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Abstract

Title of Dissertation: Model-Informed Approaches to Tackle Challenges in Therapeutics
and Generic Drug Development
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Interest in model-informed approaches across pharma and medicine have dramatically
increased in recent years. For the first project in therapeutics, a modeling approach was
utilized here to optimize rifampin dosing for orthopedic implant-associated S. aureus
infection. With a mortality rate of 10-30%, current rifampin dosing regimens may provide
inadequate exposures to infected bone tissue. An integrated approach using in vitro, in
vivo, and human data, along with pharmacokinetic (PK) modeling and simulation, was
utilized to suggest high-dose rifampin regimens are needed to optimize bone exposures,
as bone penetration was shown to be much lower (10-15%) than previously thought. For
the second project in generic drug development, a model-integrated bioequivalence
(MIBE) framework was proposed to demonstrate the application of MIBE for generic
companies. With our MIBE approach, we demonstrate how to prepare for, plan, and
implement MIBE in a robust manner that lends credibility to the virtual assessment of
bioequivalence from an abbreviated trial. With an example drug of Depo-SubQ Provera
104, we show that with MIBE we can reduce the trial size by 33-50%. Thus, we
demonstrate in our work the ability to tackle complex challenges with model-informed

approaches to optimize dose and to accelerate generic drug development.
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Chapter 1: Introduction

Interest in quantitative approaches within pharma and medicine has experienced a
dramatic increase in recent years (U.S. Food and Drug Administration 2022c). Earlier this
year to further encourage this interest and guide in the consistent application of
quantitative approaches for drug development, regulatory decision making, and patient
care, the U.S. Food and Drug Administration’s (FDA) Center for Drug Evaluation and
Research (CDER) announced the creation of the CDER Quantitative Medicine Center of
Excellence (U.S. Food and Drug Administration 2024). Moreover, the rapid advancement
of artificial intelligence (Al) and machine learning (ML) throughout society has further

elevated the importance of quantitative approaches (Terranova et al. 2024).

- Model-Informed Drug Development

In recognition of the growing influence of model-informed approaches within
drug development, the term model-informed drug development (MIDD) was coined
within the last decade (Bruno et al. 2019; Madabushi et al. 2022). Pharmacokinetics (PK)
modeling within the MIDD framework uses quantitative methods to understand how
drugs move through the body (Figure 1). Empirical PK modeling approaches can often
characterize movement of drug with simply one or two compartments (Mould and Upton
2012). Meanwhile, physiologically-based pharmacokinetics (PBPK), a mechanistic
modeling approach, aims to characterize a drug’s PK with several compartments that

represent the body’s organs (Jones and Rowland-Yeo 2013).



PK/PD
Exposure-
Response

Disease Models In Silico
Clinical Trial Clinical Trial

Models Simulations

Figure 1 Model-Informed Drug Development (MIDD) Methodologies

Adapted from FDA conference proceedings (Bruno et al. 2019)

Furthermore, with non-linear mixed effects (NLME) modeling approaches, we
can characterize variability in PK parameters. This can include variability in drug
clearance or volume of distribution between subjects (between-subject variability: BSV)
or between different dosing occasions (between-occasion variability: BOV) (Mould and
Upton 2013). With such tools, PK modeling and simulation offers the ability to describe
not only the average scenario but also variability within a population. Harnessing this
capability to capture random effects, clinical trials simulations can be performed to assess
a drug’s efficacy or safety and to optimize trial designs (Holford, Ma, and Ploeger 2010;

Bonate 2000).



- Model-Informed Applications in Therapeutics

Within therapeutics, modeling and simulation is often utilized to fill gaps in
knowledge to improve patient care. This includes the use PK modeling with electronic
health records to guide clinical dosing decisions (Salem et al. 2022). Bayesian-model
informed precision dosing has also been implemented within antimicrobial therapy for
drugs requiring therapeutic drug monitoring (Bunn, Gobburu, and Floryance 2023; Oda,
Saito, and Jono 2023). Additionally, exposure-response analyses have been utilized to
guide off-label use of drugs in understudied populations, such as pregnant women
(Ahmadzia et al. 2021). These examples highlight the impact of model-informed
approaches not only within drug development by sponsors but also after approval by
academic institutions and hospitals when a drug is in common use and incentives may not

exist for sponsors to conduct trials.

- Model-Integrated Evidence

Under the Generic Drug User Fee Amendments (GDUFA), the FDA has made a
commitment to funding research into quantitative methods to drive innovations in generic
drug development and regulatory decision making (Yoon et al. 2023). To highlight the
growing impact of model-informed approaches within generic drug development, the term
model-integrated evidence (MIE) has been coined. Quantitative methods within the MIE
framework are summarized in Figure 2. PBPK is utilized to waive trials for locally acting
products, such as dermal or ocular products (Tsakalozou et al. 2022). Quantitative clinical
pharmacology (CP) and PBPK models have been proposed to assess bioequivalence (BE)

virtually through BE trial simulations (Zhao et al. 2019).
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Figure 2 Model-Integrated Evidence (MIE) Methodologies

Adapted from FDA workshop (Tsakalozou et al. 2024)

Broadly, modeling and simulation within the model-informed BE framework can
be summarized with three approaches. First, it can be used in the design of BE studies,
which has long been utilized by regulatory agencies prior to the GDUFA commitments.
For example, simulation studies were utilized by the FDA in the establishment of the
reference-scaled average bioequivalence approach for highly variable drug products
(Davit et al. 2012). Second, modeling can be used in the analysis of BE studies, such as
with the use of modeling to derive individual predictions on which to perform
noncompartmental analysis (NCA) (Dubois et al. 2010). Third, modeling and simulation
can be used in the assessment of BE. To distinguish this third approach with the first two,
when modeling is involved in assessing BE, it is more specifically referred to as model-
integrated, or model-integrated bioequivalence (MIBE), as opposed to model-informed

(Lee, Gong, et al. 2020).



Model-informed BE approaches provide several potential benefits. These include
higher power than the traditional noncompartmental analysis (NCA)-based method on
observed concentrations when sampling is sparse and residual error is high (Loingeville et
al. 2020; C. Hu et al. 2004; X. Chen et al. 2024). Additional benefits include the ability to
perform an abbreviated BE study with reductions in number of subjects, study duration, or
PK sampling and assess BE virtually (Gong et al. 2023).

With an MIE approach, however, concerns have been raised regarding how to
qualify for MIBE versus how to qualify for population pharmacokinetics (pop-PK) or
exposure-response analyses (Sharan et al. 2021). Inflated Type I error rates have also been
reported with some MIBE approaches, particularly in the presence of sparse sampling (X.

Chen et al. 2024; Loingeville et al. 2020).

- Application of Model-Informed Approaches to Tackle Challenges in Therapeutics

and Generic Drug Development

In our work here, model-informed approaches were utilized to tackle challenges
in therapeutics and generic drug development. The first project in therapeutics was to
optimize dosing of rifampin for Staphylococcal aureus orthopedic implant-associated
infection. This work was an integration of mouse and human experimentation with PK
modeling and simulation to determine whether high-dose rifampin regimens can be as
effective as standard-dose regimens and potentially shorten treatment regimens. The
second project in generic drug development was to develop a framework for model-
integrated bioequivalence (MIBE) assessment for long-acting injectables (LAI). With this

framework, we aim to assist generic drug companies without extensive experience in



modeling with how to plan and think about implementing an MIBE approach. We also
aim to provide confidence in the validity of the MIBE approach by providing an example
of the application of a credibility framework borrowed from V&V 40 framework utilized

in engineering and computational modeling (ASME 2018).
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Chapter 2: There Is a Need to Improve Treatment Qutcomes for
Staphylococcal aureus Orthopedic Implant-Associated Infection

Staphylococcus aureus (S. aureus) is a major human pathogen that causes various
clinical syndromes, including osteoarticular and device-related infections (Rasigade and
Vandenesch 2014; Tong et al. 2015). It is one of the most common pathogens of biofilm-
related infection on foreign implanted materials (Richter, Driessche, and Coenye 2017).
Bacterial biofilm formation on the implant impedes penetration of immune cells and
some antibiotics, creating chronic, persistent infections (Costerton, Stewart, and
Greenberg 1999). S. aureus orthopedic implant—associated infections are exceedingly
difficult to treat and may require surgery and prolonged systemic antibiotics. They are
also associated with extended disability and rehabilitation, contributing to worse
outcomes (Del Pozo and Patel 2009; Wolf et al. 2012). Although infection rates of
orthopedic implant—associated infections have remained at 1 to 2% after primary and 3 to
6% after revision arthroplasty, inpatient costs average $25,000 to $107,000 per case,
corresponding to an annual healthcare burden of $3 billion in the United States alone
(Kurtz et al. 2012). The emergence of methicillin-resistant S. aureus (MRSA) strains
poses yet another challenge for the treatment of these complicated infections.

Combination treatment with rifampin is recommended by the Infectious Diseases
Society of America (IDSA) for the treatment of staphylococcal implant—associated
infections (Baddour et al. 2015; Osmon et al. 2013; Tunkel et al. 2017). Moreover, some
experts recommend the combination treatment with rifampin for MRSA infection even
without hardware, particularly for osteomyelitis and central nervous system infection (C.
Liu et al. 2011). This is because rifampin enhances microbiological clearance (Van Der
Auwera, Meunier-Carpentier, and Klastersky 1983; Van der Auwera et al. 1985; Euba et
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al. 2009), and high clinical cure rates (>80%) are achieved only with the combinatory use
of rifampin (Nguyen et al. 2009; Norden et al. 1986; Norden, Fierer, and Bryant 1983; Li
et al. 2019; Zimmerli 1998; Karlsen et al. 2020). The most beneficial effect of
combinatory treatment with rifampin was noted in implant-associated, in particular
orthopedic implant—associated, infections. The lipophilicity of rifampin, its activity
within the acidic environment of biofilms, and its accumulation within neutrophils likely
facilitate its activity against implant-associated infections (Bennett 2019).

However, prolonged treatment duration (e.g., 6 to 12 weeks) is required to
minimize treatment failure. In a recent randomized controlled study of patients with
prosthetic joint infections, treatment failure was 18.1 and 9.4%, respectively, for 6 weeks
versus 12 weeks of treatment, even with most patients receiving combinatory treatment
with rifampin (70%) (Bernard et al. 2021). Prolonged antibiotic duration is associated
with an increased risk of adverse drug events. In one study, every additional 10 days of
antibiotic treatment conferred a 3% increased risk of an antibiotic-associated adverse
event (Tamma et al. 2017). Prolonged use of antibiotics is also associated with emergence
of multiresistant pathogens (Chastre et al. 2003). Thus, development of shorter rifampin-
containing antibiotic regimens for the treatment of orthopedic implant—associated
infections is an urgent, unmet clinical need. Furthermore, mortality rate of 10-30% for S.
aureus versus 5-8% for all infecting species suggests treatment regimens could be
improved (Zmistowski et al. 2013; Fischbacher and Borens 2019).

Rifampin has potent, dose-dependent sterilizing activity against Gram-positive
bacteria including methicillin-susceptible S. aureus (MSSA) and MRSA. However,

limited data are available regarding rifampin penetration into bone, and published data

11



report rifampin bone concentrations at single time points using invasive methods (Cluzel
et al. 1984; Roth 1984; Sirot et al. 1977; 1983; Iversen et al. 1983; Thabit et al. 2019),
precluding the ability to measure area under the concentration-time curve (AUC), which
is most predictive of bactericidal activity for rifampin (Swaminathan et al. 2016; J. G.
Pasipanodya et al. 2013; Chigutsa et al. 2015; Diacon et al. 2007). Furthermore, recent
data showed that pathologically diverse lesions occur simultaneously at different sites
within the same patient (Cassat et al. 2018; Hunter 2018). Thus, there is a need for
holistic analysis of rifampin concentrations in various anatomic locations, which is
generally not feasible with currently available methods that require invasive acquisition

of tissue for drug measurement.
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Chapter 3: Mice and Human PK Are Dissimilar With 'C-Rifampin
Microdosing

3.1 Introduction

In this study, we used a bidirectional process to integrate findings from animal
and human studies (Figure 3). !'C-rifampin, a chemically identical radiolabeled analog of
rifampin, was administered, and positron emission tomography (PET) with computed
tomography (CT) (DeMarco et al. 2015; Ordonez et al. 2020; Tucker et al. 2018) imaging
was performed in prospectively enrolled patients with S. aureus bone infections or in
patients without S. aureus infection to noninvasively measure detailed intralesional
rifampin bone concentration-time profiles at several anatomic sites (Ordonez et al. 2020).
This provided a translational bridge to facilitate pharmacokinetic (PK) modeling and
predict rifampin concentration-time profiles in bone tissues. 'C-rifampin PET studies in
a mouse model of S. aureus orthopedic implant infection (Thompson et al. 2017) as well
as direct rifampin measurements from postmortem bone tissues were performed and
applied to an in vitro S. aureus biofilm system to assess bacterial killing and biofilm
disruption using live, time-lapse imaging (Merritt, Kadouri, and O’Toole 2006). These
data were used to design studies to evaluate high-dose rifampin—containing regimens in
mice as compared to standard (IDSA-recommended) rifampin regimens, administered at
human-equipotent doses achieving similar plasma AUC in mice with S. aureus
orthopedic implant infection. Mice were assessed for relapse-free cure 6 weeks after
completion of antibiotic treatment. High-resolution CT was used to measure bone
remodeling (Tucker et al. 2018), and antimicrobial susceptibility testing, as well as
whole-genome bacterial sequencing, was performed for all bacterial isolates obtained

from mice after treatment completion.
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Figure 3 Experimental Scheme to Study Rifampin Dosing for Orthopedic Implant-Associated Infection

We utilized a bidirectional process to integrate findings from animal and human studies. (A) Patients with
or without S. aureus orthopedic infection were imaged using 11C-rifampin PET/CT. PET signal was
quantified in infected and uninfected bone to generate time-activity curves used to calculate area under the
concentration-time curve over 45-90 minutes. These data were used to develop a pharmacokinetic (PK)
model to predict rifampin exposures in human bone. (B) A validated mouse model of S. aureus orthopedic
implant infection was used to determine bone concentrations following administration of escalating
rifampin oral dosing as well as 11C-rifampin PET/CT. Resulting concentrations were applied to an in vitro
S. aureus biofilm system to quantify bacterial killing and biofilm disruption using time lapse microscopy.
m/z, mass/charge ratio. (C) Efficacy studies in mice compared vancomycin alone to vancomycin with either
standard-dose or high-dose rifampin administered at human equipotent doses. Readouts included weekly in
vivo bioluminescence, bacterial load, and broth cultures at completion of follow up and high-resolution CT
to evaluate adverse bone remodeling. At the end of the study, bacterial isolates recovered from infected
tissues were evaluated for phenotypic resistance as well as subjected to whole-genome sequencing.

Here, we describe the !'C-rifamping microdose PK modeling that was performed
to describe ''C-rifamping microdose PK in mice and humans, as well as the
biodistribution to uninfected and infected bone tissue. Several assumptions were
examined, including whether biodistribution to uninfected and infected bone tissue were

dissimilar, whether S. aureus bone infection patients and tuberculosis (TB) patients
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without bone infections had similar 'C-rifamping PK, and whether !'C-rifamping PK

could be scaled allometrically between mice and humans.

3.2 Methods

- Study Design

All protocols were approved by the Johns Hopkins University Biosafety,
Radiation Safety, Animal Care and Use (MO19M382, MO15M421, and SP17M176) and
Institutional Review Board Committees (IRB00067243 and IRB00179210). Dynamic
HC-rifampin PET/computed tomography (CT) was used in patients with S. aureus bone
infections (n = 3) as well as patients with pulmonary TB but without orthopedic infection
(n =12) (Ordonez et al. 2020) to measure concentration-time profiles in bone and plasma

to determine bone-to-plasma AUC ratios (AUChpone/plasma) at several anatomic sites.

- Human Studies

C-Rifampin was synthesized as a sterile, pyrogen-free solution of high specific
activity (595.87 + 158.15 GBqg/umol) and high radio-chemical purity at the Johns
Hopkins PET Radiotracer Center using Current Good Manufacturing Practices and used
per the U.S. FDA Radioactive Drug Research Committee program guidelines. Three
patients with microbiologically confirmed S. aureus bone infections were prospectively
recruited between February and December 2020. Written informed consent was obtained
from all patients, and deidentified images are presented. The eligibility criteria are
outlined in Table 1. The subjects received an intravenous bolus of 707.4 + 43.7 MBq

of 'C-rifampin followed immediately by a dynamic PET/CT for 60 to 90 min (Biograph
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mCT, Siemens) using a multi-bed dynamic protocol. The study team had no role in the
diagnosis or clinical management of the patients. There was no external data and safety

monitoring board.

Table 1 Selection Criteria for Patient Enrollment in the Clinical Study

Greater than or equal to 18 years of age

Culture confirmation of S. aureus infection from blood or bone

A diagnosis of osteomyelitis confirmed by imaging (e.g., X-ray, CT, MRI)

Patient received appropriate antibiotic treatment for <6 weeks by the time of !'C-rifampin
PET/CT

Not pregnant

Platelet count >50,000/mm?

Neutrophil count >1,000/mm?

Serum creatinine <3 times the upper limit of normal

Total bilirubin <3 times the upper limit of normal

Liver transaminases < 5 times the upper limit of normal

Did not receive an investigational drug, investigational biologic, or investigational therapeutic
device within 30 days prior to !'C-rifampin PET/CT

No prior history of malignancy within 3 years, other than skin basal cell carcinoma

Did not receive a radioisotope within 5 physical half lives prior to !'C-rifampin PET/CT
Adequate venous access

Ability to provide written informed consent

Dynamic PET/CT (Biograph mCT, Siemens) data from 12 patients with
confirmed pulmonary TB from a previous study were used to measure bone penetration at
various anatomic sites (Ordonez et al. 2020). All patients had a physical exam before
imaging by a trained physician, and no findings related to the musculoskeletal system

were noted.

- Bacterial Strains

The USA300 bioluminescent S. aureus strain SAP231 derived from the NRS384

CA-MRSA isolated from an outbreak in the Mississippi prison system was used for all
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experiments (Plaut et al. 2013). SAP231 has a stably integrated
modified /uxABCDE operon from the bacterial insect pathogen Photorhabdus
luminescens and was used previously to study orthopedic implant infections (Bernthal et
al. 2010; Thompson et al. 2017; Pribaz et al. 2012). The minimal inhibitory
concentrations (MICs) for SAP231 were <0.5 mg/L for rifampin, 1 mg/L for vancomycin,
and < mg/L for linezolid, as determined by the microdilution assay (n = 3 replicates per
antibiotic).

SAP231 was streaked onto tryptic soy agar (TSA) plates [tryptic soy broth (TSB,;
TSA plus 1.5% Bacto Agar)] (BD Biosciences) and grown overnight at 37°C in a
bacterial incubator. Two to three colonies were picked and cultured in TSB at 37°C in a
shaking incubator (MaxQ HP 420, Thermo Fisher) (240 rpm) overnight (16 hours),
followed by a 1:50 subculture at 37°C for 2 hours to obtain mid-logarithmic phase
bacteria. The bacteria were pelleted, washed three times, and resuspended in sterile
phosphate-buffered saline. The absorbance (4600) was measured to estimate the number

of colony-forming units, which was verified after overnight culture on TSA plates.

- PET/CT Imaging

Live mice with S. aureus implant infection were imaged after an intravenous dose
of 5.03 £ 0.02 MBq of ''C-rifampin via the tail vein, and dynamic PET was performed
over 60 min using a nanoScan PET/CT (Mediso) small-animal imager (Pribaz et al.

2012).
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- Image Analysis

HC-Rifampin PET/CT were visualized using Mirada XD 3.6 (Mirada Medical) or
VivoQuant 2020 (Invicro) for human and mice, respectively. 3D spherical Volumes of
interest (VOIs) were manually drawn using CT as a guide and applied to the dynamic
PET data (Ordonez et al. 2020; Tucker et al. 2018). VOIs are shown in Figure 4. PET
signal in blood (left ventricle; corrected to plasma using the individual hematocrit values
from each patient or using a 50% hematocrit value in mice), infected bone (visualized on
magnetic resonance imaging or CT in human subjects or 25% distal femur in mice), and
contralateral uninfected region (e.g., contralateral tibia or foot in humans and
contralateral 25% of distal femur in mice) as well as other uninfected bones (humerus
head, humerus shaft, and cervical and lumbar spine) was measured. PMOD 4.1 (PMOD
Technologies) and VivoQuant 2020, for human and mice, respectively, were used to
generate time-activity curves. Tissue density [Hounsfield unit obtained by CT] was used
to convert the PET data to per mass of tissue. The implants (identified based on
radiodensity >5000 Hounsfield units) were excluded from the image analysis in all
studies. Heat map overlays were implemented using R software (R Foundation for

Statistical Computing).
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HUC-Rifampin PET Combined PET/CT

Figure 4 Volumes of Interest (VOIs) for Quantification of "' C-Rifampin PET

VOIs were drawn to quantify 11Crifampin PET uptake in infected [anatomical left (L), red] and
contralateral uninfected tibial bone [anatomical right (R), yellow]. Axial (top), coronal (middle) and sagittal
(bottom) views are shown for study participant 1. Areas with high PET activity surrounding the bone
represent blood vessels. A- anterior, P - posterior.

1 C-Rifampin Microdose PK Model Development

Non-linear mixed effects modeling (NLME) was performed with Pumas 2.0
(Pumas-Al) (Rackauckas et al. 2020). For initial model development, modeling was
performed on five separate !'C-rifampin PET imaging data sets: combined (mouse +
human) (n = 23), mouse (n = 8), human (n = 15), TB human (» = 12), and S. aureus
human (n = 3). To describe the intravenous ''C-rifampin PET data, one- and two-

compartment models were explored with two additional compartments from the central
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compartment for uninfected and infected bone compartments. Averaging uninfected and
infected bone concentrations to obtain one bone concentration per sampling timepoint
was also explored. With the averaged bone concentrations, model development included
exploring two bone compartments to investigate the possibility of surface and deep bone
compartments (Rao et al. 1995; Cremers et al. 2003).

