net stasis,
1-log kill, or EDSO). This is a critical element to capture inher-
ent variability between organisms, variability in the model, and
variability in clinical medicine to be able to robustly estimate
PK/PD target exposures. There is extensive experience in pre-
clinical PK/PD studies for IC. In studies examining the PK/
PD relationship of triazoles, multiple laboratories have demon-
strated that the target PK/PD exposure-linked ED58 against
C. albicans is a free drug AUC/MIC of ~ 25-50.871%° The
triazole PK/PD target for other Candida species has not been
studied as thoroughly, but limited data suggest that the PK/PD
targets may be incrementally lower compared with C. albicans”?
Echinocandins have also undergone robust preclinical PK/PD
study, including multiple Candida species. Free drug AUC/
MIC targets associated with net stasis against C. albicans were
10-20, but numerically 2-fold to 3-fold lower for other species
(e.g., C. glabrata and C. parapsilosis) 587> +10%104
tal models of invasive pulmonary aspergillosis, PK/PD target

In experimen-

exposures for ED_ or net stasis for voriconazole, posaconazole,

and isavuconazolé%vere noted at free drug AUC/MIC exposures
of 1.7-11.100105106 A 1 ovel ex vivo lung epithelial cell model has
also been explored for determination of the antifungal PK/PD
target using a measure of Aspergillus cell wall.'%”

Translating PK/PD targets to clinical medicine has been ap-
proached in one of three ways. First, if the PK/PD target ex-
posure and the pathogen MIC distribution is known, the PK
exposure can be determined, and, therefore, what dose may be
necessary to optimize chances of clinical success. If the PK/PD
target exposure is known and there are preclinical PK data for
a defined dosing regimen, appropriate MIC thresholds (ie.,
breakpoints) can be set where one would expect success or fail-
ure. Finally, if there are both a defined dosing regimen with
known PK and pathogen MIC distribution, it is possible to de-
termine the probability that clinical PK/PD target exposures,
incorporating both PK variability and variability in MIC of the
infecting pathogen, would meet or exceed the preclinical targets
observed in the animal model. This last method is commonly
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done via Monte Carlo simulation with the output of probability
of target attainment.'%®

Clinical validation of PK/PD targets is a final and necessary step
to harness the full translational potential of these studies. In the
case of invasive candidiasis, there are multiple clinical datasets that
have validated the predictive effect for patient outcome if meeting
or exceeding the PK/PD targets originally identified in the animal
model.'P113 For example, PK/PD analysis of micafungin trials of
invasive candidiasis identified an AUC/MIC target that was iden-
tical to the murine PK/PD model AUC/MIC exposure needed to

9214 1) the absence of robust clin-

achieve a net stasis end point.
ical data, the preclinical model results have been utilized as the
predominant evidence for disease state approval. Specifically, PK/
PD data from the rabbit Candida meningitis model were a pre-
dominant reason for approval of the echinocandin, micafungin, for
neonatal meningoencephalitis.115 This decision was based in large
part on the perceived near impossibility of a clinical trial in this
disease state.

Clinical PK/PD datasets for triazoles and invasive pulmonary
aspergillosis that include organism data (c.g., MIC), dosing reg-
imen, PK data, and outcome are more limited but do exist for
voriconazole."'®"" For both candidiasis and aspergillosis, the pre-
clinical PK/PD results and congruent clinical datasets have been
utilized in the development of susceptibility breakpoints for the
Clinical Laboratory Standards Institute (CLSI) and the European
Medicines Agency (EMA). Most recently, the results from preclin-
ical investigations in murine invasive candidiasis and aspergillosis
have been incorporated into dose selection decisions for clinical
trials with novel agc:nts.98’99’1 18

In addition to established models for Candida and Aspergillus
genera, there are a number of groups exploring PK/PD models for
other clinically important species, including Cryprococcus and fungi

from the zygomycetes group.lw_121

Further preclinical and clinical
validation studies are needed for these infections, which are associ-

ated with exorbitant morbidity and mortality.

ANTIVIRALS

Hepatitis C

The development of drugs for the treatment of hepatitis C virus
(HCV) infection has elucidated a number of important learn-
ings for viral diseases focused on a particular site of infection,
in this case the liver. Small-molecule drugs, which have become
a cornerstone of HCV treatment, include protease inhibitors,
non-nucleoside polymerase inhibitors, and nucleos(t)ide analogue
inhibitors. The linkage of viral kinetic models and PK models to
characterize antiviral PK/PD has been used extensively to opti-
mize treatment regimens for HCV.'**

The PD predictors of clinical potency for both protease inhib-
itors and non-nucleoside polymerase inhibitors were reported by
Reddy and colleagues using a PK/viral kinetic model.'* For both
drug classes, increasing clinical potency was associated with in-
creasing C_. concentrations as a function of the iz vitro protein-
shifted ECSO. Interestingly, given the dependence of HCV protease
inhibitors on the hepatic uptake transporters, organic anion trans-
porting polypeptide (OATP) 1B1/1B3, for liver penetration,

additional consideration of the liver-to-plasma ratio significantly
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enhanced the prediction of antiviral activity (Figure 6). Similar re-
sults further verified the importance of the liver-to-plasma ratio for
HCYV protease inhibitors.'**