Allometric scaling, with normalization to 70kg bodyweight, was applied to the
modeling of all five data sets to compare parameter estimates and determine 1) whether
the PK was different between TB and S. aureus patients and 2) whether the PK was
different between mice and humans.

For model refinement, the structural model was selected based on goodness-of-fit
plots and parameter identifiability. The final model was evaluated based on goodness-of-

fit plots and bootstrapping to evaluate the stability and robustness of the final model.

3.3 Results

Structural models with compartments for uninfected and infected bone
compartments were explored. However, a pattern was not observed in terms of uninfected
or infected bone tissue having higher 'C-rifampin concentrations (Figure 5) in either
mice or humans. Hence, for mice and humans with both uninfected and infected bone
samples, the concentrations were averaged to have one bone concentration per timepoint.
The final model was a one-compartment model with two additional bone compartments

(Figure 6).
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Figure 6 "' C-Rifampin Microdose PK Model Structure

Parameter estimates are shown in Table 2. As parameter estimates were not
markedly different between TB and S. aureus patients, the PK for both patient
populations were not considered to be different. Marked differences, however, were noted
in the parameter estimates between mice and humans. Particularly, clearance was about
ten times greater in humans than mice. Due to the differences in mice and human PK
parameter estimates, the final models and parameter estimates carried forward were those
for mice and humans, separately. Rifampin penetration into bone tissue was modeled with
a partition coefficient (PC) reflecting the ratio of rifampin concentration in bone over
plasma. PC for mice and human were 10 and 15%, respectively. The final models
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predicted the plasma and bone concentrations well for both mice and humans (Figures 7-

10).

Table 2 Parameter Estimates from "' C-Rifampin Microdose PK Modeling in Mouse and Human

Parameter Combined Mouse Human B S. aureus
(M+H) (n=8) (n=15) Human Human
(n=23) (n=12) (n=3)
CL (L/min/70kg) 0.18 0.06 0.58 0.60 0.33
Q,, (L/min/70kg) 8.77 4.34 12.8 12.9 15.3
Q,, (L/min/70kg) 21.0 15.3 35.6 345 17.9
V_ (L/70kg) 10.9 6.51 10.2 115 9.30
V,, (L/70kg) 0.98 0.93 0.00023 0.087 1.22
V,, (L/70kg) 364 556 195 188 284
PC 0.14 0.10 0.15 0.15 0.17

Abbreviations: CL=clearance, Qp=intercompartmental clearance with bone compartment, V.=volume of
central compartment, Vy=volume of bone compartment, PC=partition coefficient (bone/plasma), M=mouse,
H=human
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3.4 Discussion

We used a bidirectional process to integrate findings from animal and human
studies. Dynamic ''C-rifampin PET/CT, a clinically translatable, noninvasive imaging
technology, was performed in patients with and without S. aureus orthopedic infection,
demonstrating rifampin exposures considerably lower (plasma-to-bone AUC ratio of
0.14) than previously thought, based on single time-point invasive measurements
(plasma-to-bone ratio of 0.4) (Cluzel et al. 1984; Roth 1984; Sirot et al. 1983; 1977;
Thabit et al. 2019; Iversen et al. 1983). This is relevant as AUC is most predictive of
bactericidal activity for rifampin (Diacon et al. 2007; Chigutsa et al. 2015; J. G.
Pasipanodya et al. 2013; Swaminathan et al. 2016). Similar ''C-rifampin PET findings
were noted in a mouse model of S. aureus orthopedic implant infection, where direct
measurements of plasma rifampin were in agreement with previous reports (Jayaram et
al. 2003; Jotam G Pasipanodya et al. 2018) and direct measurements of bone
concentrations validated the imaging data. These concentrations led to higher bacterial
killing and biofilm disruption in an in vitro S. aureus biofilm system (data not shown).

Three hypotheses were tested in the ''C-rifampin microdose modeling. While we
hypothesized that biodistribution of rifampin to bone tissue may be different between
uninfected and infected bone tissue due to factors such as blood flow and inflammation,
we were unable to identify any relationship either in mice or human PET imaging data.
Additionally, we hypothesized that the PK between S. aureus and TB patients would be
sufficiently similar so as to allow us to combine their data. While there are some reports
that rifampin PK can be affected by disease states (Abdelgawad et al. 2024), we did not

find substantial differences between S. aureus and TB patients, though our sample of S.
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aureus patients was limited to three patients. Finally, we hypothesized that we could
allometrically scale between mice and human rifampin PK. Mice clearance was found to
be ten times lower than human clearance, however, indicating that scaling would not be
possible. We attribute this difference largely to protein binding, with protein binding of
approximately 97% in mice and 90% in humans (De Steenwinkel et al. 2013; Boman and
Ringberger 1974; L. H.M. Te Brake et al. 2015; van Ewijk-Beneken Kolmer et al. 2017;
Litjens et al. 2019; Alghamdi, Al-Shaer, and Peloquin 2018). The larger estimated bone
penetration in mice of 15% as opposed to in humans of 10% may also be attributed to this
difference in protein binding, as the partition coefficient is likely largely reflective of how
much drug is available to the bone tissue.

The findings of this work are largely limited by limitations inherent to PET
imaging studies (Wagner and Langer 2011; Lappin, Noveck, and Burt 2013). These
limitations include the ability to monitor for only about 1-1.5 hours, due to the short
radioactive half-life of !'C-rifampin (DeMarco et al. 2015). Rifampin is reported to have
a half life of approximately 2-3 hours in humans at steady state (Acocella 1978), so we
were only able to capture a limited portion of the PK profile. Yet, rifampin follows 1-
compartment kinetics (Svensson et al. 2018), increasing our confidence in our ability to
adequately capture rifampin’s PK with our microdose modeling. Microdosing may also
not be reflective of therapeutic dosing due to dose disproportionality (Wagner and Langer
2011; Lappin, Noveck, and Burt 2013), and in particular, this has been reported
previously for rifampin (Ordonez et al. 2020). Due to these limitations, we constrain our
findings from the !'C-rifampin microdose modeling primarily to the bone penetration-

related findings.

32



3.5 References

Abdelgawad, Noha, Maxwell Chirehwa, Charlotte Schutz, David Barr, Amy Ward, Saskia
Janssen, Rosie Burton, et al. 2024. “Pharmacokinetics of Antitubercular Drugs in
Patients Hospitalized with HIV-Associated Tuberculosis: A Population Modeling
Analysis.” Wellcome Open Research 7 (March):72.
https://doi.org/10.12688/wellcomeopenres.17660.3.

Acocella, G. 1978. “Clinical Pharmacokinetics of Rifampicin.” Clinical
Pharmacokinetics 3 (2): 108-27. https://doi.org/10.2165/00003088-197803020-
00002.

Alghamdi, Wael A, Mohammad H. Al-Shaer, and Charles A. Peloquin. 2018. “Protein
Binding of First-Line Antituberculosis Drugs.” Antimicrobial Agents and
Chemotherapy 62 (7): 1-7. https://doi.org/10.1128/AAC.00641-18.

Bernthal, Nicholas M., Alexandra 1. Stavrakis, Fabrizio Billi, John S. Cho, Thomas J.
Kremen, Scott I. Simon, Ambrose L. Cheung, et al. 2010. “A Mouse Model of Post-
Arthroplasty Staphylococcus Aureus Joint Infection to Evaluate in Vivo the Efficacy
of Antimicrobial Implant Coatings.” PLoS ONE 5 (9): 1-11.
https://doi.org/10.1371/journal.pone.0012580.

Boman, G, and V. A. Ringberger. 1974. “Binding of Rifampicin by Human Plasma
Proteins.” European Journal of Clinical Pharmacology 7 (5): 369-73.
https://doi.org/10.1007/BF00558209.

Brake, L. H.M. Te, R. Ruslami, H. Later-Nijland, F. Mooren, M. Teulen, L. Apriani, J. B.
Koenderink, et al. 2015. “Exposure to Total and Protein-Unbound Rifampin Is Not
Affected by Malnutrition in Indonesian Tuberculosis Patients.” Antimicrobial Agents
and Chemotherapy 59 (6): 3233-39. https://doi.org/10.1128/AAC.03485-14.

Chigutsa, Emmanuel, Jotam G. Pasipanodya, Marianne E. Visser, Paul D. van Helden,
Peter J. Smith, Frederick A. Sirgel, Tawanda Gumbo, and Helen Mcllleron. 2015.
“Impact of Nonlinear Interactions of Pharmacokinetics and MICs on Sputum
Bacillary Kill Rates as a Marker of Sterilizing Effect in Tuberculosis.” Antimicrobial
Agents and Chemotherapy 59 (1): 38—45. https://doi.org/10.1128/AAC.03931-14.

Cluzel, R. A., R. Lopitaux, J. Sirot, and S. Rampon. 1984. “Rifampicin in the Treatment
of Osteoarticular Infections Due to Staphylococci.” Journal of Antimicrobial
Chemotherapy 13 (suppl C): 23-29. https://doi.org/10.1093/jac/13.suppl_C.23.

DeMarco, Vincent P., Alvaro A. Ordonez, Mariah Klunk, Brendan Prideaux, Hui Wang,
Zhang Zhuo, Peter J. Tonge, et al. 2015. “Determination of 11C-Rifampin
Pharmacokinetics within Mycobacterium Tuberculosis-Infected Mice by Using
Dynamic Positron Emission Tomography Bioimaging.” Antimicrobial Agents and
Chemotherapy 59 (9): 5768—74. https://doi.org/10.1128/AAC.01146-15.

33



Diacon, A. H., R. F. Patientia, A. Venter, P. D. van Helden, P. J. Smith, H. Mcllleron, J. S.
Maritz, and P. R. Donald. 2007. “Early Bactericidal Activity of High-Dose Rifampin
in Patients with Pulmonary Tuberculosis Evidenced by Positive Sputum Smears.”
Antimicrobial Agents and Chemotherapy 51 (8): 2994-96.
https://doi.org/10.1128/AAC.01474-06.

Ewijk-Beneken Kolmer, Eleonora W.J. van, Marga J.A. Teulen, Erik C.A. van den
Hombergh, Nielka E. van Erp, Lindsey H.M. te Brake, and Rob E. Aarnoutse. 2017.
“Determination of Protein-Unbound, Active Rifampicin in Serum by Ultrafiltration
and Ultra Performance Liquid Chromatography with UV Detection. A Method
Suitable for Standard and High Doses of Rifampicin.” Journal of Chromatography
B: Analytical Technologies in the Biomedical and Life Sciences 1063 (April 2017):
42-49. https://doi.org/10.1016/j.jchromb.2017.08.004.

Iversen, P, O S Nielsen, K M Jensen, and P O Madsen. 1983. “Comparison of
Concentrations of Rifampin and a New Rifamycin Derivative, DL 473, in Canine
Bone.” Antimicrobial Agents and Chemotherapy 23 (2): 338—40.
https://doi.org/10.1128/AAC.23.2.338.

Jayaram, Ramesh, Sheshagiri Gaonkar, Parvinder Kaur, B. L. Suresh, B. N. Mahesh, R.
Jayashree, Vrinda Nandi, et al. 2003. “Pharmacokinetics-Pharmacodynamics of

Rifampin in an Aerosol Infection Model of Tuberculosis.” Antimicrobial Agents and
Chemotherapy 47 (7): 2118-24. https://doi.org/10.1128/aac.47.7.2118-2124.2003.

Lappin, Graham, Robert Noveck, and Tal Burt. 2013. “Microdosing and Drug
Development: Past, Present and Future.” Expert Opinion on Drug Metabolism &
Toxicology 9 (7): 817-34. https://doi.org/10.1517/17425255.2013.786042.

Litjens, Carlijn H.C., Rob E. Aarnoutse, Eleonora W.J. Van Ewijk-Beneken Kolmer, Elin
M. Svensson, Angela Colbers, David M. Burger, Martin J. Boeree, et al. 2019.
“Protein Binding of Rifampicin Is Not Saturated When Using High-Dose
Rifampicin.” Journal of Antimicrobial Chemotherapy 74 (4): 986-90.
https://doi.org/10.1093/jac/dky527.

Merritt, Judith H., Daniel E. Kadouri, and George A. O’Toole. 2006. “Growing and
Analyzing Static Biofilms.” Current Protocols in Microbiology 00 (1).
https://doi.org/10.1002/9780471729259.mc01b01s00.

Ordonez, Alvaro A., Hechuan Wang, Gesham Magombedze, Camilo A. Ruiz-Bedoya,
Shashikant Srivastava, Allen Chen, Elizabeth W. Tucker, et al. 2020a. “Dynamic
Imaging in Patients with Tuberculosis Reveals Heterogeneous Drug Exposures in
Pulmonary Lesions.” Nature Medicine 26 (4): 529-34.
https://doi.org/10.1038/s41591-020-0770-2.

Pasipanodya, J. G., H. Mcllleron, A. Burger, P. A. Wash, P. Smith, and T. Gumbo. 2013.
“Serum Drug Concentrations Predictive of Pulmonary Tuberculosis Outcomes.”

34



Journal of Infectious Diseases 208 (9): 1464—73.
https://doi.org/10.1093/infdis/jit352.

Plaut, Roger D., Christopher P. Mocca, Ranjani Prabhakara, Tod J. Merkel, and Scott
Stibitz. 2013. “Stably Luminescent Staphylococcus Aureus Clinical Strains for Use
in Bioluminescent Imaging.” PLoS ONE 8 (3).
https://doi.org/10.1371/journal.pone.0059232.

Pribaz, Jonathan R., Nicholas M. Bernthal, Fabrizio Billi, John S. Cho, Romela Irene
Ramos, Y. Guo, Ambrose L. Cheung, Kevin P. Francis, and Lloyd S. Miller. 2012.
“Mouse Model of Chronic Post-Arthroplasty Infection: Noninvasive in Vivo
Bioluminescence Imaging to Monitor Bacterial Burden for Long-Term Study.”
Journal of Orthopaedic Research : Olfficial Publication of the Orthopaedic Research
Society 30 (3): 335-40. https://doi.org/10.1002/jor.21519.

Roth, B. 1984. “Penetration of Parenterally Administered Rifampicin into Bone Tissue.”
Chemotherapy 30 (6): 358-65. https://doi.org/10.1159/000238294.

Sirot, J, R Lopitaux, R Cluzel, J J Delisle, and B Sauvezie. 1977. “[Rifampicin Diffusion
in Non-Infected Human Bone (Author’s Transl)].” Annales de Microbiologie 128
(2): 229-36.

Sirot, J, L Prive, R Lopitaux, and Y Glanddier. 1983. “[Diffusion of Rifampicin into
Spongy and Compact Bone Tissue during Total Hip Prosthesis Operation].”
Pathologie-Biologie 31 (5): 438-41.

Steenwinkel, Jurriaan E.M. De, Rob E. Aarnoutse, Gerjo J. De Knegt, Marian T. Ten
Kate, Marga Teulen, Henri A. Verbrugh, Martin J. Boeree, Dick Van Soolingen, and
Irma A.J.M. Bakker-Woudenberg. 2013. “Optimization of the Rifampin Dosage to
Improve the Therapeutic Efficacy in Tuberculosis Treatment Using a Murine
Model.” American Journal of Respiratory and Critical Care Medicine 187 (10):
1127-34. https://doi.org/10.1164/rccm.201207-12100C.

Svensson, Robin J., Rob E. Aarnoutse, Andreas H. Diacon, Rodney Dawson, Stephen H.
Gillespie, Martin J. Boeree, and Ulrika S.H. Simonsson. 2018. “A Population
Pharmacokinetic Model Incorporating Saturable Pharmacokinetics and
Autoinduction for High Rifampicin Doses.” Clinical Pharmacology and
Therapeutics 103 (4): 674-83. https://doi.org/10.1002/cpt.778.

Swaminathan, Soumya, Jotam G. Pasipanodya, Geetha Ramachandran, A. K. Hemanth
Kumar, Shashikant Srivastava, Devyani Deshpande, Eric Nuermberger, and Tawanda
Gumbo. 2016. “Drug Concentration Thresholds Predictive of Therapy Failure and
Death in Children With Tuberculosis: Bread Crumb Trails in Random Forests.”
Clinical Infectious Diseases 63 (suppl 3): S63-74.
https://doi.org/10.1093/cid/ciw471.

35



Thabit, Abrar K., Dania F. Fatani, Maryam S. Bamakhrama, Ola A. Barnawi, Lana O.
Basudan, and Shahad F. Alhejaili. 2019. “Antibiotic Penetration into Bone and
Joints: An Updated Review.” International Journal of Infectious Diseases 81
(April):128-36. https://doi.org/10.1016/5.1j1d.2019.02.005.

Thompson, John M., Vikram Saini, Alyssa G. Ashbaugh, Robert J. Miller, Alvaro A.
Ordonez, Roger V. Ortines, Yu Wang, Robert S. Sterling, Sanjay K. Jain, and Lloyd
S. Miller. 2017. “Oral-Only Linezolid-Rifampin Is Highly Effective Compared with
Other Antibiotics for Periprosthetic Joint Infection: Study of a Mouse Model.”
Journal of Bone and Joint Surgery - American Volume. Lippincott Williams and
Wilkins. https://doi.org/10.2106/JBJS.16.01002.

Tucker, Elizabeth W., Beatriz Guglieri-Lopez, Alvaro A. Ordonez, Brittaney Ritchie,
Mariah H. Klunk, Richa Sharma, Yong S. Chang, et al. 2018a. “Noninvasive 11C-
Rifampin Positron Emission Tomography Reveals Drug Biodistribution in
Tuberculous Meningitis.” Science Translational Medicine 10 (470): 1-12.
https://doi.org/10.1126/scitranslmed.aau0965.

Wagner, Claudia C., and Oliver Langer. 2011. “Approaches Using Molecular Imaging
Technology — Use of PET in Clinical Microdose Studies.” Advanced Drug
Delivery Reviews 63 (7): 539—46. https://doi.org/10.1016/j.addr.2010.09.011.

36



Chapter 4: Separate Models Are Needed to Translate Findings from
Microdose Modeling to Therapeutic Dosing

4.1 Introduction

Microdosing has been used within early drug development to explore
pharmacokinetics (PK) (Lappin, Noveck, and Burt 2013; Wagner and Langer 2011). We
utilized microdosing in conjunction with PET imaging to determine biodistribution of
rifampin to bone tissue infected with S. aureus for orthopedic implant-associated
infections (Gordon et al. 2021). Prior studies have indicated that rifampin penetration into
bone tissue is substantial relative to plasma, with bone concentrations of about 20-50% of
that of plasma (Roth 1984; Sirot et al. 1983; 1977). These values, however, were obtained
from single time point experiments and were greatly variable, with difficulties in
obtaining accurate and precise measurements due to the nature of the sample prep. Our
PET imaging work indicated rifampin bone penetration may be much lower than
previously thought, with estimates of 10 and 15% for mice and humans,
respectively(Gordon et al. 2021).

Two concerns with microdosing PK studies are particularly relevant here with
microdosing ''C-rifampin in mice and humans. The first concern is regarding dose-
proportionality, that is whether the PK from microdosing can be linearly extrapolated to
that of therapeutic dosing, while the second concern is whether enough of the PK profile
is captured during the short time allowed with PET imaging (Lappin, Noveck, and Burt
2013; Wagner and Langer 2011). These concerns were addressed earlier in Chapter 3.
However, it is important to note that the PK in a prior !'C-rifampin PET imaging study in
humans with TB was noted to be different between microdosing and therapeutic dosing

(Ordonez et al. 2020).
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Due to these potential PK differences due to microdosing vs therapeutic dosing
and mice vs human species differences, separate PK models from literature were pursued
for therapeutic dosing. As information regarding PK parameters for bone is unavailable
for therapeutic dosing, information from the !'C-rifampin microdose modeling was

borrowed and added to the therapeutic dose models.

4.2 Methods

- Literature Review

A literature review was conducted for rifampin PK models for both mouse and
human models built on data where therapeutic dosing levels were given. A literature
review was also conducted to find published rifampin PK profiles or PK summary
statistics for both mice and humans. PK profiles found in the literature were digitized
with WebPlotDigitizer (Automeris LLC) and utilized for either model building or
validation. External validation of the literature models was performed by qualitatively

comparing steady-state AUCs.

- Rifampin Therapeutic Dose PK Model Development

For the therapeutic dose mouse model, a subset of the digitized data was used for
naive-pooled modeling performed with Pumas 2.0 (Pumas-AI) (Rackauckas et al. 2020)..
The model was qualified against the data used for model building and external data for
model validation. For the therapeutic dose human model, a model was chosen from

literature and validated against external data.
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For both the therapeutic dose mouse and human models, the respective bone
compartments with bone-related model parameter estimates were added from the ''C-

rifampin microdose modeling.

4.3 Results

- Rifampin Therapeutic Dose PK Modeling

A literature review was performed for published rifampin models for mice and
humans built from therapeutic dosing levels. Two mouse models were found (Chunli
Chen et al. 2016; Bartelink et al. 2017). However, both models failed to reproduce

expected PK profiles, so a mouse model was built from data available in literature.

- Mouse Model

Through a literature review, ten publications were found with either PK profiles
that could be digitized or with AUCO0-24hr summary statistics (Table 3). Five publications
(Chao Chen et al. 2018; Maiga et al. 2015; Rosenthal et al. 2012; Almeida et al. 2011;
Bruzzese et al. 2000) were used for model building and five publications (Y. Liu et al.
2018; Y. Hu et al. 2015; De Steenwinkel et al. 2013; Hosagrahara et al. 2013; Jayaram et
al. 2003) were used for external validation. Doses ranged from 10-40 mg/kg given orally
once daily in both the model-building and validation data sets. Neither accumulation nor
autoinduction was found, so the single-dose and steady-state data were combined for the

modeling and validation.
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Table 3 Publications for Building and Validating Rifampin Therapeutic Dose Mouse Model

Publication Dose Steady Data Set

(mg/kg) State

(YIN)
Chen C, et al. Antimicrob Agents Chemother. 10 N Model-building
2018.
Maiga M, et al. EBioMedicine. 2015. 10 Y Model-building
Rosenthal 1M, et al. Antimicrob Agents 10, 20, 40 Y Model-building
Chemother. 2012.
Almeida D, et al. PLoS Negl Trop Dis. 2011. 10 N Model-building
Bruzzese T, et al. Arzneimittelforschung. 10 N Model-building
2000.
Liu Y, et al. J Antimicrob Chemother. 2018. | 10, 20, 30 Y Validation
Hu Y, et al. Front Microbiol. 2015. 10, 20, 30, N Validation
40

de Steenwinkel JE, et al. Am J Respir Crit 10 Y Validation
Care Med. 2013.
Hosagrahara V, et al. Eur J Pharm Sci. 2013. 10 N, Y Validation
Jayaram R, et al. Antimicrob Agents 10 N Validation

Chemother. 2003.