Although these PK/PD markers are based on carly antiviral
potency, they may not predict the ultimate clinical outcome of
HCYV therapy, which is a sustained virological response 12 weeks
following the cessation of treatment. Both protease inhibitors
and non-nucleoside polymerase inhibitors also have a low bar-
rier to resistance, making monotherapy insufficient for successful
treatment. Therefore, combination therapy, including a drug that
has a high barrier to resistance, is necessary to ultimately lead to
successful clinical outcomes.'* Modeling efforts have character-
ized the relationship between pre-existing resistant mutations
and HCV viral kinetics, providing further insights into treatment
optimization.lz/*’l%’127

The dependence of HCV protease inhibitors on hepatic up-
take transporters to achieve adequate liver concentrations has had
important implications for OATP-related DDIs. Many HCV
protease inhibitors, including simeprevir'*® and asunaprevir,'*?
demonstrate significant increases in plasma concentrations as a
result of co-administration with OATP1B1/1B3 inhibitors. For
example, asunaprevir plasma exposures increased 15-fold to 21-
fold when co-administered with an OATP inhibitor.'?’ The clin-
ical consequence of such an interaction is less drug taken up into
hepatocytes, which may compromise clinical efficacy. In such cir-
cumstances, dose reductions due to the increase in plasma concen-
trations are not advised, as such reductions would be expected to
further reduce hepatocyte concentrations.

The third class of drugs used in the treatment of HCV include
nucleos(t)ide analogues. These agents are metabolized intracel-
lularly to the active triphosphate form. The PD of these drugs
are, therefore, driven by intracellular concentrations, making the
utility of measuring plasma concentrations questionable. For cer-
tain nucleosides, when the intracellular half-life is faster than the
plasma half-life, plasma concentrations may serve as a relevant ma-
trix to drive the PD effect, although this is rare. In most cases, an
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appreciation for intracellular hepatocyte PK is required, which will
determine the frequency of administration and ability to achieve
therapeutic exposures.l30 A number of investigators have applied
modeling approaches to understand the mechanisms of action of
. 131 .. .
nucleos(t)ide analogues ™" and to optimize both dosing and treat-
ment duration of nucleos(t)ides containing interferon-free combi-

. . 132
nation regimens.

Respiratory syncytial virus

Similar to the focus of HCV treatment on the liver as the site of ac-
tion, the focus of RSV treatment is on the lungas the site of action.
Mechanistic models have been leveraged to identify and achieve
therapeutic plasma concentrations, which is particularly import-
ant given that the patient population includes children 2 years of
age and below. In this population, model-based approaches have
been utilized to improve the ability to dose infected infants at
therapeutic levels, minimizing the number of children who may
be exposed to subtherapeutic doses. Definition of therapeutic con-
centrations may come from 7z vitro studies, animal studies, and/
or human challenge studies, which provides a therapeutic target
to achieve in children. Allometric scaling from adults can then be
used to predict doses that will provide the anticipated therapeutic
exposures in RSV-infected infants. An example of this approach
includes a dose-finding study of the nucleoside analogue, lumicit-
abine (ALS-8176), conducted in healthy adult volunteers infected
with RSV.'?? The results of this study were utilized to construct
a mathematical model linking intracellular triphosphate con-
centrations in lung epithelial cells to an RSV viral kinetic model
(Figure 7).13% This model developed in adults allowed for the al-
lometric scaling of lumicitabine triphosphate intracellular lung
concentrations to infants to design initial dosing regimens to be
tested in infected patients who were anticipated to be within the
therapeutic range. This example highlights the particular utility
of model-based approaches for pediatric development, in particu-
lar where the initial testing of a novel drug in an infant population

can be challenging.

Human immunodeficiency virus

HIV is a chronic viral infection with a validated surrogate marker
(plasma HIV-ribonucleic acid [RNA], also known as viral load)
used for predicting efficacy of antiretroviral agents that is highly
dynamic. Reductions in viral load are highly predictive of clinical
benefit and used as appropriate end points for clinical studies. The
treatment goal for ART therapy is to suppress and maintain unde-
tectable viral load. In addition to clinical benefit, viral suppression
effectively removes the risk of sexually transmitting HIV to un-
infected partners. As such, viral load is the primary monitoring
parameter of effectiveness of ART.

A basic concept for maintenance of virologic control is the prin-
ciple of inhibitory quotient (IQ), or an indicator of the ratio of
antiviral exposure, usually adjusted for protein binding, to the sus-
ceptibility of the virus. There are various iterations of this concept
depending upon which measures of exposure and susceptibility are
used: IQ, genotypic IQ ratio (trough concentration/#genotypic
mutations from genotype), phenotypic IQ ratio (trough concen-

tration/IC, from phenotype), and normalized IQ (PIQ from an
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individual/reference 1Q).'*> IQ values in plasma and/or the in-
tracellular milieu can be used to assess the dose-response of HIV
therapy, such that high IQ values indicate potential to inhibit HIV
and minimize the development of resistance. > Typically, the IQ
is derived from early phase I studies of individual antiretroviral
agents as monotherapy in patients with HIV for a limited duration
(e.g., 10 days of monotherapy). From this carly assessment, target
concentrations based on achievable IQ values can be used to in-
form dose selection decisions for chronic dosing in combination
with other antiretroviral agents. Such short-term phase I studies
generally offer the only opportunity to evaluate IQ for individ-
ual antiretroviral agents, given that subsequent studies are usually
conducted with combination regimens. As such, the relationship
between exposure and antiviral outcomes in longer-term studies
needs to be considered within the context various other factors,
such as the study design, the target population, the other drugs in
the combination, and the pre-existence/emergence of resistance
mutations.

Given the clinical significance of nonadherence with antiret-
roviral treatment, relatively high IQ values are targeted in the de-
velopment of ART agents to provide regimen “forgiveness,” such
that missed or late doses should have limited impact. In the context
of long-acting parenteral administration, oral bridging regimens
are needed to provide an oral alternative for interruptions (either
planned or unplanned) with parenteral dosing using similar PK/
IQ targets. PK modeling has been used to inform oral dosing reg-
imens and strategies for switching between them and injectable
formulations. As an example, Rossenu and colleagues used a pop-
ulation PK model of rilpivirine to inform strategies for managing

dOSC mterruptlons mn long—actmg mtramuscular (11’11) anCCthI'l. 37
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, concentration producing half maximal inhibition; 8, mortality rate constant; k, latency “eclipse” period between the infection

o €limination rate constant; NTP, 5'-nucleoside triphosphate; p,

lung to blood partition coefficient; Q,, epithelial lung blood perfusion. Reprinted with

Modeling and simulation was performed to maintain rilpivirine
trough concentration at or above target values based on the fifth
percentile of observed values at week 4 after the initial rilpivir-
ine long-acting 900-mg dose in the ATLAS/FLAIR studies. The
analysis addressed questions such as monthly vs. every 4 weeks
dosing, impact of delays in i.m. dosing, and bridging with oral ril-
pivirine to cover missed i.m. dosing. In addition, population PK
for both plasma and intracellular PK of islatravir was used to select
a phase IIT dose for both treatment-naive and highly treatment-
experienced patients from a flat dose-response curve. Simulations
of IQ values were evaluated to identify a regimen that would pre-
dict 100% of patients having full IQ activity (IQ > 5) by day 8 and
> 90% of patients with a rare variant with reduced susceptibility
having full IQ activity at steady—state.l}'8 Similar analyses have been
conducted for cabotegravir to model various dosing delays and
predict trough concentrations against the fifth percentile trough
concentration in phase III studies. Simulations of 1 to 2 months of
oral bridging regimens were conducted to support dosing recom-
mendations for oral bridging and to inform recommendations for
delayed dosing.139

One particular utility of exposure-response modeling includes
the potential to evaluate various tissues and reservoirs that have
clinical importance for transmission and/or latency, such as vaginal
and rectal tissue, breast milk, semen, genital tract fluid, lymphoid
tissue, and intra-cellular milieu. Because HIV transmission occurs
primarily through mucosal fluids and early infection occurs within
mucosal tissues, PK within these compartments is particularly im-
portant for pre-exposure prophylaxis. For certain ART agents, in-
tracellular PK of active metabolite is more critical compared with
plasma PK, often indicating a more prolonged duration of activity,
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such as tenofovir alafenamide, with a very short plasma half-life
of ~ 0.5 hours, but tenofovir disoproxil fumarate-diphosphate
has terminal half-life of up to 150 hours.'* Likewise, islatravir is
phosphorylated to an intracellular metabolite with a half-life that
is longer relative to parent drug in plasma (50-60 hours for parent
vs. 130-210 hours for islatravir—triphosphate).141

As described in the DDI section, PBPK has been applied in
the HIV setting to evaluate potential DDIs and optimize dosing.
Some further examples include the use of PBPK to evaluate the
interaction potential of cabotegravir both as a victim of uridine
diphosphate glucuronosyltransferase-based interactions'* and as
a perpetrator of OAT-based interactions,143 and its use to simu-
late the effect of rifampin in the PK of cabotegravir and rilpivir-
ine long-acting injectable using PK data from oral regimcns.144
Further uses of PBPK have included the optimization of fostem-
savir dosing in pediatrics. Recently published data utilized a PBPK
model to inform fostemsavir doses (600 mg twice daily (adult
dose) for patients 2 35 kg and 400 mg twice daily for patients 20—
35 kg, to maintain a balance in safety and efficacy and optimal PK
sampling strategy for pediatric patients) 15 and characterization of
the efficacy of broadly neutralizing antibodies for the treatment of
HIV. 146

GLOBAL HEALTH

Onchocerciasis

Onchocerciasis or “river blindness” is a neglected tropical disease
caused by the parasitic filarial worm Onchocerca volvulus and
transmitted by black flies in riverine areas of Africa and South
America.'" Following an infective bite by the black fly, filaria,
both macrofilaria and microfilaria ultimately develop in humans.

Phase Il Clinical Trial
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This can cause intense dermal pruritus and, in some instances,
transient or permanent visual impairment. For the last 30 years,
the macrocyclic lactone, ivermectin, has been the mainstay of
treatment of onchocerciasis. Ivermectin as a single dose produced
a tolerable, rapid, and sustained reduction in microfilaria that
permitted annual or semi-annual mass drug administration,147’148
most likely due to embryostasis in female macrofilaria."*® A re-
lated macrocyclic lactone, moxidectin, was recently approved by
the US Food and Drug Administration for onchocerciasis.”
Elegant pharmacometric analyses of dose/exposure response
demonstrated that the 8-mg dose provided a superior sustained
reduction in microfilaria at 12 months relative to lower doses and
provided a more sustained reduction of microfilaria relative to
ivermectin.* 1>

A model-based meta-analysis of the dynamic time-related ef-
fects of ivermectin on microfilaria and macrofilaria has also been
publishcd.153 The mathematical model developed from aggregated
response-time data describes the dynamics of macrofilarial fecun-
dity and quantitative microfiladermia determined via skin snips.
Application of the published model allows investigators and epi-
demiologists to explore various scenarios of the PD impact of de-
grees of macrofilaricidal activity, microfilaricidal activity, or some
combination of the two on the probability of sustained reduction
of parasites and probability of parasite elimination as a function of
mass drug administration programs. Incorporation of PK/PD re-
lationships of novel macrofilaricides and/or microfilaricides could
facilitate clinical trial design and end point determinations and
also the development of new drug combinations.