The final model structure was a 1-compartment model with first-order absorption
(Figure 11). The parameter estimates are shown in Table 4. The model estimation was
performed with allometric scaling to a 1-kg bodyweight and without the bone
compartments. The bone-related parameter estimates from the ''C-rifampin microdose
modeling (Table 2) were added to Table 4 (Figure 12), as they were utilized for

simulations for dose optimization.
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Figure 11 Rifampin Therapeutic Dose Mouse Model Structure

Table 4 Rifampin Therapeutic Dose Mouse Model Parameter Estimates

Parameter Estimate
CL (L/h/kg) 0.033
Qv (L/h/kg) 10.3
Qw2 (L/h/kg) 61

V. (L/kg) 0.51
Vi (L/kg) 0.0036
V2 (L/kg) 7

PC 0.10
ka (h") 0.97
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The rifampin therapeutic dose mouse model was qualified by evaluating the

steady-state AUC at Day 7 with the different doses. The model was able to reasonably

reproduce the AUCs from both the model-building and validation data sets across the

entire range of doses from 10-40 mg/kg (Figure 13).
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- Human Model

A model built on data in TB patients with doses ranging from 10-40 kg/mg/day
and sampling at Week 1 and Week 2 was chosen for the rifampin therapeutic dose human
model (Svensson et al. 2018). The Svensson et al model was chosen as it was the only
rifampin model to be able to characterize rifampin’s various PK non-linearities,
particularly those that occur with high-dose rifampin regimens. The model included more
than dose-proportional bioavailability, saturable elimination, and autoinduction (Figure
14). The parameter estimates are shown in Table 5, with the bone-related parameter
estimates from the 'C-rifampin microdose modeling (Table 2) added as they were

utilized for simulations for dose optimization (Figure 15).

b j fo T it fo D F450-( 1+ retF g, - (Dose — 450)
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Figure 14 Rifampin Therapeutic Dose Human Model Structure
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Table 5 Rifampin Therapeutic Dose Human Model Parameter Estimates

Parameter Estimate
Vmax (mg/h/70kg) 525
km (mg/L) 35.3
Qo1 (L/h/70kg) 846
Qo2 (L/h/70kg) 2208
Ve (L/70kg) 87.2
Vo1 (L/70kg) 0.86
V2 (L/70kg) 226
PC 0.15
ka (h) 1.77
MTT (h) 0.513
NN 23.8
Smax 1.16
SCso (mg/L) 0.0699
Kenz (h-1) 0.00603
relFmax 0.504
relFDso (mg) 67

To validate the rifampin therapeutic dose human model, a literature search was
conducted. Five publications (Aarnoutse et al. 2017; Boeree et al. 2017; Peloquin et al.
2017; Boeree et al. 2015; Ruslami et al. 2007) from a systematic review and meta-

analysis (Stott et al. 2018) were chosen, with doses ranging from 7.5-35 mg/kg (Table 6).
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Table 6 Publications for Validation of Rifampin Therapeutic Dose Human Model

Publication Dose
(mg/kg)
Aarnoutse RE, et al. Antimicrob Agents Chemother. 2017. 10, 15, 20
Boeree MJ, et al. Lancet Infect Dis. 2017. 10, 20, 35
Peloquin CA, et al. Antimicrob Agents Chemother. 2017. 10, 15, 20
Boeree MJ, et al. Am J Respir Crit Care Med. 2015. 10, 20, 25, 30,
35
Ruslami R, et al. Antimicrob Agents Chemother. 2007. 75,133

The Svensson et al model was able to reproduce the AUCs from literature across
all doses and the more than dose-proportional increase in exposure (Figure 16). Adding
the bone compartments from the ''C-rifampin microdosing model slightly decreased the
plasma exposures at higher doses, but the literature plasma values were still matched

reasonably well.

47



250 e Observed Plasma

®
- Predicted Plasma

E 200 . = = Predicted Plasma
k=) (+ Bone model)
E
O 150
=)
<
)
S 100
¢
>
S
3+
% 50

0_

T T T T T T T
0 5 10 15 20 25 30 35

Dose (mg/kg)

Reference line
(Dose-proportional)

Figure 16 Validation of Rifampin Therapeutic Dose Human Model

4.4 Discussion

As several important differences in PK were suspected between microdosing and
therapeutic dosing, separate therapeutic dosing PK models were pursued. For mice, two
PK models were available in literature, yet both failed to reproduce rifampin PK reported
in literature (Chao Chen et al. 2018; Bartelink et al. 2017), leading us to develop a
therapeutic dose model from literature. For humans, Svensson et al’s model was chosen
for the therapeutic dosing model, as it was able to characterize rifampin’s more than

dose-proportional increase in bioavailability, autoinduction, and saturable clearance,
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which are all important for simulating high-dose rifampin regimens out to steady state
(Svensson et al. 2018).

While it is unclear why the therapeutic dose mouse models in literature failed to
reproduce expected PK profiles, elements included in the structural models may be
emblematic of fundamental confusions regarding rifampin PK in mice and humans.
Bartelink et al’s model included saturable absorption without explanation, which may be
an attempt to mimic the more than dose-proportional increase in bioavailability in
humans. However, this does not occur in mice, as is evident in Figure 13. Additionally,
Chen et al attributed differences in clearance at Day 1 and Day 3 to autoinduction, yet
autoinduction likely does not occur in mice due to a lack of sequence homology in PXR1
(Hosagrahara et al. 2013; LeCluyse 2001). Hosagrahara et al reported induction due to
Pgp-mediated efflux, with lower exposures at Day 5 relative to Day 1 (Hosagrahara et al.
2013), yet this finding is inconsistent with our finding that single-dose and steady-state
exposures are similar across literature (Table 3, Figure 13).

Some of these complexities in rifampin PK, with marked differences between
species, highlight the need to investigate microdosing vs therapeutic dosing PK models.
While one structural model was chosen for microdosing both mice and humans, markedly
different structural models were chosen, with none of the PK non-linearities reported in
humans being evident in mice. With a single microdose, the PK non-linearities in
therapeutic dosing of humans cannot be investigated with the PET imaging experiments.
Additionally, ''C-rifampin being administered intravenously at a single microdose
precludes the ability to investigate potential complexities in absorption, which is

important as rifampin is most commonly administered orally.
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Chapter 5: Simulations Suggest High-Dose Rifampin Regimens May Be
Necessary for Adequate Bone Exposure

5.1 Introduction

With prolonged treatment duration and high failure and mortality rates with
patients with prosthetic joint infections (Bernard et al. 2021; Zmistowski et al. 2013;
Fischbacher and Borens 2019), there is a need to improve treatments. It is unclear
whether adequate levels of rifampin are reaching infected bone tissue with standard
dosing regimens (Sirot et al. 1983; 1977; Cluzel et al. 1984). Bacterial biofilm formation
on the implant surface can also impede the penetration of immune cells and some
antibiotics, though rifampin is reported to penetrate biofilm and have high bactericidal
activity when tested in vitro (Zimmerli and Sendi 2019). The breakpoint, or concentration
at which S. aureus is susceptible to rifampin treatment, in a biofilm environment is also
unknown. IDSA established the breakpoint of 1 mg/L for planktonic, or free-floating, S.
aureus (Osmon et al. 2013; Tunkel et al. 2017), yet it is unclear whether that is adequate
for biofilm environments (Tang et al. 2013; Zimmerli and Sendi 2019).

To address these questions, an integrated approach was taken in which an in vitro
biofilm assay was performed to obtain a rifampin concentration target, in vivo treatment-
shortening efficacy experiments were performed in mice comparing standard-dose, 6-
week regimens to high-dose, 4-week regimens, and PET imaging of !'C-rifampin and PK
modeling was performed to determine rifampin penetration into bone tissue.

As noted earlier, several differences exist between rifampin PK with microdosing
and therapeutic dosing and also species differences between mice and humans, as well as
differences attributed to oral dosing. Due to these differences, separate therapeutic dosing

models were pursued (Chapter 4) with borrowing information from the microdosing
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models to determine bone penetration. Here, we simulated bone exposures with standard-
and high-dose regimens to assist with optimizing rifampin dosing for orthopedic implant-

associated infections for S. aureus.

5.2 Methods

Simulations were performed with Pumas 2.0 (Pumas-Al) (Rackauckas et al.
2020). Multiple-dose simulations were performed with the rifampin therapeutic dose PK
models and additional bone compartments and parameter estimates from the !'C-rifampin
microdose PK models, at standard- and high-dose regimens with rifampin given orally
twice daily. 15 and 45 mg/kg/day were considered standard and high dose for mice, while
10 and 35 mg/kg/day were considered the equivalent doses for humans (De Steenwinkel
et al. 2013; Boeree et al. 2015). As steady-state in humans is achieved after 7-14 days,
simulations were performed for 14 days and steady-state Cmax and steady-state 24hr

AUC were assessed at Day 14.

5.3 Results

Simulations were performed for mouse and human standard- and high-dose
regimens with twice daily dosing. Bone compartments were added to the structural
models with bone-related parameter estimates from the !!C-rifampin microdose modeling
(Figure 12, Figure 15, Tables 4-5). Steady-state concentrations for bone tissue were
higher for mice than humans for both standard- and high-dose regimens (Figure 17).
Neither mouse nor human concentrations reached the 1mg/L breakpoint with a standard
dose. With a high dose, mouse bone concentrations were maintained above the

breakpoint, with a steady-state Cmax of 2.66 mg/L (Table 7). Human bone concentrations
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with a high dose (35mg/kg/day) reached the breakpoint (Cmax,ss = 1.71), but were not
maintained. Simulations were also performed at an additional high dose of 40 mg/kg/day
for humans in which the bone Cmax,ss was 1.99 (Table 7). Additionally, human high
doses were necessary to match the steady-state AUC from a mouse standard dose (Table

7).

Standard Dose High Dose

Mouse Mouse
15mg/kg/day 45mg/kg/day

Human Human
10mg/kg/day 35mg/kg/day

Concentration in Bone Tissue (mg/L)

| | I | | | I I I 1
o 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14

Time (d)

= = Breakpoint

Figure 17 Simulations of Rifampin Concentrations in Bone Tissue with Standard- and High-Dose Regimens
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Table 7 Simulated Steady-State Cmax and AUC for Bone Tissue with Standard- and High-Dose Rifampin
Regimens

Dose (mg/kg/day) CmaxSS (mg/L) AUC s (mg*h/L)
15 0.89 202
Mouse
45 2.66 607
10 0.61 72
Human 35 1.71 211
40 1.99 252

5.4 Discussion

From our therapeutic dose simulations with standard and high doses of rifampin,
we found that bone exposures do not reach the 1 mg/L breakpoint for planktonic S.
aureus with standard dosing for either mice or humans. However, markedly different
exposures were observed between mice and humans at high dosing, while the dosing was
presumed to be equivalent. Due to differences in exposures between mice and humans,
results from the in vivo treatment shortening experiments are not shown here, as the high-
dose exposures in mice are much higher than what is tolerable in humans (Lindsey H.M.
te Brake et al. 2021).

In vitro biofilm assay results are also not shown here, as the results do not add to
the body of evidence to determine a breakpoint in a biofilm environment. Several factors
complicate this determination and have led to conflicting results (Zimmerli and Sendi
2019; Tang et al. 2013). This includes the maturity of the biofilm, as more mature biofilm
have been reported to require higher minimum inhibitory concentration (MIC). Rifampin

being given alone or in combination has also been shown to affect the results. /n vivo
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experiments have also given variable results, with also different infection models. Due to
the inconsistency within literature as to what the breakpoint may be in a biofilm
environment, including several results indicating no change from the planktonic 1 mg/L
breakpoint, for this work we kept the target at 1 mg/L.

Given the 1 mg/L target, simulations indicated that the high-dose mouse regimen
had bone exposures at steady state that remained above the target. For the human high-
dose regimen, however, exposures fluctuated between above and below the target.
Rifampin is considered to be primarily concentration-dependent, with AUC as the best
predictor of bactericidal activity (Swaminathan et al. 2016; J. G. Pasipanodya et al. 2013;
Chigutsa et al. 2015; Diacon et al. 2007). When considering 24hr AUCss, a high dose of
35 mg/kg in humans was needed to match the AUC of approximately 200 mg*h/L with
standard dose in mice.

Such a discrepancy highlights marked differences in PK between mice and
humans, as are evident in our therapeutic dose modeling. Human-equivalent dosing for
the in vivo experiments were established based on publications that looked at AUC at Day
1 (De Steenwinkel et al. 2013; Ruslami et al. 2007; Thompson et al. 2017). Multiple
dosing, however, leads to stark differences in PK profiles, as mice do not display the
more than dose-proportional increases in exposure, autoinduction, or saturable clearance.

Of note, while it was mentioned that accumulation and induction were not
observed to occur with mice multiple dosing in Chapter 4, accumulation is seen in our
simulations due to rifampin being dosed twice daily here as opposed to once daily as is

often the case for TB. Rifampin is dosed twice daily for prosthetic joint infections due to
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the thought that more frequent administration is beneficial for eradicating bacteria within
a biofilm environment.

Given these challenges with respects to the goals of the work in terms of
integrating in vitro, in vivo, and human data with PK modeling and simulation to
optimize rifampin dosing for orthopedic implant-associated infections, we conclude that
current standard dosing regimens may be inadequate to provide sufficient exposures in
bone tissue for some strains of S. aureus. The MIC for the strain used in in vitro and in
vivo experiments here were <0.5 mg/L. Combination rifampin treatments are successful
in 70-90% of cases (Zimmerli 1998), indicating that exposures are adequate in most
cases. However, our work here suggests that higher dosing regimens could potentially
improve cure rates, given rifampin’s potentially limited penetration to bone tissue.

Additionally, due to rifampin’s more than dose-proportional increase in
exposures, a 14% increase in dose from 35 to 40 mg/kg leads to a 20% increase in steady-
state AUC, highlighting the potential benefits of dosing to a maximal tolerable dose.
Recently, 50 mg/kg was noted to be intolerable, while 40 mg/kg was well tolerated
(Lindsey H.M. te Brake et al. 2021). Tolerability may further be improved by staggering
dosing with a lower dose for a week before increasing to a higher dose (Susanto et al.

2023).
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Chapter 6: There Is a Need for a Model-Integrated Bioequivalence
Framework to Facilitate Generic Drug Development for Long-Acting
Injectables

Nine out of ten prescriptions currently filled in the United States are for generic
drugs. Generic drugs are important options that allow greater access to health care for all
Americans. All generic drugs approved by the U.S. Food and Drug Administration (FDA)
have the same high quality, strength, purity and stability as brand-name drugs. As of
today, however, approximately 80% of long-acting injectable (LAI) products do not have
an FDA-approved generic (O’Brien et al. 2021). LAIs are available in therapeutic areas
such as antipsychotics, cancer, hormonal therapy, and addiction. LAI formulations
possess many advantages when compared to conventional formulations by having 1) a
predictable drug-release profile, 2) improved patience adherence because of reduced
dosing frequency, 3) decreased incidence of side effects, and 4) overall cost reduction of
medical care (Brissos et al. 2014; Stevens, Dawson, and Zummo 2016; Creinin et al.
2016).

However, LAls can also pose challenges for generic drug development, due to
often complex absorption profiles and long apparent half-lives. Complex absorption
profiles can make establishing bioequivalence (BE) with pharmacokinetics (PK) studies
more difficult with often an immediate release followed by a slow release that may last
weeks or months (Figure 18) and may necessitate additional partial AUC (pAUC) BE
endpoints be met (Table 8) (Lee, Gong, et al. 2020; Fang et al. 2021). Additionally, with
complex absorption Cmax for some products may occur at either the immediate or slow
release phase, adding to the variability and thereby increasing the difficulty in passing the

80-125% GMR criteria for passing BE (Figure 19) (Laffont et al. 2015).
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Table 8 Representative Long-Acting Injectables with Product-Specific Guidances Recommending Partial

AUCs

Active Ingredient

Dosage Form

Partial AUC Recommended

Naltrexone

ER suspension

AUC

1-10days’ AUClO-ZSdays

Leuprolide acetate Injectable and injectable AUC7 days

depot
Leuprolide acetate, Injectable depot/tablet AUC, days
Norethindrone acetate
Triptorelin pamoate Injectable AUC, o
Buprenorphine Injectable AUC, ,
Octreotide acetate Injectable AUC days” AUC deys

Low variability
Normal variability

High variability

Test (T) = Generic
Ref (R) = Brand

Figure 19 Consequences of Variability on Bioequivalence Determination

80%

T/R (%) 125%

Long apparent half-lives (Table 9) can also make conventional BE trials (i.e,

parallel and crossover) long and suffer from high dropout rates, while making rich PK

sampling infeasible (Sharan et al. 2021). While single-dose parallel design trials suffer

from low power, they are also often not recommended due to safety concerns (Sharan et

al. 2021; Gong et al. 2023). LAls are mostly unable to be given safely to healthy
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volunteers, making single-dose parallel design infeasible for most LAIs (Figure 20).
Because LAIs are mostly not safe for healthy volunteers, product-specific guidances
(PSG) often recommend patients stable on the reference product and a multiple-dose
steady state crossover design. Such a design poses several challenges, including difficulty
in recruiting patients, high dropout rates due to steady state studies being extremely long,

and the challenge in determining steady state (Sharan et al. 2021).

Table 9 Half-Lives and Times to Steady State for Representative Immediate Release and Long-Acting
Product Counterparts

Active Immediate-Release Oral Product Long-Acting Injectable
Ingredient
12 1:ss, washout t1/2 tss, washout

Risperidone 3 hrs 12 hrs 17 hrs 3 days
Medroxy- 45 hrs 7.5 days 10 days 40 days
progesterone
acetate
Leuprolide 3 hrs 12 hrs 23 days 92 days
acetate
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Figure 20 Conventional Study Designs to Establish Bioequivalence with Long-Acting Injectables

To make BE trials more manageable, innovative approaches such as adaptive
design have been proposed (Lee, Feng, et al. 2020). Yet, more traction has been gained
with utilizing model-integrated approaches to overcome the challenges in establishing BE
for LAIs (Sharan et al. 2021; Zhao et al. 2019; Fang et al. 2018; Administration, n.d.).
Model qualification, however, remains a major challenge for acceptance of model-
informed and model-integrated BE approaches (Fang et al. 2018). Several model
qualification approaches are commonly utilized during model development, including
both graphical and numerical approaches. Currently, no standard exists for model
qualification, and using a model to simulate trials necessitates more rigorous model

qualification. For BE, models must be able to accurately and precisely estimate Cmax

66



and AUC metrics. A qualified model should therefore be able to reproduce reported BE
metrics for the reference product. Additionally, for virtual BE assessment, the MIBE
approach must maintain acceptable Type I error rate (Gong et al. 2023) to protect against
non-generics being approved due to application of a novel approach.

Here, we propose a model-integrated bioequivalence (MIBE) approach that can
be applied to reduce the size of bioequivalence trials, thereby reducing costs and barriers
to generic drug companies in establishing bioequivalence for complex drug products.
This approach consists of a smaller abbreviated BE trial on which population PK (pop-
PK) modeling is performed and BE is assessed virtually on larger simulated full BE
trials. Pilot BE trials are smaller than may be necessary to establish BE by conventional
approaches, such as parallel or crossover trial design and analysis with a non-
compartmental analysis (NCA)-based average bioequivalence approach. Full BE trials
are larger trials that may be prohibitively costly or infeasible to perform. With our
proposed MIBE approach, full BE trials are simulated, and BE is assessed virtually.

To assist generic companies with the application of MIBE, we provide a
framework with which the sponsors can consider and plan for an MIBE approach to take
to regulatory agencies for agreement. This involves thorough evaluation of the MIBE
approach and an application of a credibility assessment framework that has been
advocated for within pharmacometrics in recent years at the FDA (ASME 2018; U.S.

Food and Drug Administration 2023; Kuemmel et al. 2020).
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Chapter 7: With Model-Integrated Bioequivalence, Bioequivalence Can
Be Assessed through a Simulation-Based Approach

Over the past two decades, various model-informed approaches have been
proposed to facilitate BE assessment. Conventionally, BE is assessed on the geometric
mean ratio (GMR) of PK metrics (i.e., Cmax, AUC) for reference vs test product based
on the two one-sided t-test (TOST) (Schuirmann 1987). Average BE is considered to have
passed if the 90% confidence interval (CI) of the GMR is within 80-125%. The most
straight-forward of model-informed approaches involves performing the TOST procedure
on NCA parameters derived from individual model predictions (Dubois et al. 2010; 2011)
as opposed to directly from the observed data. Such a procedure, however, has been
shown to inflate Type I error rate when PK sampling is relatively sparse, even more so
than the standard NCA-based approach. Another model-informed approach that has been
proposed is to perform TOST directly on the treatment effect estimate using a model-
derived standard error estimate (Loingeville et al. 2020).

Simulation-based approaches, however, have also been proposed to assess
bioequivalence virtually. These methods include nonparametric bootstrapping or
parametric approaches. Virtual bioequivalence assessment via parametric simulations has
been commonly proposed for physiologically-based pharmacokinetic (PBPK) modeling,
where its use could be applicable to complex or locally-acting generics (Tsakalozou,
Babiskin, and Zhao 2021; van Borselen et al. 2024; Pal et al. 2024; Lee, Gong, et al.
2020). For non-linear mixed effects (NLME) modeling, a simulation-based approach has
been proposed with simulations with parameter and structural model uncertainty to
generate confidence intervals of the GMRs for the BE endpoints (X. Chen et al. 2024;
Bjugérd Nyberg et al. 2024; Fang et al. 2018; Gong et al. 2023).
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In our work, we propose an NLME modeling and simulation approach that does
not involve simulations with parameter or structural model uncertainty (Figure 21). To
assess BE with our approach, a pivotal abbreviated BE trial must first be conducted by
the sponsor. NLME modeling is performed on the abbreviated pivotal trial data. After the
model is qualified for the MIBE application, a large number (e.g., Nreps = 1000) of full
BE trials are simulated, and NCA is performed on the simulations. From the distribution
of GMRs for the BE endpoints, if the 5™ and 95" percentiles are within 80-125%, the trial
is considered to have passed BE. With this MIBE approach we can increase BE power
compared to the conventional NCA and TOST procedure, while also maintaining quality.
Application of this simulation-based BE assessment will be demonstrated in subsequent

chapters.