A stochastic, individual-based model analogue of the
EPIONCHO deterministic transmission model used for planning

— Ivermectin - Model
= |vermectin - Plll Trial Data
— Moxidectin - Model
* Moxidectin - Plll Trial Data

Time since Treatment (Years)

Figure 8 Skin microfilaria dynamics for ivermectin (red) and moxidectin (blue) matching phase Il clinical trial baseline endemicity. EPIONCHO
model inclusion/exclusion criteria were used. Solid lines represent arithmetic mean microfilarial load and dashed lines the standard error
calculated from the EPIONCHO-IBM model trial cohort. Solid markers show the arithmetic mean microfilarial load data from the phase Il trial
with standard error bars. Plll, phase Ill. Reprinted with permission from Milton et alts4
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onchocerciasis control was able to capture skin microfilaria dynam-
ics in response to treatment with ivermectin and moxidectin from
the phase III clinical trial in Figure 8.5%15 The model was used
to predict possible effects of treatment strategies on the control
and, ultimately, elimination of onchocerciasis.>*'%° Even though
the clinical program for moxidectin had only evaluated single-dose
regimens, the EPIONCHO model was combined with PK mod-
eling to support retreatment recommendations for moxidectin
during its regulatory approval process.

A full PBPK model for ivermectin that allows prediction of
plasma and tissue drug concentrations was developed as part of
a program of work to facilitate drug development for parasitic
disease, including onchocerciasis. The model was able to capture
observed ivermectin exposures in plasma, adipose tissue, and skin
to within 1.3-fold of the observed data." In order for mass drug
administration to be used safely, especially in situations of (poten-
tial) pregnancy and lactation, the ability to simulate possible expo-
sures in the fetus and infant could be helpful. PBPK models that
have been verified for maternal-fetal transfer of drug can assist in
the risk-benefit assessments. PBPK models that have been verified
for lactation can also help predict potential neonatal/infant expo-
sures to drugs and weighed against findings in toxicology studies.
The ultimate goal of MIDD and repurposing is the elimination of
Onchocerca volvulus through test-and-treat and mass drug adminis-
tration. PK/PD and epidemiologic modeling can help reduce em-
piricism to more efficiently achieve the elimination goal.

Tuberculosis

Accelerating the decline of the tuberculosis (TB) epidemic and
improving outcomes for patients requires a pan-I'B regimen for
treatment of both drug sensitive and drug resistant forms of TB
with significant emphasis on treatment duration shortening,158
The path toward the successful selection and design of new
treatment-shortening regimens is further complicated by the com-
plexity of the TB lung lesion itself. The granulomatous lesions are
highly dynamic and shaped by both host immune response ele-
ments and the pathogen itself%; treatment regimen components
that penetrate the granulomatous lesions and have an effect on a
metabolically altered bacillus in the granulomas are emerging as
a critical consideration. Experimental tools that support the de-

160,161

velopment of TB drugs (in vitro hollow-fiber system ; acute,

chronic, and relapsing mouse models; the Kramnik mouse model;

and marmoset and rabbit models'*>¢%)

provide important quali-
tative information on the agents’ potential for microbiologic ac-
tivity and capacity for sterilization but generate limited PK/PD
data.164’165

In the absence of quantitative PK/PD translational data, reg-
imens move into late-phase trials with important uncertainties
regarding the treatment-shortening potential of a regimen and
the potential to produce cure at rates equal to or better than that
of the standard-of-care regimen. Advancements have been made
toward the development of a universal preclinical to clinical
mechanistic 7z silico PK/PD model for assessing TB drug combi-
nations. These models have the potential to inform selection of
the human-equivalent dose and dosing schedule of a candidate
drug used in a combination to then determine the likelihood of
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achieving treatment durations of 1 to 3 months with efficacy in
both drug sensitive and drug resistant patients. Significant re-
cent progress has been realized in the development of such sys-
tems pharmacology models (see below) to enable comparative
efficacy evaluation and intended treatment-shortening poten-
tial of novel regimens based on preclinical data and optimized
translational simulations.'**"17° These model systems seek to in-
tegrate: (i) the quantification of the bacterial growth dynamics
in the absence of treatment, (ii) the impact of immune system
response in the absence and presence of treatment, (iii) the con-
tribution of each drug (concentration-response relationship) to
the observed total efficacy of drug combinations, and (iv) the in-
terplay between disease pathology and drug response, including
description of tissue penetration.

Recently, a significant advancement was made toward the aspira-
tional goal of achieving a shorter treatment duration and serves as
an exemplary integration of model-informed PK/PD best practices
in TB regimen selection and design. A clinical trial of rifapentine-
containing TB treatment-shortening regimens (Study 31) investi-
gated a 4-month regimen that achieved noninferiority compared
with the 6-month standard-of-care regimen. MIDD played a piv-
otal role in the success of this trial.'”%~"? First, a direct comparison
in the chronic mouse model showed that the standard rifapentine
dose (10 mg/kg) was superior to the standard rifampicin dose
(10 mg/ kg) in the mouse; however, this finding did not translate
well to the earlier phase IIB study (Study 29 (hteps://clinicaler
ials.gov/ct2/show/NCT00694629)), which evaluated rifapentine
substitution for rifampin at this dose. Therefore, the choice of an
optimal rifapentine dose was based on clinical PK/PD work from a
separate dose-ranging study. The design of Study 29 initially relied
on weight-based dosing, but after further investigation, a quanti-
tative model-based approach that considered drug exposure and
response was applied to select a single flat dose that would be opti-
mal for most of patients. However, phase IIB data has shown that
for patients at higher risk for delayed culture conversion and con-
sequently treatment failure (i.e., those with large cavities demon-
strated on chest radiograph), a single drug substitution, even with
a high dose of 1,200 mg, might not be sufficient. The study team
ultimately selected the 1,200 mg rifapentine flat dose rather than
the weight-based dose, which led to variability in exposures in pa-
tients. Furthermore, it was later confirmed in a rabbit lesion model
that the reason for suboptimal efficacy of rifapentine in patients
with large cavitations was a result of poor lesion penetrationlé3 and
further supported the inclusion of moxifloxacin in Study 31 due to
its previously established favorable lesion penetration properties.
For this reason, the integration of lesion penetration data and PK/
PD modeling is integral to regimen selection and dose optimiza-
tion in future TB studies.

The penetration of TB treatments into tissues, specifically into
the lung lesions observed with the disease, has been investigated
using PBPK models. A PBPK model was developed to predict
tissue exposures of rifapentine, particularly in the lung, for differ-
ent dosage regimens and to identify doses that could potentially
cause efficacy or safety issues..”* A more complex lung model
consisting of a number of compartments, including pulmonary
capillary blood, lung tissue, ELF, and alveolar air, was developed
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. . . 1
to investigate the lung exposures of a range of anti-TB drugs. 7

Simulations of plasma and pulmonary concentrations of various
drugs, including rifampin, isoniazid, and ethambutol, demon-
strated reasonable recovery of observed exposures of each of the
drugs in ELF, thus, providing confidence in a framework for pre-
dicting lung PKs of novel anti-TB drugs.175

Three large multicenter randomized phase III trials of 4-
month fluoroquinolone-containing regimens (REMoxTB,
Rifaquin, and OFLOTUB) failed individually to achieve nonin-
feriority compared with the standard 6-month control regimen.
A pooled MBMA integrating the standardized patient-level
data from these phase III clinical trials concluded that these
experimental regimens achieved 80% or better outcomes after
4 months, suggesting that addition of a fluoroquinolone could
result in a shorter regimen; however, other adjustments and/or
substitutions to the regimen would likely be required to achieve
the regimen-shortening goal. Additionally, this work suggested
that a significant proportion of global TB burden may be eligi-
ble for shorter treatment courses if major determinants of un-
favorable outcome are identified. The MBMA analyses helped
identify the hard-to-treat patient phenotypes as potential keys
to the development of novel, adaptive TB clinical trial designs to
achieve the primary goal of durable cure for all patients.17 Both
Study 31 learnings and MBMA analysis speak toward the need
to design regimens for the hardest-to-treat patients for whom
high bacillary load and presence of cavitary lung lesions present
the greatest challenge for treatment further exacerbated by the
presence of malnutrition, comorbidities, and sex. Therefore, it
is essential to ensure that features such as drug penetration and
granulomatous lesion-centric efficacy are integrated in the trans-
lational approaches for regimen selection.

Malaria

Malaria is a deadly but preventable and treatable disease caused
by a single-celled organism, the protozoan Plasmodium parasite.
There are five different species of this parasite that can infect hu-
mans (Plasmodium (P.) falciparum, P. vivax, P. ovale, P. malariae,
and P. knowlesi), each with a slightly nuanced pathogenesis. The
multiple stages of the parasite’s life cycle, differences in pathology
among the five species, and variable presence of drug resistance
necessitate combination treatment for malaria. After an infection
is confirmed via microscopy or a rapid diagnostic test, treatment
depends on the species of malaria, severity of infection, regional
resistance profiles, and patient-specific factors, such as age, weight,
pregnancy, breastfeeding, and/or immune status, and concomi-
tant infections or known metabolic deficiencies.'”” Maintaining
therapeutic concentrations of drug for a sufficient duration is nec-
essary to climinate the parasite from the human host. This attain-
ment is dependent on selection and administration of the right
combination, dose, and frequency of administration. A thorough
understanding of PK/PD can efficiently facilitate optimal treat-
ment regimen selection.

Some antimalarials have been introduced to vulnerable popula-
tions (i.e., children and pregnant women) at suboptimal doses.)”®
Mathematical modeling of exposure-response data has enabled
revised treatment recommendations, including the use of weight
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bands for young children to avoid underdosing,179 implement-
ing loading doses to more rapidly achieve therapeutic concen-
trations, ~ supporting dose adjustments in children living in
malaria-endemic regions, ! investigating drug exposures in mal-
nourished populations,182 and optimizing doses due to altered PKs
in pregnant women.

Modelingand simulation have been increasingly used to support
the discovery and development of new anti-malarial drugs,184 and
in vitro assays have been optimized to be able to measure physico-
chemical properties, permeability, binding, and metabolic intrinsic
clearance data for highly lipophilic compounds needed to meet
ambitious single dosing and subpopulation target product profile
requiremcnts.185 These renewed 7z vitro datasets populate PBPK
models to simulate a range of scenarios, including early evaluation
of feasibility of dose projections in pregnant women and children.
A number of PBPK models that have been verified for maternal-
fetal transfer of drug are available and may assist in risk-benefit
assessments of drug treatment, 67188 Furthermore, PBPK models
that have been verified for lactation can also help predict potential
neonatal/infant exposures to drugs and be weighed against find-
ings in toxicology studies.