Conduct pivotal
abbrev BE trial Full BE
rep=1
)
Simulate full Perform NCA Obtain GMR for BE
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Build and qualify Full BE
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Figure 21 Simulation-Based Bioequivalence Assessment
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Chapter 8: Successful Application of Model-Integrated Bioequivalence
Is Predicated on Thorough Planning Using Modeling and Simulation

Research into MIBE applications has been abundant in the last decade, with
funding from and workshops organized by the FDA (Fang et al. 2018; Lee, Gong, et al.
2020; Gong et al. 2023; Pal et al. 2024). From this effort, the Model-Integrated Evidence
(MIE) Pilot Program was launched in 2023 to facilitate interactions with sponsors and
FDA on model-informed approaches for ANDA applications (U.S. Food and Drug
Administration, n.d.-c). Still, much uncertainty exists with respect to how to apply MIBE
and how it will be regulated by regulatory bodies, as a guidance is not yet available.

For PBPK applications to MIBE, however, the FDA has published on the first use
of dermal PBPK modeling and simulation in determining BE virtually, which led to a
successful generic approval (Tsakalozou, Babiskin, and Zhao 2021). Additionally,
regulatory considerations and application of ASME V&V 40 for model-integrated
evidence have been published for PBPK modeling (Pal et al. 2024; Kuemmel et al. 2020;
ASME 2018). Such recommendations or examples for application of MIBE for non-
PBPK applications, however, have not been published. We propose here in our work a
general MIBE framework that sponsors can follow to guide the implementation of MIBE

for their products (Figure 22).

2
! Prepare for MIBE o| = Plan abbrev and . 3 Conduct abbrev R 4 Perform MIBE
P g full BE trials v BE trial i analysis
Seek Submit to

regulatory regulatory
agreement agency

= Assess conventional = Specify initial model « Build and qualify model

BE design « Assess credibility of with abbrev BE trial data
= Conduct pilot trial(s) MIBE approach « Simulate full BE trials
« Propose MIBE plan « Assess BE in silico

Figure 22 Model-Integrated Bioequivalence Framework
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The first stage we propose is the preparation phase for MIBE. Here, we presume
that in vitro formulation-related checks have been performed and that Q1/Q2 are met.
Conventional BE designs will be assessed, meaning exploration of the feasibility of
parallel and crossover designs and the requisite sample sizes with conventional BE
assessment (i.e., NCA and TOST). This assessment should be done prior to and after the
conduct of pilot trial(s). If a need for MIBE is determined from this assessment, an MIBE
plan is then developed.

The second stage involves planning the abbreviated and full BE trials through a
thorough investigation of the MIBE approach and then presenting the final plan to the
regulatory agency. To begin this planning stage, we develop a model on the pilot data.
Through model development we will arrive at a final model that will be qualified.
However, we refer to this final model as the initial model, as it is the model developed on
pilot data. For model qualification, along with standard evaluation of model diagnostics
and goodness-of-fit plots, the final model should be qualified with quantitative predictive
checks (QPC) that ensure that the model can reproduce the expected central tendency and
variability in the PK metrics of interest for BE determination. After qualifying the model,
the MIBE plan is developed and the credibility of the MIBE plan is assessed. Application
of the planning stage for MIBE with Depo-SubQ Provera 104 will be demonstrated in

Chapter 9.
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Chapter 9: The Credibility of a Model-Integrated Bioequivalence Plan
Should Be Thoroughly Assessed to Enhance Confidence

9.1 Introduction

Model qualification remains a major challenge for acceptance of model-informed
and model-integrated BE approaches (Fang et al. 2018; Kuemmel et al. 2020). While
general best practices for model qualification with pop-PK and exposure-response
modeling have been established (U.S. Food and Drug Administration 2022a; 2003),
currently no standard exists to assess the credibility of modeling and simulation for which
the modeling provides substantial evidence to support a regulatory decision. From the
FDA, there has been a push to implement the V&V 40 framework from the medical
device space and adapt it for MIDD and MIE applications (U.S. Food and Drug
Administration 2023; Kuemmel et al. 2020). This involves establishing the question of
interest and the context of use for the model and then assessing the model risk and
establishing a qualification plan to assess the credibility, given the context of use and
model risk.

Importantly, the qualification should be tailored to the context of use. The rigor of
the qualification will be determined by the model risk, with higher risk necessitating
more rigorous qualification. Model risk is composed of two factors—model influence and
decision consequence—and each factor can be characterized as low, medium, or high.
Model influence is the degree to which the model contributes to making a decision, while
decision consequence is the severity of the negative consequences of making an incorrect
decision. The modeling approach is deemed credible if the approach is sufficiently

qualified for the context of use.
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To demonstrate the credibility assessment framework for MIBE, we apply it to the
contraceptive Depo-SubQ Provera 104, a long-acting injectable administered
subcutaneously every three months, as the reference drug product. While there are several
approved generics for Depo Provera, an intramuscular LAI with the same active
ingredient medroxyprogesterone acetate (MPA), no generic for Depo-SubQ Provera 104
has been approved. For in vivo BE, the FDA product-specific guidance for
medroxyprogesterone acetate recommends a single-dose parallel design (U.S. Food and
Drug Administration, n.d.-b). We demonstrate here how to plan your MIBE approach
(i.e., planning stage of MIBE framework in Figure 22) for a generic for Depo-SubQ

Provera 104 with the simulation-based BE assessment described in Chapter 7.

9.2 Methods

- Model Development and Qualification

A literature review of PubMed, Scopus, and regulatory databases was performed
for pop-PK models of Depo-SubQ Provera 104. As a published pop-PK model was
unavailable, a model was developed from digitized PK data and summary statistics from
the FDA Clinical Pharmacology Review (Jain et al. 2004; U.S. Food and Drug
Administration, n.d.-a). Mean PK values from Study 272, a single-dose 3-month PK
study with 42 subjects, were digitized with WebPlotDigitizer 4.5.

A naive-averaged analysis was performed on the digitized PK data in Pumas 2.1
software (Rackauckas et al. 2020) to develop the structural model. A visual inspection of
simulation with the fixed effects parameter estimates was performed to qualify the naive-

averaged model. To develop a non-linear mixed effects model (NLME), estimates of
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between-subject variability were derived from Table 1 summary statistics from the FDA
Clinical Pharmacology Review. The residual error model estimates were taken from
Francis, et al’s model of depot medroxyprogesterone acetate (Francis et al. 2021).

The NLME model was qualified with QPC. Percentiles (25, 50, 75%) for BE
parameters (i.e., Cmax, AUCinf) were derived from the reported summary statistics with
the assumption of a lognormal distribution in BE parameters. A large number of subjects
(i.e., 200) was used in the simulations to get an accurate assessment of the BE
parameters. Adjustments to the original parameter estimates were made to adequately

match the central tendency and spread in BE parameters (i.e., Cmax, AUCinf).

- MIBE Evaluation

The MIBE plan was developed and evaluated within the V&V 40 credibility

assessment framework according to the four steps laid out below.

o Assessment of Conventional BE Power and Type I Error Rate

Single-dose, parallel BE trials were simulated (Nreps = 500) with 24-96 subjects
(12-48 subjects per arm) and 72-312 subjects for low and high variability scenarios,
respectively. Between-subject variability (BSV) for CL and Vc were set to 25% and 50%
CV for low and high variability, respectively. Power was assessed by simulating a test-to-
reference (T/R) ratio of 0.95 on relative bioavailability, while Type I error rate was
assessed with a T/R ratio of 0.80. Noncompartmental analysis (NCA) was performed
with Pumas 2.1, and bioequivalence analysis was performed for Cmax and AUC with the

Bioequivalence.jl package.
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o Assessment of Reliability of Parameter Estimates

The reliability of the parameter estimates (i.e., bias and precision) were assessed

by evaluating the percent error of the parameter estimates (Equation 1).

Estimate — True Value

Percent Error (%) = 100 (Equation 1)

True Value

Simulations (Nreps = 200) were performed at several number of subjects. Bias was
determined by evaluating deviation of the median of the 200 simulation repetitions from

0% error, while precision was determined by evaluating the 5 and 95™ percentiles.

o Assessment of Full BE Power and Type I Error Rate

To assess full BE power and Type I error rate, first the number of subjects needed
to power the trial by conventional BE analysis was determined. 33, 50, and 67% of the
trial size to power by conventional analysis were explored for the abbreviated BE trial
(Nreps = 200). Estimation was performed on the abbreviated BE trial simulations. Full
BE trials (Nreps = 100) were simulated from the abbreviated BE trial estimates with
number of subjects up to 100% of the conventional BE trial size. BE was assessed
virtually on the full BE trials simulations from the 5" and 95" percentile of the geometric

mean ratios (GMR) (Figure 21). The overall workflow is shown in Figure 23.
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Figure 23 Model-Integrated Bioequivalence Planning Simulation Framework

The final MIBE plan is determined by minimizing the abbreviated BE trial size

while maximizing full BE power and maintaining full BE Type I error rate of 5%.

o Sensitivity Analyses

Sensitivity analyses were performed for three potential scenarios to determine the
robustness of the MIBE approach. The first scenario entailed a large discrepancy between
the variability assumed while planning and observed from the abbreviated pivotal trial
(e.g., 25% BSV planned vs 50% BSV observed or vice versa). For the second and third
scenarios, only the low variability (i.e., 25% BSV) scenario was considered. For the
second scenario, the impacts of bias and imprecision in parameter estimates were
determined by simulating sparse sampling trials (i.e., 25% of the rich sampling) and
assessing full BE power and Type I error rate. The third scenario assessed the impact of

performing full BE trial simulations with parameter uncertainty. Parameter uncertainty
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was obtained from the variance-covariance matrix, with simulations including not only

the variances but also the covariances to include correlations between parameters.

9.3 Results

- MIBE Credibility Assessment Framework

The MIBE credibility assessment framework that guided our work in the planning
stage is shown in Table 10. Even though BE will be assessed virtually from modeling and
simulation, the model influence was deemed to be medium due to rich empiric data still
being generated with our MIBE approach. The decision consequence was high because
an ineffective generic being approved could result in unwanted pregnancies or
unmanaged pain for an endometriosis indication. Overall, the model risk here was
deemed medium-high, necessitating a robust four-step qualification plan to evaluate the

MIBE approach.
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Table 10 Assessment of Credibility of Model-Integrated Bioequivalence Approach

Question of interest

Is the test formulation bioequivalent to the reference Depo-
SubQ Provera 104?

Context of use

The model will be used to assess BE virtually from an
abbreviated BE trial.

Model risk

*  Model influence

» Decision consequence

Medium-High

Medium

High

Rich empiric BE data is available from the
pivotal abbreviated BE trial.

BE will be assessed virtually on full BE trial
simulations.

Incorrect decision could result in a non-generic
entering the market and could result in
inadequate efficacy or mild adverse events.

Qualification plan

* Planning stage

+ MIBE analysis stage

*  Model development

1.

2.

Diagnostics according to good practices
recommended in regulatory guidances

Quantitative predictive checks (QPC) to ensure
model is reproducing the distribution of PK metrics
(e.g., Cmax and AUC)

 MIBE evaluation

1.

2.

3.
4.

Assessment of conventional BE power and Type |
error rate

Assessment of reliability of parameter estimates
(i.e., bias and precision)

Assessment of full BE power and Type | error rate
Sensitivity analyses to determine robustness of
MIBE plan

*  Model development

1.

2.

Diagnostics according to good practices
recommended in regulatory guidances

Quantitative predictive checks (QPC) to ensure
model is reproducing the distribution of PK metrics
(e.g., Cmax and AUC)

Sensitivity analyses deemed necessary if final model
different from planning stage model
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- Model Development and Qualification

MPA from Depo-SubQ Provera 104 is absorbed rapidly, without an apparent

delay or multiphasic features, so first-order and zero-order absorption models were

considered (Jain et al. 2004). A zero-order absorption model was chosen, as an assumed

lognormal distribution in the zero-order parameter, duration, matched the skew in tmax

from the summary statistics (U.S. Food and Drug Administration, n.d.-a). A zero-order,

one-compartment model was able to reproduce the central tendency and variability from

Study 272 (Figure 24). BSV in the duration parameter was unable to be estimated.

However, we were still able to reasonably reproduce the observed Cmax.
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Figure 24 Quantitative Predictive Check of the PK Model for Depo-SubQ Provera 104
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- MIBE Evaluation

The MIBE approach was developed and evaluated in four steps (Table 10).

o Assessment of Conventional BE Power and Type I Error Rate

With our Depo-SubQ Provera 104 example, we demonstrate BE power and Type I

error rate by conventional analysis for low and high variability scenarios (25 and 50%

BSV) (Figure 25). We demonstrate that by conventional analysis approximately 72 and

264 subjects are needed to achieve an overall target power of 80% for variability of 25

and 50%, respectively. We also demonstrate that the expected Type I error rate of

approximately 5% is maintained in both Cmax and AUC.
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Figure 25 Bioequivalence Power and Type I Error Rate with Conventional BE Analysis

86

72 120 168 216 264 312



o Assessment of Reliability of Parameter Estimates

Reliability of parameter estimates was assessed by evaluating percent error
(Equation 1, Figure 26). Bias is minimal in the parameters T/R, CL, V¢, ®CL, and oVe.
Precision is also reasonable on these parameters, with 95% of estimates within
approximately 10% of the true values for the typical values and within approximately
30% for the between-subject variability estimates. The duration and proportional error
estimates are positively biased (20%), however, presumably due to the sampling around

Cmax and inability to estimate between-subject variability in the duration parameter.
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Figure 26 Bias and Precision in Parameter Estimates of Abbreviated BE Trials

Dot represents 50 percentile, and error bars represent 5™ and 95% percentiles.
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o Assessment of Full BE Power and Type I Error Rate

Full BE power with the simulation-based approach was higher than the
conventional TOST approach for every full BE trial size (Figure 27). Power and Type I
error rate increased with full BE trial sizes, as expected due to shrinking lower and upper
bounds on the GMRs. Adequate full BE Type I error rate, however, was better maintained
at higher abbreviated BE trial sizes.

The following criteria were used to determine the final abbreviated and full be
trial sizes—minimizing abbreviated BE trial size, while maximizing full BE power and
maintaining adequate Type I error rate. The final proposal for the low variability scenario
is 36 and 72 subjects for abbreviated and full BE trials, respectively. The final proposal
for the high variaiblity scenario is 144 and 216 subjects. Thus, we propose a 50% and

33% reduction in trial size with the MIBE approach for low and high variability,

respectively.
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Figure 27 Bioequivalence Power and Type I Error Rate with MIBE
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o Sensitivity Analyses
1. Large Disparity Between Planned and Observed Pivotal Trial

Variability

If MIBE planning were to be performed with an assumed 25% BSV, then the
resulting abbreviated and full BE trial sizes would be 36 and 72 subjects, respectively
(Figure 27). As opposed to a full BE overall power of approximately 85% with matching
variability between planned and observed in the pivotal trial, the full BE power would be
much lower at approximately 30% if the pivotal abbreviated BE trial were to have 50%
BSV (Figure 28). With the observed pivotal trial variability being much higher than
planned, the full BE Type I error rate would be maintained at 5% or lower. For the
opposite scenario in which the observed pivotal trial variability is much lower than
planned, the full BE power would be nearly 100%, while Type I error rate would be much

lower than the nominal 5%.
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2. Bias and Imprecision of Parameter Estimates

We explored the potential impact of bias and imprecision of parameter estimates
by evaluating a sparse sampling scenario (i.e., 25% of the rich sampling). The sparse
sampling had variable effects on the precision of the model parameters, with the
seemingly greatest impact at 24 subjects (Figure 29). For the typical parameters, a

positive bias of approximately 5% occurred in estimates of CL, Vc, and duration for all
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number of abbreviated subjects. Importantly, the sparse sampling had no impact on the
bias of the T/R estimate. Sparse sampling had minimal impact on the BSV estimates for
CL and Vc, but caused the bias in the proportional error estimate to increase from

approximately 20% to 50%.
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Figure 29 Bias and Precision of Parameter Estimates with Rich and Sparse Sampling

With the confirmation that our sparse sampling impacts the reliability of the
parameter estimates, we evaluated the ultimate impact of the bias and imprecision on full
BE power and Type I error rates. Sparse sampling reduced full BE power, but the power
for rich and sparse sampling tended to converge as full BE trial subjects increased to 72
subjects (i.e., number of subjects needed to power by conventional analysis) (Figure 30).
The impact of sparse sampling on full BE Type I error rate was less clear, with potentially
a slight inflation of Type I with more abbreviated BE trial subjects. Ultimately, even with
sparse sampling here, the choice of 36 and 72 abbreviated and full BE trial subjects,

respectively, may be unaffected, as Type I error rate is still around 5% and power is still

above 80%.
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3. Full BE Trial Simulations with Parameter Uncertainty

Because our simulation-based approach to assess BE does not simulate with

parameter uncertainty (Figure 21), the impact of simulating full BE trials with parameter

uncertainty was assessed, with the pass rates for both full BE power and Type I error rates

decreasing (Figure 31). Without simulating with parameter uncertainty, given our

framework for deciding on abbreviated and full BE trial sizes, abbreviated and full BE
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trial sizes are 36 and 72 subjects, respectively, resulting in an overall BE power of
approximately 85%. With simulating with parameter uncertainty, however, 36 and 72
subjects (abbreviated and full BE trial sizes) results in a reduced overall power of
approximately 70%, which does not achieve the 80% target. An abbreviated BE trial size
of 48 subjects with simulating with parameter uncertainty marginally improves the

overall power to nearly 80%.
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9.4 Discussion

Modeling is often recommended by regulatory agencies to address challenges
within generic drug development. In particular, with products like long-acting injectables
(LAIs), due to the challenging nature of conducting long trials in patients, the ability to
abbreviate trials with MIBE may facilitate more generics entering the market. We
demonstrated here with the Depo-SubQ Provera 104 example that MIBE offers a more

efficient pathway to establishing BE without compromising quality.

- Power and Type I Error Rate with Conventional Analysis

With our Depo-SubQ Provera 104 example, we demonstrated BE power and Type
I error rate by conventional analysis for low and high variability scenarios (25 and 50%
BSV) (Figure 27). This power analysis can be part of the assessment of the need for
MIBE in the planning stage (Figure 22). However, the power analysis can also be done
without PK modeling and simulation with conventional statistical methods (Labes 2024).

Concerns at this stage for Type I error rate not being maintained at approximately
5% would primarily come from potential deficiencies in sampling or bioanalysis (Dubois
et al. 2010). If sampling is inadequate around Cmax, Type I error rate can be impacted.
With below limit of quantification (BLQ) samples, Type I error rate can also be impacted
for AUC or partial AUC. Of note, these potential concerns require PK modeling and

simulation to be identified and cannot be identified with conventional statistical analysis.
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- The Pivotal Trial Should Be Designed to Estimate Sensitive Formulation-Related

Model Parameters Reasonably Well

The most sensitive parameters for MIBE are the absorption and bioavailability-
related parameters on which T/R ratios are applied. If bias or imprecision are noted in
parameter estimates, judgment should be used in determining whether adjustments may
be necessary in the modeling, sampling, or trial design. In our Depo-SubQ Provera 104
example, bias was noted in the duration and proportional error estimates (Figure 26). Yet,
the QPC in Figure 24 indicates that the model is still able to reproduce the expected
central tendency and variability in both Cmax and AUC, providing confidence in the
model’s use for MIBE.

Precision of parameter estimates can be influenced by the number of subjects, yet
the determination of the abbreviated and full BE trial sizes based on preserving Type I
error rate implicitly evaluates whether the precision of parameter estimates is adequate.
This is evident in that full BE Type I error rate increases at a greater rate with more full
BE subjects when the abbreviated BE trial has fewer subjects (Figure 27), confirming that
the parameters are estimated more precisely with more abbreviated BE trial subjects.

We demonstrated here how to assess the impact of bias and imprecision in
parameter estimates due to sparse sampling. Even with sparse sampling, however, the
estimate of the formulation effect remained unbiased with all abbreviated trial sizes and
precision was only affected at the smallest trial size (Figure 29). The final MIBE plan and
overall BE power was also unaffected by the sparse sampling (Figure 30). Thus, this
overall MIBE approach appears to be resilient to bias and imprecision as long as the

formulation effect is estimated reliably.
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- The Final MIBE Plan Can Be Designed to Preserve Type I Error Rate

Virtual BE methodology has not been well established, with more advancement
within the PBPK realm (van Borselen et al. 2024). Recently, a Bayesian virtual BE
framework was proposed, but we are not aware of any proposed framework for virtual
BE with NLME and maximum likelihood estimation (Bois and Brochot 2024). Here, we
demonstrated how to design the MIBE plan in a manner that maximizes power and
maintains adequate Type I error rate.

First, we establish the number of subjects required to power the study by
conventional analysis. Our target here is the traditional 80% power. However, we aim for
an overall model-derived power, as opposed to an 80% power on an individual rate-
limiting BE endpoint. For our low and high variability scenarios, approximately 72 and
216 subjects, respectively, were needed to achieve an overall 80% power.