Other approaches and applications of MIDD for malaria
therapeutics have been thoroughly discussed in the literature.'®*
Allometric modeling approaches of preclinical data (e.g., from
NOD/SCID/ycnull mouse studies) and population PK modeling
data from first-in-human studies can be leveraged for the design
of malaria CHIM studies. Malaria CHIM studies have been used
as proof-of-concept studies for the development of malaria thera-
peutics, for the first and only malaria vaccine (RTS, S), and, more
recently, for prophylactic malaria monoclonal antibodies.'®’

The designs of malaria CHIM studies vary based on interven-
tion. In CHIM studies testing malaria therapeutics, healthy volun-
teers are infected with malaria either via mosquito bite, injection
of lyophilized/reconstituted sporozoites, or direct venous infusion
of malaria-infected erythrocytes. Drug concentrations sampled,
frequently postdose, facilitate PK parameter estimates. Response
is characterized by parasitemia detected serially by quantitative
PCR over time. As such, infected volunteers typically remain as-
ymptomatic or oligosymptomatic (few or minor symptoms) and
data obtained postdose are rich for characterizing PDs (e.g., time
to recrudescence or parasite reduction ratio). Real-time popu-
lation PK/PD modeling on a cohort-by-cohort basis can inform
dose selection of subsequent cohorts to investigate doses that will
be most informative of the exposure response.190 The strain of par-
asite administered in malaria CHIM studies is most often 3D7 or
NF54, both P falciparum strains that are well-characterized and
drug sensitive. More recently, researchers have developed CHIM
studies using an artemisinin-resistant strain of malaria to evaluate
the efficacy of therapeutics against drug-resistant malaria.””!

The combination of data generated from malaria CHIM
studies and mathematical modeling allows for a much more ef-
ficient development pathway to understand drug combinations.
The current development paradigm for combination therapy
includes two separate monotherapy, single-ascending-dose, ma-
laria CHIM studies, a combination malaria CHIM study, and,
typically, two to four phase II dose-response studies. After the
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efficacy and safety characteristics of monotherapy are under-
stood in these phase II trials, one recommended method for
establishing optimal doses in combination has been factorial
design. Factorial design studies are conducted in endemic areas
with patients infected with malaria and include varying dose lev-
els for each of the combination drugs that are factorially paired
into combination study arms. This approach is fraught with high
costs, difficulty recruiting patients, especially in areas of seasonal
transmission, and the presence of confounding factors. Phase II
studies produce critical information required to demonstrate the
contribution of each drug, establish efficacy of the combination,
and optimize the combination dose levels. Innovative alternative
phase II designs, specific to malaria, can leverage data from ma-
laria CHIM studies with modeling and simulation techniques to
better understand dose/exposure response and enable efficient
and optimal dose or doses of the combination for phase II dose-
response and phase III confirmatory clinical trials.!”’ Adaptive
and variable sample sizes could potentially provide opportunity
for subsets of populations to be studied on an as-needed basis
without the confounding factors present in a field study, thereby
increasing safety for patients and de-risking antimalarial clini-
cal trial design. Although field studies will always be necessary
to demonstrate that the dose-response relationship is similar
between naturally infected patients living in endemic areas and
subjects in a malaria CHIM study with no prior exposure, the
use of modeling and simulation could potentially decrease the
number and size of these confirmatory studies.

Finally, the harmonization of techniques and procedures for ma-
laria CHIM studies for the development of therapeutics, similar
to the World Health Organization’s recommendations for con-
trolled human infection studies for vaccine development, would
enable the industrialization of reproducible, consistent malaria
CHIM studies.”” The need to understand similarities and dif-
ferences between malaria CHIM and field data is important for
extrapolation and is currently being investigated; nonetheless, the
malaria CHIM studies allow estimates of dose response in humans
for both monotherapy and combination treatment to be efficiently
estimated prior to field trials.

MEDICAL COUNTERMEASURES

Medical countermeasures (MCMs) include drugs and biologics
(vaccines and antibodies) to be used in the event of a potential
public health emergency occurring from terrorist attack with a
biological, chemical, or radiological/nuclear material, or a nat-
urally occurring emerging infectious disease. Efficacy must be
demonstrated against the intended indication prior to approval
of MCM products. Preferably, a dose range should be tested in at
least two animal models, as recommended by the Animal Rule,'?
to characterize response and identify the fully efficacious doses.
Clinical efficacy studies are neither ethical nor feasible to conduct,
and the Animal Rule introduces the potential for drug approval
based on efficacy in well-controlled studies in animals, alongside
appropriate human safety and PK information.””>'”* The natu-
ral history of pathophysiology in the animal models for efficacy
and correlation to human disease needs to be demonstrated, as
many infectious diseases can cause different infection patterns
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in animals than in humans.'”> Animal models with the ability to
demonstrate a response to the countermeasure are key to allowing
PK/PD relationships derived from the animal model to be extrap-
olated to humans.”®"7

MIDD has been applied to support approval of MCMs.
Application of logistic regression analysis demonstrated a rela-
tionship between survival and bacteremia in the efficacy studies of
obiltoxaximab against anthrax, allowing for the assignment of the
variability observed in survival between studies to differences in
bacteria load at the start of treatment. A Weibull cure rate model
was applied to combined efficacy data from rabbits and mon-
keys to define the fully efficacious doses and determine impact of
bacteremia on response. Higher bacteremia was associated with
a decrease in survival, resulting in higher efficacious doses. The
survival model was subsequently applied to simulate response of
various dose levels, which could not be experimentally tested, and
identify the dose above which there was no efficacy benefit, which
was subsequently used to determine the human dose selection.!”®
Dose-response modeling was also applied to tecovirimat efficacy
against smallpox. Efficacy data combined from multiple studies
in the monkeypox model, which vary in dose, size, and treatment
initiation day, was described using a nonparametric Kaplan—Meier
analysis. A receiver operating characteristic analysis was used to
identify cutoff points for dose and exposures that best correlated
with survival. Analysis identified a dose of 3 mg/kg and associated
exposures as the minimum efficacious dose.'”?

To support identification of a clinical dose, PK is character-
ized in healthy and infected animals. PK modeling of nonclinical
data allows determination of whether disease affects PK and the
magnitude of the effect, which can be applied to humans because
determination of PKs in patients may not be feasible. In addition,
population PK analyses provide the flexibility to simulate PK pro-
files for the entire disease course and estimate PK parameters when
PK sampling is limited, which is often the case in animal models,
and serves as input for exposure-response modeling. Efficacy is
extrapolated to humans based on exposures and achievement of
the target efficacious exposures derived from the animal model
and dose/exposure-response relationships as described above.
Modeling and simulation approaches allow for effective dosing
regimens in humans to be identified, which are expected to deliver
exposures in humans that exceed the efficacious exposures in the
animal models and produce a benefit similar to that observed in
the animal models.!”**%

Animal models can facilitate rapid responses to emerging in-
fection diseases by providing means of demonstrating proof of
pharmacological plausibility for a new or approved therapy, de-
riving potential efficacious exposures, and providing initial data
to support development decisions. More importantly, modeling
and simulation approaches and translational medicine are critical
for translating information to support clinical trials. Application
of MIDD in response to emerging infectious diseases allows for
the development of smarter trials and identification of treatment
and optimal doses in cases where there is an urgency to get medi-
cines to patients. MIDD was applied to develop a model-informed
analytical framework to test the impact of modulating specific
steps in the SARS-CoV-2 viral dynamic model and to determine
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the most viable drugs and drug combinations for the treatment of
COVID-19. Simulations indicate that early treatment and drugs
that promote infected cell death and reduction of virions per in-
fections have the potential to provide the best response.201 The use
of viral kinetic models to select initial therapeutic combinations
for COVID-19 has been proposed as a starting point for a novel
adaptive-platform clinical trial that could deconvolute initial effi-
cacious combinations into a parsimonious treatment combination
for SARS-CoV2.2 Such a potential model-informed combina-
tion repurposing strategy for COVID-19 has been summarized in
Figure 9, and the novel approach has general applicability for rapid
combination repurposing for emerging infectious diseases.
Application of MIDD is key for advancing the process
of evaluating new COVID-19 therapies and combinations
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Figure 9 Model-informed combination repurposing strategy for COVID-19: candidate antiviral combinations are proposed through guidance
from a QSP model (bottom left scheme). The model depicted in the figure is a simple viral cell cycle model adapted from Dodds et al.?°t The
candidate combination regimens are then evaluated in preclinical screens for potential antagonism (upper left scheme). Preclinical evidence
of antagonism triggers standard clinical evaluation of monotherapy first before combination assessment (upper right scheme). Absence of
preclinical evidence of antagonism triggers an accelerated clinical evaluation of combinations using an adaptive deconvolution approach
described by Rayner et al.2%? (bottom right scheme). In all circumstances, emerging clinical and RWE data is fed back to improve both
preclinical screening methodologies and QSP models. Model-based methods are implicitly applied throughout the model informed combination
repurposing strategy including evaluation of emerging preclinical data, PK/PD, disease model and exposure-response assessments from all
clinical trials, and MBMA of emerging RWE clinical data. COVID-19, coronavirus disease 2019; MBMA, model-based meta-analyses; MIDD,
model-informed drug development; MOA, mechanism of action; PK/PD, pharmacokinetic/pharmacodynamic; POC, proof-of-concept; QSP,
quantitative systems pharmacology; RWE, real-world evidence; SOC, standard of care; Mono, monotherapy; Combo, combination therapy; p,
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of therapeutics 1, 2, and 3).
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In situations like pandemics, MIDD can support decisions on
treatment selection and initiation to prevent spread and investigate
economic impact. In a model developed for oseltamivir, a frame-
work integrating PK/PD from CHIM, epidemiology, and health
economics models was developed to evaluate different pandemic
scenarios and inform decisions on the best treatment to minimize
spread and increase health economic impact (Figure 10).*” The
results of the modeling demonstrated that oseltamivir treatment
in a flu pandemic could reduce the median number of individuals
infected and prevent death, resulting in a decrease in health care
use and cost savings. Such a modeling framework could be applied
to optimize COVID-19 treatment decisions in order to minimize
spread and improve cost benefits.

PROSPECTUS AND FUTURE

Anti-infectives have a long history in leading the charge for PK/
PD innovation and advancing MIDD methods in accelerating
medicines to patients. This review demonstrates that the appli-
cation of empiric PK/PD methods is entrenched in anti-infective
drug development; the adoption of PBPK for DDI and special
populations across the field is extensive and, in specific infectious
discases, translational systems, such as the hollow-fiber model
for TB and CHIM for malaria, are central to MIDD pathways.
The interdisciplinary linkage of models of pharmacology to ep-
idemiology and health economics represent more recent MIDD
innovations from the infectious diseases field that have assisted in
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shifting the regulatory and commercial value conversation of anti-
infectives from the individual patient journey to one including a
public health perspective.