Of note, while I mentioned earlier that the power analysis as part of assessing the
need for MIBE (Figure 25) could be performed without modeling and simulation, it is
strongly recommended that the overall 80% power target by conventional analysis be
performed through modeling and simulation for two reasons. First, it is desireable to
match the powering for the full BE simulations to a model-derived powering to make
them more comparable. Second, comparing a model-derived power, especially overall
power, to a conventional statistically-derived power may not be straightforward. For a
conventional sample size determination, an analytical solution will likely be utilized for
the more standard trial designs (U.S. Food and Drug Administration 2022b). The highest
variabiity derived from conventional analysis of BE endpoints on pilot data is commonly

chosen for sample size determination for the pivotal trial, rather than a composite analysis
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of all the BE endpoints together. This is due to the interdependence of all the BE
endpoints not being straightforward, and thus, requiring simulations to derive sample
sizes based on true overall power.

After establishing the number of subjects needed to power the study by
conventional analysis, set percentages of this number of subjects are explored for MIBE
planning. Given the 72 and 216 subjects to achieve 80% power by conventional analysis
in our example, 33, 50, and 67% of 72 and 216 subjects (i.e., 24, 36, 48 subjects; 72, 108,
144 subjects) were chosen as the number of abbreviated BE trial subjects to investigate.
For full BE simulations, the number of subjects simulated were up to the 72 and 216
subjects to power by conventional analysis. For example, for evaluation of 24 subjects in
the abbreviated BE trial, 24, 36, 48, and 72 subjects (i.e., 33, 50, 67, and 100% of
subjects to achieve 80% power by conventional analysis) would be simulated for the full
BE trials. For evaluation of 36 subjects in the abbreviated BE trial, 36 to 72 subjects
would be simulated, and so forth.

To evaluate the scenarios in determining the final recommendation, two criteria
were used to maximize full BE power while maintaining acceptable full BE Type I error
rate. The first criteria is to minimize the number of subjects in the abbreviated BE trial
that can still lead to the target of 80% overall power, and the second criteria is to only
consider full BE trials that maintain acceptable Type I error.

Within this framework, if we were to evaluate 24 subjects in the abbreviated trial
(i.e., 67% reduction in trial size), we would stop at either 36 or 48 subjects for the full BE
trial, as the full BE Type I error rate is approximately 10% and 13% for Cmax and AUC

at 72 subjects. With abbreviated BE trial size of 24 subjects and full BE trial size of 36 or
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48 subjects, overall power is approximately 50 or 60%, respectively. Thus, an abbreviated
BE trial with 24 subjects would be inadequate to power the study. The same evaluation
for 36 subjects results in full BE simulations with 72 subjects and overall power of
approximately 85%. Therefore, for the low variability scenario, the final recommendation
would be 36 and 72 subjects for the abbreviated and full BE trials, respectively, providing
a 50% reduction in the pivotal trial size.

However, for the high variability scenario, the final recommendation results in a
33% reduction. The inability to achieve the same 50% reduction as in the low variability
scenario is due to two factors. The first factor is that a 50% reduction (i.e., 108 subjects)
results in inflated full BE Type I error rate in Cmax at 216 subjects, which limits the
evaluation of 108 abbreviated BE trial subjects to 144 full BE trial subjects. The second
factor is that this pairing results in an overall full BE power of approximately 72%, which
is less than the target of 80%. This necessitates the evaluation of a greater number of
subjects than 108. With 144 abbreviated BE trial subjects, full BE Type I error is
maintained at 216 subjects (i.e., number of subjects to power by conventional analysis)
and results in an overall full BE power of nearly 90%. The final recommendation,
therefore, would be 144 abbreviated BE trial subjects and 216 abbreviated BE trials.
Given that the overall full BE power is nearly 90%, additional analysis could be
performed by the sponsor to further reduce the size of the abbreviated BE trial if even
144 subjects could be deemed too large from cost, recruitment and timeline perspectives.

To summarize, virtual BE simulations with larger trial sizes can be designed based

on evaluating abbreviated and full BE trial sizes that maximize full BE power while
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preserving Type I error rate. As a rule of thumb, we propose the trial size needed to power
the trial by conventional analysis as the upper limit for the simulated full BE trial size.
- Our MIBE Approach Is Robust to a Large Disparity Between Planned and

Observed Variability

When planning the MIBE approach, much of the assumptions will come from
pilot data, including assumptions regarding the model structure and parameter estimates.
Additional assumptions may include the T/R ratio of the final test formulation and the
variability, which will largely be a consequence of BSV for a parallel design and BOV for
a crossover design. While pilot data should be robust to have more confidence while
planning the MIBE approach, due to inherent variability from various sources, the
variability assumptions used to plan the final MIBE approach could end up being very
disparate from the resulting variability in the pivotal abbreviated trial.

The likelihood of this occurring can be mitigated by several factors. First, pilot
data should be robust, meaning there should be sufficient information to make reasonable
assessments of T/R and variability. This includes adequate number of subjects in pilot
data for both reference and test formulations, as well as adequate PK sampling, as the
sampling may impact several factors, such as the GMR and CV of Cmax or partial AUC.
Ideally, the sampling in the pilot trial(s) should closely match that which is planned for
the pivotal trial to mitigate risks and additional sensitivity analyses. Second, the pilot data
should include PK data on the final test formulation. While information on several
formulations can be informative on what the formulation-sensitive parameters are,
thereby informing us on where to apply T/R ratios in the model, additional risk will be

incurred without pilot data on the final formulation. Third, the batch of reference and test
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formulation used for planning should be the same as for the pivotal trial, especially if
there is known batch-to-batch variability and if the GMRs for the endpoints in the pilot
data deviate much from 1.0 (e.g., 0.9 or 1.1). This will reduce inducing additional
variability that could increase the risk of the pivotal trial failing due to factors outside of
the MIBE planning and approach.

Regardless of these mitigation factors, invariably limitations will remain in terms
of what can practically be obtained for pilot data. These may include collecting pilot data
in healthy subjects, while the pivotal trial may require patients. Additionally, while the
pivotal trial may be a crossover trial, the pilot trial(s) may be of parallel design. This
leads to an inability to assess within-subject variability or between-occasion variability,
so the variability for a pivotal crossover trial may need to be assumed from the total
variability obtained in the parallel pilot data.

While the more robust and representative the pilot data is of the planned pivotal
trial, the more likely the assumptions will match the results from the pivotal trial, due to
chance or some unknown factor, results from the pivotal trial can be quite disparate from
what was assumed from the pilot data. Such scenarios were investigated here in terms of
the variability that was used to plan the pivotal abbreviated BE and full BE trials being
much different from what results in the pivotal abbreviated BE trial.

Large disparities in planned vs observed variabilities were shown to not increase
the regulatory risk of approving a non-generic product with this MIBE approach, as full
BE Type I error rate was maintained at or decreased from 5% (Figure 28). As with a
conventional approach, power is much reduced when the observed variability is much

higher than expected, indicating that this MIBE method is similarly sensitive to
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underpowering, which highlights again that the application of MIBE does not bypass the
need for robust pilot data. Likewise, the observed variability being much lower than

expected results in the MIBE trial being overpowered, as with a conventional approach.

- Our MIBE Approach Does Not Require Simulating Full BE Trials with Parameter

Uncertainty

When BE is assessed virtually with a simulation-based approach, confidence
intervals around the point estimate are generated from the distribution of GMRs across
the simulation repetitions. Thus, the clinical trial simulations technically should be
performed with parameter uncertainty (X. Chen et al. 2024; C. Hu 2022; Kiimmel et al.
2018). However, we demonstrate here that practically, simulating with parameter
uncertainty is not necessary and Type I error rate is protected regardless due to the
framework in deciding the abbreviated and full BE trial sizes.

Simulating with parameter uncertainty necessitates larger abbreviated BE trial
sizes to achieve comparable power when restricting full BE trial sizes to the trial size to
power a conventional study. Yet, as full BE Type I error rate increases at a much slower
rate with increasing full BE trial size, when simulating with parameter uncertainty,
smaller abbreviated trials may be possible if the full BE trial size is not restrained by the
conventional design trial size. This should be explored in future work, as we have
demonstrated a reduction in trial size of 33-50% in our work with simulating without

parameter uncertainty.
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9.5 Conclusion

We demonstrated here how to plan for MIBE in a systematic manner that lends
credibility to the model-integrated approach. Additionally, we demonstrated the
robustness of our simulation-based approach to assessing BE and the overall MIBE
framework by evaluating the sensitivity of our MIBE framework to scenarios beyond the

original MIBE plan.
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Chapter 10: Discussion

In our work here, we demonstrated the application of modeling and simulation to
challenges in therapeutics and generic drug development. For the first project, an
integrated approach utilizing in vitro, in vivo, and human data with PK modeling and
simulation was performed to optimize rifampin dosing for orthopedic implant-associated
infection of S. aureus. For the second project, a model-integrated bioequivalence (MIBE)
framework with a simulation-based virtual BE assessment was proposed with Depo-
SubQ Provera 104 as the example product.

For the first project, the PK of mice and humans were shown to be different with
both microdosing and therapeutic dosing, which precluded the use of a single model with
allometric scaling between species. For microdosing, clearance was ten times lower in
mice, which was attributed to the higher protein binding in mice (97% vs 90%). Bone
penetration of rifampin was found to be 10 and 15% in mice and humans, respectively,
which is much lower than reported in literature from single time point experiments (20-
50%) (Sirot et al. 1983; 1977; Cluzel et al. 1984). For therapeutic dosing, a mouse model
was developed from literature, as the two models in literature failed to reproduce the
expected PK profiles (Chunli Chen et al. 2016; Bartelink et al. 2017). A human model
from Svensson et al was used for the human model (Svensson et al. 2018). Notably, the
mouse model did not have any of the PK non-linearities (i.e., more than dose-
proportional increase in bioavailability, autoinduction, and saturable clearance) present in
the human model.

Simulations with the therapeutic dose models with standard- and high-dose

regimens demonstrated that bone exposures of rifampin are much lower than previously
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thought, with concentrations maintained at below the planktonic S. aureus breakpoint of
1 mg/L. This suggests that cure rates of 70-90% could potentially be improved with high-
dose rifampin regimens of 35-40 mg/kg, as opposed to the standard-dose regimens of 10
mg/kg (Zimmerli and Sendi 2019).

For the second project, an MIBE framework that involves four stages was
proposed to facilitate the application of MIBE by generic companies. The stages were as
follows: 1) preparation for MIBE, 2) planning MIBE, 3) conducting pivotal abbreviated
BE trial, and 4) performing MIBE analysis. We demonstrated the implementation of the
planning stage within the framework of the credibility assessment adapted from the
American Society of Mechanical Engineers’ V&V 40 (ASME 2018; U.S. Food and Drug
Administration 2023; Kuemmel et al. 2020).

With a simulation-based virtual BE assessment, we demonstrated that an
abbreviated BE trial size of 50-67% smaller in terms of number of subjects could be
achieved for Depo-SubQ Provera 104. A framework was established for choosing the
abbreviated and full BE trial size pairings, which was based on maximizing full BE
power while maintaining acceptable Type I error rate. The full BE trial size was restricted
to the trial size to power the trial by conventional analysis.

As part of the model qualification and credibility assessment, we proposed the
primary model qualification should be based on whether the model could reproduce the
central tendency and variability in PK parameters (e.g., Cmax, AUC) through a
quantitative predictive check (QPC). Additionally, we proposed that the model
parameters should be estimated reliably—that is with minimal bias and imprecision—yet,

the MIBE approach may be resilient to some bias and imprecision as long as the
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formulation-related parameters are estimated reliably. Sensitivity analyses demonstrated
that not only is the MIBE approach resilient to bias and imprecision of parameter
estimates due to sparse sampling, the approach is also resilient to large discrepancies in
variability assumed while planning versus the observed variability in the pivotal
abbreviated trial.

While it is commonly assumed that the simulation-based virtual BE approach
must simulate with parameter uncertainty to protect against Type I error, we demonstrate
that Type I error is preserved with our overall approach. With the full BE trial size cap of
the trial size for a conventional approach, simulating with parameter uncertainty reduces
the power and necessitate larger abbreviated BE trial sizes. However, full BE Type I error
rate was noted to rise at a much slower rate with increasing full BE trial size, when
simulating with parameter uncertainty, which may allow for comparable abbreviated BE
trial sizes if the full BE trial size is not limited.

Overall, by leveraging model-informed approaches across both projects, we were
able to demonstrate the diverse and unique capabilities of tackling distinct challenges

with quantitative approaches.
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Appendix

Scripts
ABE_MPA_SD pl_BE_main.jl

HHHAHHHHAHHHHFH R
# title: Single-Dose Parallel Design Abbreviated BE Main Script
HHHAHHHHAHHHHFH R

@info "packages™
using Distributed, CSV, Serialization, Random

@info "load ABE functions"
@everywhere include("ABE_MPA_SD_pl BE_fxns.jl")

@info "setup results location"
RESULTS_DIR = mktempdir()
ENV["RESULTS_FILE"] = RESULTS_DIR

@info "Nreps, T/R ratio, Nsubj for ABE sims"
Nreps_ABE = 1000

#input_tr_ratio = [0.80, 0.85, 0.90, 0.95]
input_tr_ratio = [0.80, 0.95]

## for 25% BSV

#BSV = 0.246

#Nsubj_ABE = [24, 36, 48, 60, 72, 84, 96]

## for 50% BSV

BSV = 0.472

Nsubj_ABE = [72, 108, 144, 168, 216, 264, 312]

@info "trial obstimes"
@everywhere obstimes =
[0.001,2,4,5,6,7,8,10,12,14,16,20,24,29,36,43,50,57,64,71,78,85,90,104,132
,150,180,210] # 28 samples
#@everywhere obstimes =
[0.001,2,4,5,6,7,8,10,12,14,16,24,36,50,71,85,104,132,150,180,210]

# 21 samples
#@everywhere obstimes =
[0.001,2,4,5,6,7,8,10,12,14,36,85,150,210]

# 14 samples

@info "running main map"
_rng = Random.default_rng()
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Random.seed! (_rng, 1234)

ABE_results = @time pmap(Iterators.product(input_tr_ratio, Nsubj_ABE,
BSV)) do (tr, nsubj_ABE, bsv)

@info "tr = $tr, nsubj = $nsubj_ABE"

i BE_ LB _ GMR _UB _CV _df, i BE passed df, BE_passrate_df =
ABE_sims(_rng;

Nr
eps_ABE,

in
put_tr_ratio = tr,

Ns
ubj ABE = nsubj_ABE,

BS
V = bsv

)

return i_BE_LB_GMR_UB_CV_df, i BE passed_df, BE_passrate_df
end;

@info "post-process results"

i_BE_LB_GMR_UB_CV

[i[1] for i in ABE_results]

i_BE_passed = [i[2] for i in ABE_results]
BE_passrate = [i[3] for i in ABE_results]

i BE_LB_GMR_UB_CV_df = reduce(vcat, i BE_LB_GMR_UB_CV)
i_BE_passed_df = reduce(vcat, i_BE_passed)
BE_passrate df =  reduce(vcat, BE_passrate)

@info "save results"

CSV.write(joinpath(RESULTS_DIR,

"i BE_LB_GMR_UB_CV_ABE_Nreps$(Nreps_ABE)_$(BSV)bsv_Nsubj$(Nsubj_ABE[1])_$%$(
Nsubj_ABE[end]).csv"), i_BE_LB_GMR_UB_CV_df)
CSV.write(joinpath(RESULTS_DIR,

"i BE_passed_ABE_Nreps$(Nreps ABE)_ $(BSV)bsv_Nsubj$(Nsubj ABE[1])_$(Nsubj_
ABE[end]).csv"), i BE passed df)

CSV.write(joinpath(RESULTS_DIR,
"BE_passrate_ABE_Nreps$(Nreps_ ABE)_ $(BSV)bsv_Nsubj$(Nsubj ABE[1])_$(Nsubj_
ABE[end]).csv"), BE_passrate_df)

ABE_MPA_SD pl BE _fxns.jl

R S R R R S g
# title: Single-Dose Parallel Design Abbreviated BE Functions Script
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HHEHEH
using Pumas, CSV, Random, Bioequivalence

@info "parallel ABE trial simulation model”
# zero-order absorption, 1-cmt, combined error model
sim_model_abs®_lcmt_pl ABE = @model begin

@param begin

# tv

tvtr_ratio € RealDomain(lower=0.0001)
tvCL € RealDomain(lower=0.0001)
tvVc € RealDomain(lower=0.0001)
tvDuration € RealDomain(lower=0.0001)
# BSV

wCL_BSV € RealDomain(lower=0.0001)
wVc_BSV € RealDomain(lower=0.0001)

wDuration BSV € RealDomain(lower=0.0001)

# RUV
0_add € RealDomain(lower=0.0001)
o_prop € RealDomain(lower=0.0001)

end

@random begin

# BSV
ncL ~ Normal(0.0, wCL_BSV)
nvc ~  Normal(9.0, wVc_BSV)
nduration ~  Normal(0.0, wDuration_BSV)
end
@covariates rep_ABE Nreps_ABE input_tr_ratio Nsubj_ABE BSV

sequence seq_n period occ formulation isT

@pre begin
CL = tvCL * exp(nCL)
Vc =  twWc * exp(nVc)
end

@dosecontrol begin

duration = (Central = tvDuration*exp(nduration),)
bioav = (Central = (isT == 1) ? tvtr_ratio :
one(tvtr_ratio),)

end
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@dynamics Centrall

@derived begin
dv ~
((Central/Vc) * o_prop)”2))
end

@. Normal((Central/Vc), sqrt(o_add”2 +

end

@info "parameters for parallel ABE trial simulation”

params_ABE_sim = (tvCL = 1051, # L/day/70kg

tvVc = 82153, # L/70kg

tvDuration = 2.00, # days

#wCL_BSV = 0.2, # 80%
of initial

#wVc_BSV =  0.37, # 90%
of initial

wburation_BSV = 1.09,

o_add = 0.0147, # ng/mL (fixed)
(Francis, et al. 2021)

o_prop =  0.177) # (fixed)

(Francis, et al. 2021)

function run_ABE_sims(rng::AbstractRNG; Nreps_ABE::Integer,
input_tr_ratio::Real, Nsubj_ ABE::Integer, BSV::Real)

ev_SD = DosageRegimen(104*10~3, time=0, cmt=1, rate=-2) # 104mg dose
to 104x10~3ug b/c ug/L = ng/mL

pop_df = DataFrame(Population(map(j -> Subject(id=j, events=ev_SD),
1:Nsubj_ABE)))

pop_df[!, :rep_ABE] = missing

pop_df[!, :Nreps_ABE] = Nreps_ABE

pop df[!, :input_tr ratio] = input_tr_ratio

pop_df[!, :Nsubj_ABE] = Nsubj_ABE

pop df[!, :BSV] .= BSV

pop df[!, :sequence] = ifelse.(parse.(Int64, pop df.id) .<=
Nsubj_ABE/2, "R", "T")

pop df[!, :seq _n] = ifelse.(pop_df.sequence .== "R", 1, 2)

pop_df[!, :period] = 1

pop_df[!, :occ] combine(groupby(pop_df, :id), :evid
.=> cumsum => :0CC).0cCC

pop_df[!, :formulation] = ifelse.(pop_df.seq_n .==1, "R", "T")

pop df[!, :isT] = ifelse.(pop_df.formulation .== "T", 1,
0)

pop_df[!, :dv] = missing
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sims = map(1l:Nreps ABE) do i

pop_df[!,

:rep_ABE] .= 1

pop = read pumas(pop_df,

:input_tr_ratio,
:formulation, :isT],

rand_effs =
(params_ABE_sim...,

:Nsubj_ABE,

id

time

amt

cmt
observations
covariates
:BSV, :sequence,
covariates_direction
evid

= 1id,

= :time,

= :amt,

= cmt,

= [:dv],
[:rep_ABE,
:seq_n, :period,

:Nreps_ABE,
1occ,

:left,
revid)

[sample randeffs(rng, sim_model abs® 1cmt pl ABE,

tv
tr_ratio = input_tr_ratio,
wC
L_BSV = BSV,
wV
c_BSV = BSV))
for subject in pop]
sim_df = DataFrame(simobs(sim_model abs® 1cmt pl ABE, pop,
(params_ABE_sim...,
tvtr_r
atio = input_tr_ratio,
wCL_BS
V = BSV,
wVc_BS
V = BSV),
rand_effs,
obstimes = obstimes,
ensemblealg = EnsembleSerial(),
rng=rng
)
)
sim df[!, :route] .= "ev"

return sim_df

end

sims_df = reduce(vcat, sims)
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return sims_df
end

function run_ABE_NCA(sims_df: :DataFrame)
# removes neg conc's to prevent neg conc warning printout from NCA
# have to use coalesce b/c of missing values
temp_df = sims_df[coalesce.(sims_df.dv .>= 0, true), :]

NCApop = read_nca(temp_df,

id = id,

time = :time,

observations = :dv,

amt = :amt,

group = [:rep_ABE, :Nreps_ABE,

:input_tr_ratio, :Nsubj_ABE, :BSV, :sequence, :seq_nh, :period, :occ,
:formulation, :isT],

11q =  0.02,
concblq = 0.,
route = :route
)
cmax = NCA.cmax(NCApop)
aucinf = NCA.auc(NCApop)

NCAresults df leftjoin(cmax, aucinf, on = [:id, :rep_ ABE,
:Nreps_ABE, :input_tr ratio, :Nsubj ABE, :BSV, :sequence, :seq_n, :period,
:occ, :formulation, :isT])

return NCAresults_df
end

function run_ABE_BE(nca_df::DataFrame)

@info "run BE analysis"

BE outputs df = @time combine(groupby(nca_df, [:rep ABE, :Nreps_ABE,
:input_tr_ratio, :Nsubj_ABE, :BSV])) do df

(cmax_output =  pumas_be(df, endpoint = :cmax, reml = true),
aucinf_output = pumas_be(df, endpoint = :auc, reml = true)
)

end

@info "generate cmax/auc LB, GMR, UB, CV"
i BE_LB_GMR_UB_CV = []

for i in 1:nrow(BE_outputs_df)
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rep_ABE
Nreps_ABE
input_tr_ratio
Nsubj_ABE

BSV

cmax_LB
cmax_GMR
cmax_UB
cmax_CV

aucinf LB
aucinf_GMR
aucinf_UB
aucinf_CVv

push!(i_BE_LB_GMR

Nsubj_ABE, BSV,

aucinf_CV))
end

BE outputs df[i,
BE_outputs_df[1i,
BE_outputs_df[1i,
BE outputs df[i,
BE_outputs_df[1i,

BE outputs df[i,
BE_outputs_df[1i,
BE outputs df[i,
BE_outputs_df[1i,

BE outputs df[i,
BE outputs df[1i,
BE_outputs_df[1i,
BE_outputs_df[1i,

:rep_ABE]
:Nreps_ABE]
:input_tr_ratio]
:Nsubj_ABE]
:BSV]

:cmax_output].
:cmax_output].
:cmax_output].
:cmax_output].