MIDD is broadly adopted across many regulatory guidances.
The inclusion of MIDD-related performance goals in the latest
reauthorized Prescription Drug User Fee Act (PDUFA VI) re-
flects the acceptance and commitment surrounding the use of
quantitative approaches to advance effective drug development
and regulatory evaluation. 2% Population PK, exposure-response,
and MIC-based PK/PD are standard approaches where there is an
expectation of evaluation. PBPK modeling is generally accepted
for the assessment of DDIs by cytochrome P450 inhibition mech-
anisms, whereas QSP is less often applied with fewer examples of
QSP being leveraged to guide regulatory decisions (about 10 in
2018).” Most examples involving the use of QSP focus on key
decisions in drug discovery and development, such as hypothesis
generation, compound prioritization, translational biomarker de-
velopment, and nonclinical and clinical trial design.

Opver the last 2 decades, however, the pace of adoption of novel
MIDD approaches, like QSP and MBMA, have been slower in
the anti-infectives arena vs. high-growth areas, such as immunol-
ogy and particularly immuno-oncology. There are two key reasons
for this. First, macroeconomic factors, including reduction of in-
vestment in infectious diseases research and development, seeing
MIDD talent, resources, and innovation pivot to more commer-
cially viable areas. Second, the entrenched application of pragmatic
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Figure 10 Integrated MIDD system, including multidisciplinary “modules” applied to optimizing oseltamivir use for pandemic planning. The
solid lines indicate that adequate data exists to be able to create semi-mechanistic links to each of adjacent “modules.” The dotted lines
and light grey describe where significant unknowns remain and are not mature enough to have been incorporated into the current framework.
3, the rate of infectivity; MIDD, model-informed drug development; PopPK, population pharmacokinetic; SEIR, susceptible-exposed-infected-
recovered; TShed, viral shedding; VK, viral kinetics. Reprinted with permission from Wu et al”
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microbiological methods, like MIC for antibacterials in clinical
practice and in-turn microbiological breakpoint determination
that dictates use, also create a challenge for new practice paradigms,
such as genotypic-informed treatment selection (analogous to ge-
notypic mutations from genotype ratio in HIV), that may arise
through application of QSP innovations.

We predict the future application of MIDD in infectious dis-
cases will progress along two planes; “depth” and “breadth” of
MIDD methods. MIDD depth refers to deeper incorporation of
the specific pathogen biology and intrinsic-resistance and acquired-
resistance mechanisms; host factors, such as immunologic response
and infection site, to enable deeper interrogation of pharmacologi-
cal impact on pathogen clearance, clinical outcome, and emergence
of resistance from a pathogen, patient, and population perspective.
Improved early assessment of emergence of resistance potential, in
particular, will become a greater focus in MIDD approaches, as it
represents a key risk that is poorly mitigated by current develop-
ment approaches.

MIDD breadth refers to greater adoption of a model-centered
approach to anti-infective development, and, specifically, how
various MIDD approaches and translational tools can be in-
tegrated or connected together in a systematic way that sup-
ports decision making by key stakeholders (sponsor, regulator,
and payer) across the entire development pathway. Specifically,
MIDD breadth includes interconnectedness of MIDD models
like PBPK and QSP to predict pharmacological response at in-
fection site; aligning MIDD translational tools, including iz vitro
systems like hollow-fiber, animal models, and CHIM, to inform
and validate such model frameworks, incorporating emerging
RWE clinical and microbiologic data to support model devel-
opment, and extending epidemiological and health economic
models to explore population and economic impact of forecasted
outcomes, like probability of emergence of resistance. We also an-
ticipate the application of deep learning and artificial intelligence
approaches to drive efficiencies in and insights from such model
frameworks and informatively influence MIDD practices in in-
fectious diseases.>"

We forecast that adoption of MIDD depth and breadth of the
sophisticated approaches described above will be driven by innova-
tive developers in the field, fueled primarily by the demonstration
of increasing effectiveness in internal decision makingand support-
ing interactions with regulators and payers on aspects such as dose
justiﬁcation and economic impact supporting pricing discussions.
Such innovative practices will be more easily adopted in emerging
infectious diseases areas or global health where there are less estab-
lished clinical practices. In contrast, in the setting of antimicrobials
and antifungals, MIC and breakpoint-guided/informed decisions
will continue to be a clinical practice paradigm that must also be
catered to in an MIDD program until the clinical impact of alter-
native approaches becomes accepted. These issues highlight the
tight interdependency and competing forces between clinical prac-
tice and drug development innovation. We forecast that as drug
development innovations permeate established clinical practice
areas in infectious diseases, we will gradually see increased adop-
tion of advanced model-informed therapeutic(s) selection and pre-
cision dosing approaches informed by detailed host and pathogen
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characteristics, including increasing genotypically guided ap-
proaches analogous to tumor genotyping in immuno-oncology.

In conclusion, this review outlines the current state of the art
of MIDD for anti-infectives and future considerations. This
paper is dedicated to our co-author, friend, colleague, and mentor,
Professor Hartmut Derendorf, who passed away unexpectedly as
we were concluding the writing of this review. We believe it is ap-
propriate that he has the final word that captures the spirit of the
future evolution of MIDD of anti-infectives not being constrained
to current dogma, “MIC is poison for the mind—we need to be
much smarter in the way we approach dosing of anti-infectives.”
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