:aucinf output].
:aucinf output].
:aucinf_output].
:aucinf_output].

result.LB[1]
result.GMR[1]
result.UB[1]
result.CV[1]

result.LB[1]
result.GMR[1]
result.UB[1]
result.CV[1]

_UB_CV, (rep_ABE, Nreps_ABE, input_tr_ratio,

cmax_LB, cmax_GMR, cmax_UB, cmax_CV,
aucinf_LB, aucinf_GMR, aucinf_UB,

i BE_LB_GMR_UB_CV_df = DataFrame(i_BE_LB_GMR_UB_CV)
rename! (i_BE_LB_GMR_UB_CV_df, [:rep_ABE,

:Nsubj_ABE,

:aucinf_CV])

:BSV,

:Nreps_ABE, :input_tr_ratio,
:cmax_LB, :cmax_GMR, :cmax_UB, :cmax_CV,
:aucinf_LB, :aucinf_GMR, :aucinf_UB,

@info "determine whether passes BE"

i_BE_passed_df = combine(groupby(i_BE_LB_GMR_UB_CV_df, [:rep_ABE,
:Nsubj_ABE, :BSV])) do df

GMR, UB, and CV to save values

:Nreps_ABE,

(# copying over
cmax_LB
cmax_GMR
cmax_UB
cmax_CV

aucinf_LB
aucinf_GMR
aucinf_UB
aucinf_CV

:input_tr_ratio,
LB,

# whether passes BE

df.
df.
df.
df.

cmax_LB,
cmax_GMR,
cmax_UB,
cmax_CV,

df.
df.
df.
df.

aucinf_LB,
aucinf_GMR,
aucinf UB,
aucinf Cv,
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(df.cmax_LB .> 0.8) .& (df.cmax UB .< 1.25),
(df.aucinf_LB .> 0.8) .& (df.aucinf_UB

# whether passes BE for both cmax and aucinf
(df.cmax_LB .> 0.8) .& (df.cmax UB .< 1.25) .&

cmax_pass
aucinf_pass
1.25),
overall pass =
1.25)
)
end

(df.aucinf LB .> 0.8) .& (df.aucinf UB

@info "calculate BE pass rate"

BE_passrate_df = combine(groupby(i BE_passed df, [:Nreps ABE,

:input_tr_ratio,

:Nsubj_ABE,

(# copying over LB,
avg_cmax_LB
avg_cmax_GMR
avg_cmax_UB
avg_cmax_CV

avg_aucinf_LB
avg_aucinf_GMR
avg_aucinf_UB
avg aucinf CV

# pass rate
cmax_passrate
aucinf_passrate
overall passrate

)

end

return i_BE_LB_GMR_UB_CV_df, i_BE_passed_df, BE_passrate_df

end

:BSV])) do

df

GMR, UB, and CV to save values

mean(df.
mean(df.
mean(df.
mean(df.

mean(df.
mean(df.
mean(df.
mean(df.

mean(df.
mean(df.
mean(df.

cmax_LB),
cmax_GMR),
cmax_UB),
cmax_CV),

aucinf_LB),
aucinf_GMR),
aucinf_UB),
aucinf_Cv),

cmax_pass) * 100,
aucinf_pass) * 100,
overall pass) * 100

function ABE_sims(rng::AbstractRNG; Nreps_ABE::Integer,
input_tr_ratio::Real, Nsubj ABE::Integer, BSV::Real)

sims_df
ng;

eps_ABE,
put_tr_ratio,

ubj_ABE,
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BS

\Y
)
nca_df = run_ABE_NC
A(sims_df)
i BE_LB_GMR_UB_CV_df, i BE_passed_df,
BE_passrate df =  run_ABE_BE(nca_df)
return i BE LB GMR _UB CV_df, i BE passed df, BE passrate df
end

FBE_MPA_SD_pl BE_main.jl

HHHAHHHHAHHHHH A H S
# title: Single-Dose Parallel Design Full BE Main Script
HHHAHH

@info "packages"
using Distributed, CSV, Serialization, Random

@info "load FBE functions"
@everywhere include("FBE_MPA_SD_pl BE_fxns.jl")

@info "setup results location"
RESULTS_DIR = mktempdir()
ENV["RESULTS_FILE"] = RESULTS_DIR

@info "Nreps, T/R ratio, Nsubj, BSV, uncertainty factor for ABE/FBE sims"
Nreps_ABE = 50

Nreps_FBE = 100

#input_tr_ratio = [0.80, 0.95]

input_tr_ratio = [0.85]

## for 25% BSV

#BSV = 0.246

#Nsubj ABE = [24, 36, 48] # 33, 50, 66.7% of 72 (conventional BE
80% power target)

#Nsubj _ABE = [36]

#Nsubj_FBE = [24, 36, 48, 72]

Nsubj FBE = [72]

## for 50% BSV

BSV = 0.472

#Nsubj_ABE = [72, 108, 144] # 33, 50, 66.7% of 216 (conventional BE
80% power target)

Nsubj_ABE = [108]

#Nsubj FBE = [72, 108, 144, 216]
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Nsubj_FBE = [216]
uncertainty_factor = 0.000001
#uncertainty_factor =1

## for wrong about BSV scenario
#BSV = 0.246

#Nsubj_ABE = [144]

#Nsubj_FBE = [216]

#BSV = 0.472
#Nsubj_ABE = [36]
#Nsubj_FBE = [72]

@info "trial obstimes"
@everywhere obstimes =
[0.001,2,4,5,6,7,8,10,12,14,16,20,24,29,36,43,50,57,64,71,78,85,90,104,132
,150,180,210] # 28 samples (100%)
#@everywhere obstimes =
[0.001,2,4,5,6,7,8,10,12,14,16,24,36,50,71,85,104,132,150,180,210]
# 21 samples (75%)
#@everywhere obstimes =
[e.001,2,4,5,6,7,8,10,12,14,36,85,150,210]
# 14 samples (50%)
#@everywhere obstimes =
[0.001,2,6,12,85,150,210]
# 7 samples (25%)

@info "running main map"

_rng = Random.default_rng()
seedn = 4567
Random.seed! (_rng, seedn)

FBE_results = @time map(Iterators.product(input_tr_ ratio, Nsubj ABE, BSV))
do (tr, nsubj ABE, bsv)
@info "tr = $tr, nsubj = $nsubj ABE, bsv = $bsv"

coeftbls ABE_df,
RSEs_ABE_df,
PDs_ABE_df,
PEs_ABE_df,
i BE_LB_GMR_UB_df,
i BE_passed df,
BE_passrate_df,
i_rep_ABE_LB_GMR_UB_pass_df,
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BE_GMR9OCI passrate df = FBE_sims(_rng;
Nreps_ABE,
Nreps_FBE,
input_tr_ratio = tr,
Nsubj_ABE = nsubj_ABE,
Nsubj_FBE,
BSV = bsv,
uncertainty_factor

)

return coeftbls_ABE_df, RSEs_ABE_df, PDs_ABE_df, PEs_ABE_df,
i BE_ LB GMR _UB df, i BE passed df, BE_passrate df,
i_rep_ABE_LB_GMR_UB_pass_df, BE_GMR9OCI_passrate_df
end;

@info "post-process results"

coeftbls_ABE = [i[1] for i in FBE_results]
RSEs_ABE = [i[2] for i in FBE_results]
PDs_ABE = [i[3] for 1 in FBE_results]
PEs_ABE = [i[4] for i in FBE_results]
i_BE_LB_GMR_UB = [i[5] for 1 in FBE_results]
i_BE_passed = [i[6] for 1 in FBE_results]
BE_passrate = [i[7] for i in FBE_results]
i_rep_ABE_LB_GMR_UB_pass = [i[8] for i in FBE_results]
BE_GMR9OCI_passrate = [i[9] for i in FBE_results]
coeftbls ABE_df =  reduce(vcat, coeftbls_ABE)
RSEs_ABE_df = reduce(vcat, RSEs_ABE)

PDs_ABE_df =  reduce(vcat, PDs_ABE)

PEs_ABE_df = reduce(vcat, PEs_ABE)

i BE_LB_GMR_UB_df = reduce(vcat, i BE_LB_GMR_UB)
i_BE_passed_df = reduce(vcat, i_BE_passed)
BE_passrate df = reduce(vcat, BE_passrate)

i rep ABE_ LB _GMR_UB_pass df = reduce(vcat, i_rep ABE_ LB GMR_UB pass)
BE_GMR9OCI_passrate_df = reduce(vcat, BE_GMR9OCI_passrate)

@info "save results"
## w/o uncertainty and single Nsubj_ABE scenario

CSV.write(joinpath(RESULTS_DIR,

"coeftbls_ABE_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV
)bsv_$(seedn)rng.csv"), coeftbls ABE_df)
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CSV.write(joinpath(RESULTS_DIR,
"RSEs_ABE_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv
_$(seedn)rng.csv"), RSEs_ABE_df)

CSV.write(joinpath(RESULTS_DIR,
"PDs_ABE_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_
$(seedn)rng.csv"), PDs_ABE_df)

CSV.write(joinpath(RESULTS_DIR,
"PEs_ABE_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_
$(seedn)rng.csv"), PEs_ABE_df)

CSV.write(joinpath(RESULTS_DIR,

"i BE_LB GMR_UB_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_ $(Nreps_FBE)_$(B
SV)bsv_$(seedn)rng.csv"), i BE_LB_GMR_UB_df)
CSV.write(joinpath(RESULTS_DIR,

"i BE_passed_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_ $(Nreps_FBE)_$(BSV)
bsv_$(seedn)rng.csv"), i_BE_passed_df)

CSV.write(joinpath(RESULTS_DIR,
"BE_passrate_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)
bsv_$(seedn)rng.csv"), BE_passrate_df)

CSV.write(joinpath(RESULTS_DIR,

"i rep_ABE_LB_GMR_UB_pass_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nrep
s_FBE) _$(BSV)bsv_$(seedn)rng.csv"), i rep ABE_LB GMR_UB pass_df)
CSV.write(joinpath(RESULTS_DIR,
"BE_GMR9OCI_passrate_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE
)_$(BSV)bsv_$(seedn)rng.csv"), BE_GMR9OCI_passrate_df)

## w/ uncertainty and single Nsubj ABE scenario

# CSV.write(joinpath(RESULTS_DIR,
"coeftbls_ABE_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV
)bsv_uncert_$(seedn)rng.csv"), coeftbls ABE_df)

# CSV.write(joinpath(RESULTS_DIR,
"RSEs_ABE_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv
_uncert_$(seedn)rng.csv"), RSEs_ABE_df)

# CSV.write(joinpath(RESULTS_DIR,
"PDs_ABE_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_
uncert_$(seedn)rng.csv"), PDs_ABE_df)

# CSV.write(joinpath(RESULTS_DIR,
"PEs_ABE_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_ $(BSV)bsv_
uncert_$(seedn)rng.csv"), PEs_ABE_df)

# CSV.write(joinpath(RESULTS_DIR,

"i BE_LB_GMR_UB_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE) $(Nreps_FBE)_$(B
SV)bsv_uncert_$(seedn)rng.csv"), i BE_LB_GMR_UB_df)

# CSV.write(joinpath(RESULTS_DIR,

"i BE_passed_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE) $(Nreps_FBE)_$(BSV)
bsv_uncert_$(seedn)rng.csv"), i BE_passed df)
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# CSV.write(joinpath(RESULTS_DIR,
"BE_passrate_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)
bsv_uncert_$(seedn)rng.csv"), BE_passrate_df)

# CSV.write(joinpath(RESULTS_DIR,
"i_rep_ABE_LB_GMR_UB_pass_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nrep
s_FBE)_$(BSV)bsv_uncert_$(seedn)rng.csv"), i_rep_ABE_LB_GMR_UB_pass_df)

# CSV.write(joinpath(RESULTS_DIR,
"BE_GMR9OCI_passrate_$(Nsubj_ABE[1])NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE
)_$(BSV)bsv_uncert_$(seedn)rng.csv"), BE_GMR9OCI_passrate_df)

FBE_MPA_SD pl BE_fxns.jl

HHHHHHHHHHH R
# title: Single-Dose Parallel Design Full BE Functions Script
HHHHHHHHHHH R

using Pumas, CSV, Random, Bioequivalence
include("ABE_MPA_SD pl BE_fxns.jl")

@info "parallel ABE trial estimation model/FBE trial simulation model"
# zero-order absorption, 1-cmt model, prop residual error model

pl ABE_est_FBE_sim_model abs@_lcmt = @model begin
@param begin

# tv

tvtr_ratio € RealDomain(lower = 0.0001)
tvCL € RealDomain(lower = 0.0001)
tvVc € RealDomain(lower = 0.0001)
tvDuration € RealDomain(lower = 0.0001)
# BSV

wCL_BSV € RealDomain(lower = 0.0001)
wVc_BSV € RealDomain(lower = 0.0001)

#wDuration_BSV € RealDomain(lower = 0.0001)

# RUV
o_add € RealDomain(lower = 0.0001)
oc_prop € RealDomain(lower = 0.0001)
end
@random begin
# BSV
ncL ~  Normal(0.0, wCL_BSV)
nvc ~ Normal(@.0, wVc_BSV)
#nDuration ~  Normal(9.0, wbDuration_BSV)
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end

@covariates
Nsubj_ABE Nsubj_FBE BSV
aucinf_GMR_ABE sequence

@pre begin
tr_ratio
CL
Vc

end

@dosecontrol begin
#duration
duration
bioav

one(tvtr_ratio),)

end

@dynamics

@derived begin
dv

rep_ABE Nreps_ABE rep_FBE Nreps_FBE input_tr_

cmax_LB_ABE cmax_GMR_ABE aucinf LB_ABE
seq_n period occ formulation isT

= tvtr_ratio
=  tvCL * exp(nCL)
= twWc * exp(nvc)

= (Central = tvDuration * exp(nDuration),)
= (Central = tvDuration,)
= (Central = (isT == 1) ? tvtr_ratio :

Centrall

~ @. Normal((Central/Vc), sqrt(c_add"2 +

((Central/Vc) * o_prop)"2))

end
end

@info "parameters for parallel ABE trial simulation model estimation"

params_ABE est = (tvtr_ratio = 1.0,
tvCL = 1051, # L/day/70kg
tvVc = 82153, # L/70kg
tvDuration = 2.00, # days
#wCL_BSV = 0.2,
of initial
#wVc_BSV =  9.37,
of initial
#wbDuration_BSV = 1.09,
0_add = 0.0147, # ng/mL (fixed)
(Francis, et al. 2021)
o_prop = 0.177) # (fixed)

(Francis, et al. 2021)

function run_ABE_estimations(sims_ABE_df: :DataFrame,
i BE_LB_GMR_UB_CV_ABE_df::DataFrame, Nreps_ABE::Integer)
fits = map(1l:Nreps_ABE) do i
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# filter ABE_sims _df to rep ABE == i to make Pumas pop
filt_sims_df = filter(:rep_ABE => x -> x == i, sims_ABE_df)

# create new columns w/ dummy values for use w/ FBE simulations
filt sims df[!, :rep FBE] .= ©

filt_sims_df[!, :Nreps_FBE] .
filt_sims_df[!, :Nsubj_FBE] .
filt sims_df[!, :cmax LB _ABE]

o
[

i BE_LB_GMR_UB_CV_ABE_df[1i,

:cmax_LB]

filt_sims_df[!, :cmax_GMR_ABE] .= i_BE_LB_GMR_UB_CV_ABE_df[1i,

:cmax_GMR]

filt_sims_df[!, :aucinf_LB_ABE] .= i_BE_LB_GMR_UB_CV_ABE_df[1i,

:aucinf LB]

filt_sims_df[!, :aucinf_GMR_ABE] .= i BE_LB_GMR_UB_CV_ABE_df[i,

:aucinf_GMR]

@info "read_pumas of ABE trial simulations"”
pop = read_pumas(filt_sims_df,

id = :id,

time = :time,

amt = ramt,

cmt = tcmt,

observations = [:dv],

route = :route,

covariates = [:rep_ABE, :Nreps_ABE,

:rep_FBE, :Nreps_FBE, :input_tr_ratio, :Nsubj_ABE, :Nsubj_FBE, :BSV,

:cmax_LB_ABE,

:cmax_GMR_ABE, :aucinf_LB_ABE, :aucinf_GMR_ABE,

:period,

:sequence, :seq_n,

:occ, :formulation, :isT],
covariates_direction = :left,
evid = tevid)

@info "estimation of parallel ABE trial simulations"”
i_fit = try
fit(pl ABE_est FBE_sim model abs@ lcmt,
pop,
(params_ABE_est...,
wCL_BSV = BSV,
wVc_BSV = BSV),
Pumas.FOCE(),
ensemblealg = EnsembleSerial(),
optim options = (show_trace=false,));
catch
missing

end
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return i_fit
end

fits = collect(skipmissing(fits))

# can't use try/catch for vcov b/c Pumas doesn't error when vcov

fails

vcovs = map(fits) do i fit
i_vcov = ifelse(typeof(vcov(i_fit)) !=

Pumas.PumasFailedCovariance,

end

vcov(i_fit),
missing)

return i_vcov
end

missing indices = []
for j in 1:length(vcovs)
if ismissing(vcovs[j])
push!(missing_indices, j)
end
end

vcovs = collect(skipmissing(vcovs))

# updates fit objects to remove fits w/ failed vcov calculation
deleteat! (fits, missing indices)

return fits, vcovs

function
run_ABE_est diag(fits ABE::AbstractVector{<:Pumas.FittedPumasModel},

vcovs_ABE: :AbstractVector{<:Symmetric{Float64,

Matrix{Float64}}},

input_tr_ratio::Real,
Nsubj_ ABE::Integer,
BSV::Real

)

@info "generate SEs"

# create empty df for SEs
SEs_df = DataFrame(tvtr_ratio=[], tvCL=[],
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tvVc=[], tvDuration=[],
wCL_BSV=[], wvc_BSv=[1],
o_add=[], o_prop=[]

)

for i in 1:length(vcovs_ABE)
i_SE = sqrt.(diag(vcovs_ABE[i]))

push! (SEs_df, i SE)
end

# add rep_ABE col
SEs_df[!, :rep_ABE] .= rownumber.(eachrow(SEs_df))

@info "generate coeftbls"

coeftbls_ABE = map(l:length(fits_ABE)) do i
i_coeftbl = coeftable(fits_ABE[i])
i coeftbl[!, :input_tr_ratio] .= input_tr_ratio
i_coeftbl[!, :Nsubj_ABE] .= Nsubj_ABE
i coeftbl[!, :BSV] .= BSV
i_coeftbl[!, :rep_ABE] .= 1

return i_coeftbl
end

coeftbls ABE df = reduce(vcat, coeftbls ABE)

# long-to-wide transformation

coeftbls ABE df = unstack(coeftbls ABE_df, :parameter, :estimate)
@info "generate RSEs"

RSEs_df = copy(coeftbls_ABE_df)

RSEs_df[!, :RSE_tvtr _ratio] .= SEs_df.tvtr_ratio ./

coeftbls ABE_df.tvtr_ratio .* 100

RSEs_df[!, :RSE_tvCL] .= SEs_df.tvCL ./ coeftbls_ABE_df.tvCL .* 100
RSEs_df[!, :RSE_twvVc] .= SEs_df.tvVc ./ coeftbls_ABE_df.tvVc .* 100
RSEs_df[!, :RSE_tvDuration] .= SEs_df.tvDuration ./

coeftbls ABE_df.tvDuration .* 100

RSEs_df[!, :RSE_wCL_BSV] .= SEs_df.wCL_BSV ./ coeftbls ABE_df.wCL_BSV
.* 100

RSEs_df[!, :RSE_wVc_BSV] .= SEs_df.wVc_BSV ./ coeftbls ABE_df.wVc_BSV
.* 100

RSEs _df[!, :RSE_o add] .= SEs df.oc _add ./ coeftbls ABE df.c_add .* 100
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RSEs_df[!, :RSE_o prop] .= SEs df.o prop ./ coeftbls ABE df.c prop .*
100

@info "generate population level PEs"

# reference parameters from ABE simulations, including T/R ratio
temp_params = (tvtr_ratio = input_tr_ratio, params_ABE sim..., wCL_BSV
= BSV, wVc_BSV = BSV)

# percent difference
PDs_df = combine(groupby(coeftbls_ABE_df, [:input_tr_ratio,
:Nsubj_ABE, :BSV, :rep_ABE])) do df

(PD_tvtr_ratio =  (df.tvtr_ratio .- temp_params.tvtr_ratio)
./ temp_params.tvtr_ratio .* 100,

PD_tvCL = (df.tvCL .- temp_params.tvCL) ./
temp_params.tvCL .* 100,

PD_tvVc = (df.tvVc .- temp_params.tvVc) ./
temp_params.tvVc .* 100,

PD_tvDuration =  (df.tvDuration .- temp_params.tvDuration)
./ temp_params.tvDuration .* 100,

PD_wCL = (df.wCL_BSV .- temp_params.wCL_BSV) ./
temp_params.wCL_BSV .* 100,

PD_wVc = (df.wVc_BSV .- temp_params.wVc_BSV) ./
temp_params.wVc_BSV .* 100,

#PD_wDuration =  (df.wDuration_BSV .-
temp_params.wDuration BSV) ./ temp_params.wDuration BSV .* 100,

PD o _add = (df.o_add .- temp _params.c_add) ./
temp_params.o_add .* 100,

PD o _prop = (df.o_prop .- temp_params.c_prop) ./
temp_params.o_prop .* 100

)

end

PEs_df = combine(groupby(coeftbls ABE df, [:input_tr ratio,
:Nsubj ABE, :BSV])) do df

(# MJAPE

MdAPE_tvtr_ratio = median.(eachcol(abs.(df.tvtr _ratio .-
temp_params.tvtr_ratio) ./ temp_params.tvtr_ratio) .* 100),

MdAPE_tvCL = median. (eachcol(abs.(df.tvCL .-
temp_params.tvCL) ./ temp_params.tvCL) .* 100),

MdAPE_tvVc = median. (eachcol(abs. (df.tvvc .-
temp_params.tvVc) ./ temp_params.tvVc) .* 100),

MdAPE_tvDuration = median. (eachcol(abs.(df.tvDuration .-

temp_params.tvDuration) ./ temp_params.tvDuration) .* 100),
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MdAPE_wCL = median. (eachcol(abs.(df.wCL_BSV .-
temp_params.wCL_BSV) ./ temp_params.wCL_BSV) .* 100),

MdAPE_wVc = median. (eachcol(abs.(df.wVc_BSV .-
temp_params.wVc_BSV) ./ temp_params.wVc_BSV) .* 100),

#MdJAPE_wDuration = median. (eachcol(abs. (df.wDuration_BSV .
temp_params.wDuration BSV) ./ temp_params.wDuration BSV) .* 100),

MdAPE_o_add = median.(eachcol(abs.(df.oc_add .-
temp_params.o_add) ./ temp_params.c_add) .* 100),

MdAPE_o_prop = median. (eachcol(abs.(df.o _prop .-

temp_params.o_prop) ./ temp_params.c_prop) .* 100),

# MdPE

MdPE_tvtr_ratio = median. (eachcol((df.tvtr_ratio .-
temp_params.tvtr_ratio) ./ temp_params.tvtr_ratio) .* 100),

MdPE_tvCL = median.(eachcol((df.tvCL .-
temp_params.tvCL) ./ temp_params.tvCL) .* 100),

MdPE_tvVc = median.(eachcol((df.tvVc .-
temp_params.tvVc) ./ temp_params.tvVc) .* 100),

MdPE_tvDuration =  median. (eachcol((df.tvDuration .-
temp_params.tvDuration) ./ temp_params.tvDuration) .* 100),

MdPE_wCL = median. (eachcol((df.wCL_BSV .-
temp_params.wCL_BSV) ./ temp_params.wCL_BSV) .* 100),

MdPE_wVc =  median. (eachcol((df.wVc_BSV .-
temp_params.wVc_BSV) ./ temp_params.wVc_BSV) .* 100),

#MdPE_wDuration = median. (eachcol((df.wDuration .-
temp_params.wDuration) ./ temp_params.wDuration) .* 100),

MdPE_o_add = median.(eachcol((df.c_add .-
temp_params.o_add) ./ temp_params.c_add) .* 100),

MdPE_o_prop = median. (eachcol((df.c_prop .-
temp_params.o_prop) ./ temp_params.o_prop) .* 100)

)

end

return coeftbls ABE df, RSEs_df, PDs_df, PEs_df
end

function make_FBE_pop(rep_ABE::Integer,
fit_ABE::Pumas.FittedPumasModel,
Nreps_ABE: :Integer,
Nreps_FBE: :Integer,
input_tr_ratio::Real,
Nsubj_ABE::Integer,
Nsubj_FBE::Integer,
BSV: :Real
)

128



ev_SD = DosageRegimen(104*10~3, time=0, cmt=1, rate=-2) # 104mg dose
to 104x10”~3ug b/c ug/L = ng/mL

pop_df = DataFrame(Population(map(j -> Subject(id=j, events=ev_SD,
time=obstimes), 1:Nsubj_FBE)))

pop df[!, :rep ABE] = rep_ABE
pop df[!, :Nreps ABE] = Nreps_ABE
pop_df[!, :rep_FBE] = 0 # dummy value
pop df[!, :Nreps FBE] = Nreps_FBE
pop_df[!, :input_tr_ratio] = input_tr_ratio
pop_df[!, :Nsubj_ABE] = Nsubj_ABE
pop_df[!, :Nsubj_FBE] = Nsubj_FBE
pop df[!, :BSV] .= BSV
pop_df[!,
:cmax_LB_ABE] = fit_ABE.data[1l].covariates(0.0).cmax_LB_ABE
pop df[!,
:cmax_GMR_ABE] = fit_ABE.data[1].covariates(0.0).cmax_GMR_ABE
pop df[!,
:aucinf_LB_ABE] = fit_ABE.data[1].covariates(0.0).aucinf_LB_ABE
pop_df[!,

:aucinf_GMR_ABE]
pop_df[!, :sequence]
Nsubj_FBE/2, "R", "T")

fit ABE.data[1l].covariates(©.0).aucinf GMR_ABE
ifelse.(parse.(Int64, pop_df.id) .<=

pop df[!, :seq_n] .= ifelse.(pop_df.sequence .== "R", 1, 2)

pop_df[!, :period] = 1

pop df[!, :occ] = combine(groupby(pop _df, :id), :evid
.=> cumsum => :0CC).0cCC

pop_df[!, :formulation] .= ifelse.(pop_df.seq_n .== 1, "R", "T")

pop df[!, :isT] .= ifelse.(pop_df.formulation .== "T", 1,
0)

pop_df[!, :dv] .= missing
#=

## add in obstimes b/c needed for simobs when simulating w/
uncertainty and giving population

id_obstimes_df = DataFrame(Base.product(1:Nsubj_ FBE, [0,
obstimes...]))
rename! (id_obstimes_df, ["id", "time"])

id_obstimes_df.id .= string.(id_obstimes_df.id)

pop_df = outerjoin(pop_df, id_obstimes_df, on=[:id, :time])
sort(pop_df, [:id, :time])

pop_df[!, :evid] .= ifelse.(pop_df.time .== 0, pop_df.evid, 0)
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pop = read pumas(pop_df,

id = 1id,

time = rtime,

amt = :amt,

cmt = cmt,

observations = [:dv],

covariates = [:rep ABE, :Nreps ABE,

:rep_FBE, :Nreps_FBE, :input_tr_ratio, :Nsubj_ABE, :Nsubj_FBE, :BSV,
:cmax_LB_ABE,
:cmax_GMR_ABE, :aucinf_LB_ABE, :aucinf GMR_ABE,
:sequence, :seq_n,
:period, :occ, :formulation, :isT],
covariates_direction
evid

:left,
revid)

return pop
end

function run_FBE_sims(rng::AbstractRNG;
fits_ABE::AbstractVector{<:Pumas.FittedPumasModel},
vcovs_ABE: :AbstractVector{<:Symmetric{Float64,
Matrix{Float64}}},
Nreps_ABE: :Integer,
Nreps_FBE: :Integer,
input_tr_ratio::Real,
Nsubj ABE::Integer,
Nsubj FBE::Integer,

BSV: :Real,
uncertainty factor::Real
)

grand_sims_FBE_vec = []

for i in 1:length(fits_ABE)
pop = make_FBE_pop(i, fits_ABE[i], Nreps_ABE, Nreps_FBE,
input_tr_ratio, Nsubj_ ABE, Nsubj FBE, BSV)

sims_FBE = simobs(fits_ABE[i], pop,
vcovs_ABE[i]*uncertainty_factor; samples=Nreps_FBE, rng=rng)

sims_FBE vec = []

for j in 1:length(sims_FBE)
i_sim_FBE_df = DataFrame(sims_FBE[j])
i_sim_FBE_df[!, :rep_FBE] .= j
i sim FBE df[!, :route] .= "ev
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push!(sims_FBE_vec, i_sim_FBE_df)
end

sims_FBE_df = reduce(vcat, sims_FBE_vec)

push!(grand_sims_FBE_vec, sims_FBE_df)
end

grand_sims_FBE_df = reduce(vcat, grand_sims_FBE_vec)

return grand_sims_FBE_df
end

function run_FBE_NCA(sims_df: :DataFrame)
# removes neg conc's to prevent neg conc warning printout from NCA
# have to use coalesce b/c of missing values
temp_df = sims_df[coalesce.(sims_df.dv .>= 0, true), :]

NCApop = read_nca(temp_df,

id = :id,

time = :time,

observations = :dv,

amt = :amt,

group = [:rep_ABE, :Nreps_ABE, :rep_FBE,

:Nreps_FBE, :input_tr ratio, :Nsubj ABE, :Nsubj FBE, :BSV,

:cmax_LB_ABE, :cmax_GMR_ABE,
:aucinf_LB_ABE, :aucinf_GMR_ABE,

:sequence, :seq_n, :period, :occ,
:formulation, :isT],

1lq = 0.02,
concblq = 0.,
route = :route
)
cmax = NCA.cmax(NCApop)
aucinf =  NCA.auc(NCApop)
NCAresults df =  leftjoin(cmax, aucinf, on = [:id, :rep_ABE,

:Nreps_ABE, :rep_FBE, :Nreps_FBE, :input_tr_ratio, :Nsubj_ABE, :Nsubj_FBE,
:BSV, :cmax_LB_ABE, :cmax_GMR_ABE, :aucinf_LB_ABE, :aucinf_GMR_ABE,
:sequence, :seq_n, :period, :occ, :formulation, :isT])

return NCAresults_df
end
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function run_FBE_BE(nca_df: :DataFrame)
@info "run BE analysis"
BE_outputs_df = @time combine(groupby(nca_df, [:rep_ABE, :Nreps_ABE,

:rep_FBE,

:Nreps_FBE,
:cmax_LB_ABE,

:cmax_GMR_ABE,

(cmax_output =
aucinf_output =

)

end

:input_tr_ratio,

:aucinf LB_ABE,

@info "generate cmax/auc LB, GMR, UB"
i BE_LB_GMR_UB = []

for i in 1:nrow(BE_outputs_df)
rep_ABE =

Nreps_ABE

rep_FBE =
Nreps_FBE =
input_tr_ratio =
Nsubj_ABE =
Nsubj_FBE =

BSV

cmax_LB_ABE =
cmax_GMR_ABE =
aucinf_LB_ABE =
aucinf_GMR_ABE =

cmax_LB =
cmax_GMR =
cmax_UB =

aucinf_LB =
aucinf_GMR =

aucinf_UB

push!(i_BE_LB_GMR_

BE outputs df[1i,
BE_outputs_df[1i,
BE outputs df[i,
BE outputs df[1i,
BE_outputs_df[1i,
BE outputs df[i,
BE_outputs_df[1i,
BE_outputs_df[1i,
BE_outputs df[i,
BE_outputs_df[1i,
BE_outputs df[i,
BE outputs df[i,

BE_outputs df[i,
BE_outputs_df[1i,
BE_outputs_df[1i,

BE_outputs_df[1i,
BE_outputs df[i,
BE_outputs df[i,

:Nsubj_ABE,
:aucinf GMR_ABE])) do df
pumas_be(df, endpoint
pumas_be(df, endpoint =

:Nsubj_FBE, :BSV,

:cmax, reml = true),
rauc, reml = true)

:rep_ABE]
:Nreps_ABE]
:rep_FBE]
:Nreps_FBE]
:input_tr_ratio]
:Nsubj_ABE]
:Nsubj_FBE]
:BSV]
:cmax_LB_ABE]
:cmax_GMR_ABE]
:aucinf_LB_ABE]
:aucinf_GMR_ABE]

:cmax_output].result.LB[1]
:cmax_output].result.GMR[1]
:cmax_output].result.UB[1]

:aucinf_output].result.LB[1]
:aucinf output].result.GMR[1]
:aucinf output].result.UB[1]

UB, (rep_ABE, Nreps_ABE, rep_FBE, Nreps_FBE,

input_tr_ratio, Nsubj_ABE, Nsubj_FBE, BSV, cmax_LB_ABE, cmax_GMR_ABE,
aucinf_LB_ABE, aucinf_GMR_ABE, cmax_LB, cmax_GMR, cmax_UB, aucinf_LB,
aucinf_GMR, aucinf_UB))

end

i BE_LB_GMR_UB_df = DataFrame(i_BE_LB_GMR_UB)

rename! (i_BE_LB_GMR_UB_df, [:rep_ABE,

:Nreps_FBE,

:input_tr_ratio,

:Nsubj_ABE,
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:Nsubj FBE,

:rep_FBE,
:BSV, :cmax_LB_ABE,



:cmax_GMR_ABE, :aucinf_ LB _ABE, :aucinf_GMR_ABE, :cmax_ LB, :cmax_GMR,
:cmax_UB, :aucinf_LB, :aucinf GMR, :aucinf_UB])

@info "determine whether *any rep* passes BE"
i_BE_passed_df = combine(groupby(i_BE_LB_GMR_UB_df, [:rep_ABE,
:Nreps_ABE, :rep_FBE, :Nreps_FBE, :input_tr_ratio, :Nsubj_ABE, :Nsubj_FBE,
:BSV, :cmax_LB_ABE, :cmax GMR_ABE, :aucinf LB _ABE, :aucinf GMR_ABE])) do
df
(# copying over LB, GMR, and UB to save values

cmax_LB = df.cmax_LB,
cmax_GMR = df.cmax_GMR,
cmax_UB = df.cmax_UB,
aucinf_LB = df.aucinf_LB,

aucinf_GMR
aucinf_UB

df.aucinf_GMR,
df.aucinf_UB,

# whether passes BE

cmax_pass = (df.cmax_LB .> 0.8) .& (df.cmax _UB .< 1.25),
aucinf_pass = (df.aucinf_LB .> 0.8) .& (df.aucinf_UB .<
1.25),
# whether passes BE for both cmax and aucinf
overall pass = (df.cmax_LB .> 0.8) .& (df.cmax UB .< 1.25) .&
(df.aucinf_LB .> 0.8) .& (df.aucinf_UB .<
1.25)
)
end

@info "calculate BE *any rep* passrate"

BE_passrate_df = combine(groupby(i_BE_passed_df, [:Nreps_ABE,
:Nreps_FBE, :input_tr_ratio, :Nsubj_ABE, :Nsubj_FBE, :BSV, :cmax_LB_ABE,
:cmax_GMR_ABE, :aucinf_LB_ABE, :aucinf GMR_ABE])) do df

(# copying over LB, GMR, and UB to save values

avg cmax_ LB = mean(df.cmax_LB),
avg_cmax_GMR = mean(df.cmax_GMR),
avg _cmax_UB = mean(df.cmax_UB),
avg_aucinf_LB =  mean(df.aucinf_LB),
avg aucinf GMR = mean(df.aucinf GMR),
avg_aucinf_UB =  mean(df.aucinf_UB),

# pass rate
cmax_passrate = mean(df.cmax_pass) * 100,
aucinf _passrate = mean(df.aucinf pass) * 100,
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overall passrate = mean(df.overall pass) * 100

)

end

@info "determine individual BE GMR"
i_BE_GMR_df = combine(groupby(i_BE_LB_GMR_UB_df, [:rep_ABE,
:Nreps_ABE, :rep_FBE, :Nreps_FBE, :input_tr_ratio, :Nsubj_ABE, :Nsubj_FBE,
:BSV, :cmax_LB_ABE, :cmax_GMR_ABE, :aucinf_LB_ABE, :aucinf GMR_ABE])) do
df
(cmax_GMR = df.cmax_GMR[1],
aucinf_GMR = df.aucinf_GMR[1]
)

end

@info "calculate 90% CI of FBE GMRs for each rep_ABE and determine
whether passed BE"
i_rep_ABE_LB_GMR_UB_pass_df = combine(groupby(i_BE_GMR_df, [:rep_ABE,
:Nreps_ABE, :Nreps_FBE, :input_tr_ratio, :Nsubj_ABE, :Nsubj_FBE, :BSV,
:cmax_LB ABE, :cmax_GMR_ABE, :aucinf LB ABE, :aucinf GMR_ABE])) do df
(cmax_GMR_LB quantile(df.cmax_GMR, ©.05),
cmax_GMR_GMR quantile(df.cmax_GMR, ©.5),
cmax_GMR_UB quantile(df.cmax_GMR, ©.95),
aucinf_GMR_LB quantile(df.aucinf_GMR, ©.05),
aucinf_GMR_GMR quantile(df.aucinf_GMR, 0.5),
aucinf_GMR_UB quantile(df.aucinf_GMR, ©.95),

# whether passes BE

cmax_pass =  (quantile(df.cmax_GMR, ©.05) .> 0.8) .&
(quantile(df.cmax_GMR, ©.95) .< 1.25),
aucinf_pass = (quantile(df.aucinf_GMR, ©.05) .> 0.8) .&

(quantile(df.aucinf_GMR, ©.95) .< 1.25),

# whether passes both cmax and aucinf
overall pass = (quantile(df.cmax_GMR, 0.05) .> 0.8) .&
(quantile(df.cmax_GMR, ©.95) .< 1.25) .&
(quantile(df.aucinf_GMR, ©.05) .> 0.8) .&
(quantile(df.aucinf GMR, 0.95) .< 1.25)
)

end

@info "calculate BE pass rate based on 90% CI of FBE GMRs for each
rep_ABE"

BE_GMR9OCI passrate df = combine(groupby(i rep ABE_ LB GMR _UB pass_df,
[ :Nreps_ABE, :Nreps_ FBE, :input_tr_ratio, :Nsubj_ABE, :Nsubj_FBE, :BSV]))
do df
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(# copying over LB, GMR, and UB to save values
med_cmax_GMR_LB median(df.cmax_GMR_LB),
med_cmax_GMR_GMR median(df.cmax_GMR_GMR),
med_cmax_GMR_UB median(df.cmax_GMR_UB),
med_aucinf_GMR_LB median(df.aucinf_GMR_LB),
med_aucinf GMR_GMR median(df.aucinf GMR_GMR),
med_aucinf GMR_UB median(df.aucinf GMR _UB),

# pass rate
cmax_passrate
aucinf_passrate
overall passrate

)

end

mean(df.cmax_pass) * 100,
mean(df.aucinf_pass) * 100,
mean(df.overall pass) * 100

return i_BE_LB_GMR_UB_df, i BE passed_df, BE_passrate_df,
i_rep_ABE_LB_GMR_UB_pass_df, BE_GMR9OCI_passrate_df
end

function FBE_sims(rng::AbstractRNG;
Nreps_ABE: :Integer,
Nreps_FBE: :Integer,
input_tr_ratio::Real,
Nsubj_ ABE::Integer,
Nsubj_FBE::AbstractVector{<:Integer},

BSV::Real,
uncertainty_factor::Real
)
sims_ABE_df = run_ABE_sims(rng;
Nreps_ABE,
input_tr_ratio,
Nsubj_ABE,
BSV
)
nca_ABE_df =  prun_ABE_NCA(sims_ABE_df)
i BE_LB_GMR_UB_CV_ABE_df,
i_BE_passed_ABE_df,
BE_passrate_ABE_df =  prun_ABE_BE(nca_ABE_df)
fits_ABE, vcovs_ABE =  prun_ABE_estimations(sims_ABE_df,

i BE_LB_GMR_UB_CV_ABE_df, Nreps_ABE)

coeftbls ABE_df,
RSEs_ABE_df,
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PDs_ABE_df,
PEs_ABE_df =  run_ABE_est_diag(fits_ABE, vcovs_ABE,
input_tr_ratio, Nsubj_ABE, BSV)

res_FBE =  pmap(Nsubj_FBE) do nsubj_FBE
sims_FBE_df = run_FBE_sims(rng;
fits_ABE,
vcovs_ABE,
Nreps_ABE,
Nreps_FBE,
input_tr_ratio,
Nsubj_ABE,
Nsubj_FBE =
nsubj_FBE,

BSV,
uncertainty_factor

)
nca_df =  run_FBE_NCA(sims_FBE_df)
i BE_LB_GMR_UB_df, i_BE_passed_df,
BE_passrate_df,
i_rep_ABE_LB_GMR_UB_pass_df,
BE_GMR9OCI_passrate_df =  run_FBE_BE(nca_df)

return i_BE_LB_GMR_UB_df, i_BE_passed_df, BE_passrate_df,
i_rep_ABE_LB_GMR_UB_pass_df, BE_GMR9OCI_passrate_df
end

@info "post-process FBE results"”

i_BE_LB_GMR_UB = [i[1] for 1 in res_FBE]

i_BE_passed = [i[2] for i in res_FBE]

BE_passrate = [i[3] for i in res_FBE]
i_rep_ABE_LB_GMR_UB_pass = [i[4] for 1 in res_FBE]
BE_GMR9OCI_passrate = [i[5] for i in res_FBE]

i BE_LB_GMR_UB_df =  reduce(vcat, i_BE_LB_GMR_UB)

i BE_passed df =  reduce(vcat, i BE_passed)
BE_passrate_df =  reduce(vcat, BE_passrate)

i_rep ABE_LB GMR_UB_pass_df = reduce(vcat, i_rep ABE_LB_GMR_UB_pass)

BE_GMR9OCI passrate_df

reduce(vcat, BE_GMR9OCI passrate)

return coeftbls ABE_df, RSEs ABE_df, PDs_ABE_df, PEs_ABE_df,
i BE_ LB _GMR _UB df, i BE passed df, BE_passrate df,
i_rep_ABE_LB_GMR_UB_pass_df, BE_GMR9OCI passrate_df
end
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batch_processing_combining_output_files.jl

using Pumas, CSV, Random, Bioequivalence
cd("./complex_generics")
pathname = "./results/Depo-SubQ Provera 104/Manuscript v5/FBE/"

@info "global scenarios"

Nreps_ABE = 50
Nreps_FBE = 100
#BSV = 0.246
#Nsubj_ABE = 24
#Nsubj_ABE = 36
#Nsubj_ABE = 48
BSV = 0.472
#Nsubj_ABE = 72
#Nsubj_ABE = 108

Nsubj_ABE = 144
@info "coeftbls ABE"

seedn = 1234

coeftbls ABE dfl = CSV.read(joinpath(pathname,
"coeftbls_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bs
v_$(seedn)rng.csv"), DataFrame)

seedn = 2345

coeftbls ABE_df2 = CSV.read(joinpath(pathname,
"coeftbls_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bs
v_$%(seedn)rng.csv"), DataFrame)

seedn = 3456

coeftbls ABE df3 = CSV.read(joinpath(pathname,

"coeftbls ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_ $(Nreps_FBE)_$(BSV)bs
v_$(seedn)rng.csv"), DataFrame)

seedn = 4567

coeftbls ABE_df4 = CSV.read(joinpath(pathname,
"coeftbls_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bs
v_%(seedn)rng.csv"), DataFrame)

coeftbls ABE df = vcat(coeftbls ABE dfl, coeftbls ABE df2,
coeftbls ABE_df3, coeftbls ABE_df4)
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transform! (groupby(coeftbls ABE_df, [:input_tr_ratio, :Nsubj_ABE]),
:rep_ABE .=> (x -> 1l:length(x)) => :rep_ABE)
sort! (coeftbls_ABE_df, [:input_tr_ratio, :Nsubj_ABE])

CSV.write(joinpath(pathname,
"coeftbls_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bs
v.csv"), coeftbls ABE_df)

@info "RSEs_ABE"

seedn = 1234

RSEs_ABE_dfl = CSV.read(joinpath(pathname,
"RSEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_$(
seedn)rng.csv"), DataFrame)

seedn = 2345

RSEs_ABE_df2 = CSV.read(joinpath(pathname,
"RSEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_$(
seedn)rng.csv"), DataFrame)

seedn = 3456

RSEs_ABE_df3 = CSV.read(joinpath(pathname,
"RSEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_$(
seedn)rng.csv"), DataFrame)

seedn = 4567

RSEs_ABE_df4 = CSV.read(joinpath(pathname,
"RSEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_$(
seedn)rng.csv"), DataFrame)

RSEs_ABE_df = vcat(RSEs_ABE_dfl, RSEs_ABE_df2, RSEs_ABE_df3, RSEs_ABE_df4)

transform! (groupby (RSEs_ABE_df, [:input_tr_ratio, :Nsubj_ABE]), :rep_ABE
.=> (x -> 1:1length(x)) => :rep_ABE)
sort! (RSEs_ABE_df, [:input_tr_ratio, :Nsubj_ABE])

CSV.write(joinpath(pathname,
"RSEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE) $(Nreps_FBE)_$(BSV)bsv.cs
v"), RSEs_ABE_df)

@info "PDs_ABE"

seedn = 1234

PDs ABE_dfl = CSV.read(joinpath(pathname,
"PDs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_$(s
eedn)rng.csv"), DataFrame)

seedn = 2345
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PDs_ABE_df2 = CSV.read(joinpath(pathname,
"PDs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_$(s
eedn)rng.csv"), DataFrame)

seedn = 3456

PDs_ABE_df3 = CSV.read(joinpath(pathname,
"PDs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_$(s
eedn)rng.csv"), DataFrame)

seedn = 4567

PDs_ABE_df4 = CSV.read(joinpath(pathname,
"PDs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_$(s
eedn)rng.csv"), DataFrame)

PDs_ABE_df = vcat(PDs_ABE_dfl, PDs_ABE_df2, PDs_ABE_df3, PDs_ABE_df4)

transform! (groupby (PDs_ABE_df, [:input_tr_ratio, :Nsubj_ABE]), :rep_ABE
.=> (x -> 1:1length(x)) => :rep_ABE)
sort!(PDs_ABE_df, [:input_tr_ratio, :Nsubj_ABE])

CSV.write(joinpath(pathname,
"PDs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv.csv
"), PDs_ABE_df)

@info "PEs_ABE"

seedn = 1234

PEs ABE _dfl = CSV.read(joinpath(pathname,
"PEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_$(s
eedn)rng.csv"), DataFrame)

seedn = 2345

PEs_ABE_df2 = CSV.read(joinpath(pathname,
"PEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_$(s
eedn)rng.csv"), DataFrame)

seedn = 3456

PEs ABE_df3 = CSV.read(joinpath(pathname,
"PEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv_$(s
eedn)rng.csv"), DataFrame)

seedn = 4567

PEs_ABE_df4 = CSV.read(joinpath(pathname,
"PEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE) $(Nreps_FBE)_$(BSV)bsv_$(s
eedn)rng.csv"), DataFrame)

PEs_ABE_df = vcat(PEs_ABE_dfl, PEs_ABE_df2, PEs_ABE_df3, PEs_ABE_df4)
PEs_ABE_df = combine(groupby(PEs_ABE_df, [:input_tr_ratio, :Nsubj_ABE]))
do df
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(# MdAPE

MdAPE_tvtr_ratio = mean(df.MdAPE_tvtr_ratio),
MdAPE_tvCL = mean(df.MdAPE_tvCL),
MdAPE_tvVc =  mean(df.MdAPE_tvVc),
MdAPE_tvDuration =  mean(df.MdAPE_tvDuration),
MdAPE_wCL =  mean(df.MdAPE_wCL),
MdAPE_wVc =  mean(df.MdAPE_wVc),
MdAPE_o_prop =  mean(df.MdAPE_o_prop),
# MdPE
MdPE_tvtr_ratio = mean(df.MdPE_tvtr_ratio),
MdPE_tvCL =  mean(df.MdPE_tvCL),
MdPE_tvVc =  mean(df.MdPE_tvVc),
MdPE_tvDuration = mean(df.MdPE_tvDuration),
MdPE_wCL =  mean(df.MdPE_wCL),
MdPE_wVc =  mean(df.MdPE_wVc),
MdPE_o_prop =  mean(df.MdPE_o_prop),
)

end

CSV.write(joinpath(pathname,
"PEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv.csv
"), PEs_ABE_df)

@info "i_BE_LB_GMR_UB"

seedn = 1234

i BE_LB_GMR_UB_df1l = CSV.read(joinpath(pathname,

"i BE_LB_GMR_UB_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)
bsv_$(seedn)rng.csv"), DataFrame)

seedn = 2345

i_BE_LB_GMR_UB_df2 = CSV.read(joinpath(pathname,

"i BE_LB_GMR_UB_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_ $(Nreps_FBE)_$(BSV)
bsv_$(seedn)rng.csv"), DataFrame)

seedn = 3456

i BE_LB_GMR_UB_df3 = CSV.read(joinpath(pathname,

“i BE_LB_GMR_UB_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)
bsv_$(seedn)rng.csv"), DataFrame)

seedn = 4567

i_BE_LB_GMR_UB_df4 = CSV.read(joinpath(pathname,

"i BE_LB_GMR_UB_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE) $(Nreps_FBE)_$(BSV)
bsv_$(seedn)rng.csv"), DataFrame)

i BE_LB_GMR_UB_df = vcat(i_BE_LB_GMR_UB_dfl, i_BE_LB_GMR_UB_df2,
i BE_LB_GMR_UB_df3, i_BE_LB_GMR_UB_df4)
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transform! (groupby(i_BE_LB GMR_UB_df, [:input_tr_ratio, :Nsubj_ABE,
:Nsubj_FBE, :rep_FBE]), :rep_ABE .=> (x -> 1l:length(x)) => :rep_ABE)
sort!(i_BE_LB_GMR_UB_df, [:input_tr_ratio, :Nsubj_ABE, :Nsubj_FBE,
:rep_ABE, :rep_FBE])

CSV.write(joinpath(pathname,
"i BE_LB _GMR_UB_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)
bsv.csv"), i BE LB GMR_UB_df)

@info "i_BE_passed”

seedn = 1234

i_BE_passed_dfl = CSV.read(joinpath(pathname,

"i BE_passed_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv
_$(seedn)rng.csv"), DataFrame)

seedn = 2345

i BE_passed_df2 = CSV.read(joinpath(pathname,

"i BE_passed_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv
_$(seedn)rng.csv"), DataFrame)

seedn = 3456

i_BE_passed_df3 = CSV.read(joinpath(pathname,

"i BE_passed_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv
_$(seedn)rng.csv"), DataFrame)

seedn = 4567

i BE_passed _df4 = CSV.read(joinpath(pathname,

"i BE_passed_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv
_$(seedn)rng.csv"), DataFrame)

i BE_passed_df = vcat(i_BE_passed_dfl, i_BE_passed_df2, i BE_passed_df3,
i_BE_passed_df4)

transform! (groupby(i_BE_passed_df, [:input_tr_ratio, :Nsubj_ABE,
:Nsubj_FBE, :rep_FBE]), :rep_ABE .=> (x -> 1l:length(x)) => :rep_ABE)
sort!(i_BE_passed df, [:input_tr ratio, :Nsubj ABE, :Nsubj FBE, :rep_ ABE,
:rep_FBE])

CSV.write(joinpath(pathname,

"i BE_passed_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv
.csv"), i BE_LB_GMR_UB_df)

@info "any rep BE passrate"

## calculate BE *any rep* passrate
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BE_passrate_df = combine(groupby(i_BE_passed_df, [:Nreps_ABE, :Nreps_FBE,
:input_tr_ratio, :Nsubj_ABE, :Nsubj_FBE])) do df

(# copying over LB, GMR, and UB to save values

avg_cmax_LB mean(df.cmax_LB),

avg_cmax_GMR mean(df.cmax_GMR),

avg_cmax_UB = mean(df.cmax_UB),

avg_aucinf_LB
avg_aucinf_GMR
avg_aucinf_UB

mean(df.aucinf_LB),
mean(df.aucinf_GMR),
mean(df.aucinf_UB),

# pass rate
cmax_passrate
aucinf_passrate
overall_passrate

)

end

mean(df.cmax_pass) * 100,
mean(df.aucinf_pass) * 100,
mean(df.overall pass) * 100

CSV.write(joinpath(pathname,
"BE_passrate_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv
.csv"), BE_passrate_df)

@info "i_rep_ABE_LB_GMR_UB_pass"

## determine individual BE GMR
i_BE_GMR_df = combine(groupby(i_BE_LB_GMR_UB_df, [:rep_ABE, :Nreps_ABE,
:rep_FBE, :Nreps_FBE, :input_tr_ratio, :Nsubj ABE, :Nsubj FBE])) do df
(cmax_GMR = df.cmax_GMR[1],
aucinf GMR = df.aucinf GMR[1]
)

end

## calculate 90% CI of FBE GMRs for each rep_ABE and determine whether
passed BE
i_rep_ABE_LB_GMR_UB_pass_df = combine(groupby(i_BE_GMR_df, [:rep_ABE,
:Nreps_ABE, :Nreps_FBE, :input_tr_ratio, :Nsubj_ABE, :Nsubj_FBE])) do df

(cmax_GMR_LB = quantile(df.cmax_GMR, 0.05),

cmax_GMR_GMR quantile(df.cmax_GMR, ©.5),

cmax_GMR_UB quantile(df.cmax_GMR, ©.95),

aucinf_GMR_LB quantile(df.aucinf_GMR, ©.05),

aucinf_GMR_GMR quantile(df.aucinf_GMR, 0.5),

aucinf GMR_UB quantile(df.aucinf GMR, ©.95),

# whether passes BE
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cmax_pass = (quantile(df.cmax_GMR, ©0.05) .> 0.8) .&
(quantile(df.cmax_GMR, ©.95) .< 1.25),

aucinf_pass =  (quantile(df.aucinf_GMR, ©.05) .> 0.8) .&
(quantile(df.aucinf GMR, ©.95) .< 1.25),

# whether passes both cmax and aucinf
overall pass = (quantile(df.cmax_GMR, ©0.05) .> 0.8) .&
(quantile(df.cmax_GMR, ©.95) .< 1.25) .&
(quantile(df.aucinf GMR, ©.05) .> 0.8) .&
(quantile(df.aucinf_GMR, ©.95) .< 1.25)
)

end

CSV.write(joinpath(pathname,
"i rep_ABE_LB_GMR_UB_pass_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_F
BE)_$(BSV)bsv.csv"), i_rep_ABE_LB_GMR_UB_pass_df)

@info "BE_GMR9OCI_passrate"

## calculate BE pass rate based on 90% CI of FBE GMRs for each rep_ABE
BE_GMR9OCI_passrate_df = combine(groupby(i_rep ABE_LB_GMR_UB pass_df,
[ :Nreps_ABE, :Nreps_FBE, :input_tr_ratio, :Nsubj_ABE, :Nsubj_FBE])) do df
(# copying over LB, GMR, and UB to save values
med_cmax_GMR_LB median(df.cmax_GMR_LB),
med_cmax_GMR_GMR median(df.cmax_GMR_GMR),
med_cmax_GMR_UB median(df.cmax_GMR_UB),
med_aucinf_GMR_LB median(df.aucinf_GMR_LB),
med_aucinf_GMR_GMR median(df.aucinf_GMR_GMR),
med_aucinf_GMR_UB median(df.aucinf_GMR_UB),

# pass rate
cmax_passrate
aucinf_passrate
overall_passrate

)

mean(df.cmax_pass) * 100,
mean(df.aucinf_pass) * 100,
mean(df.overall pass) * 100

end

CSV.write(joinpath(pathname,
"BE_GMR9OCI_passrate_$(Nsubj_ ABE)NsubjABE_Nreps$(Nreps_ ABE)_$(Nreps_FBE)_$
(BSV)bsv.csv"), BE_GMR9OCI passrate df)

HAHHHFHHAFHHAHH AR
HAHHHFHHAFHHAFH A H AR
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@info "vcat Nsubj_ABE files™
## coeftbls ABE

#Nsubj_ABE = 24

Nsubj_ABE = 72

coeftbls ABE_dfl = CSV.read(joinpath(pathname,
"coeftbls_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bs
v.csv"), DataFrame)

#Nsubj_ABE = 36

Nsubj_ABE = 108

coeftbls ABE_df2 = CSV.read(joinpath(pathname,
"coeftbls_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bs
v.csv"), DataFrame)

#Nsubj_ABE = 48

Nsubj_ABE = 144

coeftbls ABE_df3 = CSV.read(joinpath(pathname,
"coeftbls_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bs
v.csv"), DataFrame)

coeftbls ABE_df = vcat(coeftbls_ABE_dfl, coeftbls_ABE_df2,
coeftbls_ABE_df3)

CSV.write(joinpath(pathname,
"coeftbls_ABE_Nreps$(Nreps_ABE) $(Nreps_FBE)_ $(BSV)bsv.csv"),
coeftbls ABE_df)

## RSEs_ABE

#Nsubj_ABE = 24

Nsubj_ABE = 72

RSEs_ABE_dfl = CSV.read(joinpath(pathname,
"RSEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv.cs
v"), DataFrame)

#Nsubj_ABE = 36

Nsubj_ABE = 108

RSEs_ABE_df2 = CSV.read(joinpath(pathname,
"RSEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE) $(Nreps_FBE)_$(BSV)bsv.cs
v"), DataFrame)

#Nsubj_ABE = 48

Nsubj_ABE = 144

RSEs_ABE_df3 = CSV.read(joinpath(pathname,
"RSEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE) $(Nreps_FBE)_$(BSV)bsv.cs
v"), DataFrame)
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RSEs_ABE_df = vcat(RSEs_ABE_dfl, RSEs_ABE_df2, RSEs_ABE_df3)

CSV.write(joinpath(pathname,
"RSEs_ABE_Nreps$(Nreps_ABE)_$(Nreps_FBE) $(BSV)bsv.csv"), RSEs_ABE_df)

## PDs_ABE

#Nsubj_ABE = 24

Nsubj_ABE = 72

PDs_ABE_dfl = CSV.read(joinpath(pathname,
"PDs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv.csv
"), DataFrame)

#Nsubj_ABE = 36

Nsubj_ABE = 108

PDs_ABE_df2 = CSV.read(joinpath(pathname,
"PDs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv.csv
"), DataFrame)

#Nsubj_ABE = 48

Nsubj_ABE = 144

PDs_ABE_df3 = CSV.read(joinpath(pathname,
"PDs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv.csv
"), DataFrame)

PDs_ABE_df = vcat(PDs_ABE_dfl, PDs_ABE_df2, PDs_ABE_df3)

CSV.write(joinpath(pathname,
"PDs_ABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv.csv"), PDs_ABE_df)

## PEs_ABE

#Nsubj_ABE = 24

Nsubj ABE = 72

PEs ABE_dfl = CSV.read(joinpath(pathname,
"PEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv.csv
"), DataFrame)

#Nsubj_ABE = 36

Nsubj ABE = 108

PEs_ABE_df2 = CSV.read(joinpath(pathname,
"PEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv.csv
"), DataFrame)

#Nsubj_ABE = 48

Nsubj_ABE = 144
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PEs_ABE_df3 = CSV.read(joinpath(pathname,
"PEs_ABE_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv.csv
"), DataFrame)

PEs_ABE_df = vcat(PEs_ABE_dfl, PEs_ABE_df2, PEs_ABE_df3)

CSV.write(joinpath(pathname,
"PEs_ABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv.csv"), PEs_ABE_df)

## i_BE_LB_GMR_UB

#Nsubj_ABE = 24

Nsubj_ABE = 72

i_BE_LB_GMR_UB_df1l = CSV.read(joinpath(pathname,

"i BE_LB_GMR_UB_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_ $(Nreps_FBE)_$(BSV)
bsv.csv"), DataFrame)

#Nsubj_ABE = 36

Nsubj_ABE = 108

i_BE_LB_GMR_UB_df2 = CSV.read(joinpath(pathname,

"i BE_LB_GMR_UB_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_ $(Nreps_FBE)_$(BSV)
bsv.csv"), DataFrame)

#Nsubj_ABE = 48

Nsubj_ABE = 144

i_BE_LB_GMR_UB_df3 = CSV.read(joinpath(pathname,

"i BE_LB_GMR_UB_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_ $(Nreps_FBE)_$(BSV)
bsv.csv"), DataFrame)

i BE_LB_GMR_UB_df = vcat(i_BE_LB_GMR_UB_dfl, i_BE_LB_GMR_UB_df2,
i BE_LB_GMR_UB_df3)

CSV.write(joinpath(pathname,
"i BE_LB_GMR_UB_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv.csv"),
i BE_LB_GMR_UB_df)

## i BE_passed

#Nsubj_ABE = 24

Nsubj ABE = 72

i_BE_passed_dfl = CSV.read(joinpath(pathname,

"i BE_passed_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv
.csv"), DataFrame)

#Nsubj_ABE = 36

Nsubj ABE = 108
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i_BE_passed_df2 = CSV.read(joinpath(pathname,

"i BE_passed_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv
.csv"), DataFrame)

#Nsubj_ABE = 48

Nsubj_ABE = 144

i_BE_passed_df3 = CSV.read(joinpath(pathname,

"i BE_passed_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv
.csv"), DataFrame)

i_BE_passed_df = vcat(i_BE_passed_dfl, i_BE_passed_df2, i BE_passed_df3)

CSV.write(joinpath(pathname,
"i BE_passed Nreps$(Nreps ABE) $(Nreps FBE) $(BSV)bsv.csv"),
i_BE_passed_df)

## BE_passrate

#Nsubj_ABE = 24

Nsubj_ABE = 72

BE_passrate_dfl = CSV.read(joinpath(pathname,

"BE_passrate_$(Nsubj ABE)NsubjABE_Nreps$(Nreps ABE) $(Nreps_FBE) $(BSV)bsv
.csv"), DataFrame)

#Nsubj_ABE = 36

Nsubj_ABE = 108

BE_passrate_df2 = CSV.read(joinpath(pathname,
"BE_passrate_$(Nsubj ABE)NsubjABE Nreps$(Nreps ABE) $(Nreps FBE) $(BSV)bsv
.csv"), DataFrame)

#Nsubj_ABE = 48

Nsubj_ABE = 144

BE_passrate_df3 = CSV.read(joinpath(pathname,
"BE_passrate_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv
.csv"), DataFrame)

BE passrate df = vcat(BE_passrate dfl, BE_passrate_df2, BE_passrate df3)
CSV.write(joinpath(pathname,
"BE_passrate_Nreps$(Nreps ABE) $(Nreps FBE) $(BSV)bsv.csv"),
BE_passrate_df)

## i_rep_ABE_LB_GMR_UB_pass

#Nsubj_ABE = 24
Nsubj_ABE = 72
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i_rep_ABE_LB_GMR_UB_pass_dfl = CSV.read(joinpath(pathname,
"i_rep_ABE_LB_GMR_UB_pass_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_F
BE)_$(BSV)bsv.csv"), DataFrame)

#Nsubj_ABE = 36

Nsubj_ABE = 108

i_rep_ABE_LB_GMR_UB_pass_df2 = CSV.read(joinpath(pathname,
"i_rep_ABE_LB_GMR_UB_pass_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_F
BE)_$(BSV)bsv.csv"), DataFrame)

#Nsubj_ABE = 48

Nsubj_ABE = 144

i_rep_ABE_LB_GMR_UB_pass_df3 = CSV.read(joinpath(pathname,
"i_rep_ABE_LB_GMR_UB_pass_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_F
BE) $(BSV)bsv.csv"), DataFrame)

i_rep_ABE_LB_GMR_UB_pass_df = vcat(i_rep_ABE_LB_GMR_UB_pass_df1,
i_rep_ABE_LB_GMR_UB_pass_df2, i_rep_ABE_LB_GMR_UB_pass_df3)

CSV.write(joinpath(pathname,
"i_rep_ABE_LB_GMR_UB_pass_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$(BSV)bsv.csv"),
i_rep_ABE_LB_GMR_UB_pass_df)

## BE_GMR9OCI_passrate

#Nsubj_ABE = 24

Nsubj ABE = 72

BE_GMR9OCI passrate dfl = CSV.read(joinpath(pathname,
"BE_GMR9OCI_passrate_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$
(BSV)bsv.csv"), DataFrame)

#Nsubj_ABE = 36

Nsubj_ABE = 108

BE_GMR9OCI_passrate_df2 = CSV.read(joinpath(pathname,
"BE_GMR9OCI_passrate_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$
(BSV)bsv.csv"), DataFrame)

#Nsubj_ABE = 48

Nsubj_ABE = 144

BE_GMR9OCI_passrate_df3 = CSV.read(joinpath(pathname,
"BE_GMR9OCI_passrate_$(Nsubj_ABE)NsubjABE_Nreps$(Nreps_ABE)_$(Nreps_FBE)_$
(BSV)bsv.csv"), DataFrame)

BE_GMR9OCI passrate df = vcat(BE_GMR90CI passrate_dfl,
BE_GMR9OCI_passrate_df2, BE_GMR9OCI_passrate_df3)

CSV.write(joinpath(pathname,
"BE_GMR9OCI_passrate_Nreps$(Nreps_ABE)_ $(Nreps_FBE)_$(BSV)bsv.csv"),
BE_GMR9OCI passrate df)
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