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Preface

Population pharmacokinetics has become an essential component of modern pharmacotherapy,
providing a quantitative framework for understanding variability in drug exposure and supporting
individualized treatment strategies. This Reprint was prepared to present recent developments
in population pharmacokinetic modeling, model-informed precision dosing, therapeutic drug
monitoring, pharmacodynamic assessment, and their translation into clinical practice. The aim
of this Reprint is to present current research demonstrating how pharmacometric approaches can
address challenges associated with interindividual variability, complex patient populations, and the
optimization of therapeutic regimens. The included contributions cover diverse therapeutic areas and
populations, illustrating the application of modeling and simulation approaches in improving dose
selection, monitoring treatment response, and enhancing medication safety.

This Reprint is intended for researchers, pharmacists, pharmacometricians, clinicians, and
healthcare professionals interested in the application of quantitative approaches to precision
medicine. It highlights the multidisciplinary nature of population pharmacokinetics and its growing
importance in bridging pharmacological research and patient-centered care.

As Guest Editors, we would like to thank all authors for their valuable contributions and
for sharing their research findings, which demonstrate the evolving role of pharmacometrics in

advancing personalized pharmacotherapy.

Katarina Vuéicevi¢ and Branislava Miljkovié
Guest Editors

Xi
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Editorial
Population Pharmacokinetic Models at the Forefront of
Precision Dosing

Katarina M. Vudiéevié

Department of Pharmacokinetics and Clinical Pharmacy, Faculty of Pharmacy, University of Belgrade,
11221 Belgrade, Serbia; katarina.vucicevic@pharmacy.bg.ac.rs

1. Population Pharmacokinetics in Focus

Population pharmacokinetics (PopPK) has evolved from a methodological niche into
a fundamental pillar of quantitative clinical pharmacology, playing a key role in dose opti-
mization and advancements in individualized therapy and regulatory decision making. By
integrating compartmental pharmacokinetic models with nonlinear mixed-effects (NLME)
statistical frameworks, PopPK enables the characterization of drug concentration—time
profiles and the quantification of variability in drug exposure across individuals within a
target population. Interindividual variability is typically explained by identifiable covari-
ates, including demographic, physiological, and disease-related factors such as age, body
size, organ function, and underlying clinical conditions [1-3]. Through this framework,
PopPK analyses enable us to make better interpretations of clinical observations, guide
evidence-based dose adjustments, and support decision making across diverse therapeutic
areas. In recent decades, continuous advancements in modeling methodologies, together
with increased computational capacity, and the growing availability of high-quality clinical
data have substantially strengthened the application of PopPK in both drug development
and clinical practice [4,5].

Recent reviews emphasize that model-informed precision dosing (MIPD) represents
the next generation of personalized therapy, extending beyond conventional therapeu-
tic drug monitoring (TDM) to incorporate patient-specific characteristics, longitudinal
measurements, and predictive modeling, thereby improving the precision of dosing rec-
ommendations. Notably, Minichmayr and colleagues demonstrated how MIPD leverages
pharmacometric models to facilitate the routine clinical implementation of model-informed
approaches, thereby advancing individualized therapy across diverse therapeutic areas,
including infectious diseases, oncology, and inflammatory disorders [6].

The Special Issue of Pharmaceutics titled “Population Pharmacokinetics and Its Clin-
ical Applications, 2nd edition” built upon the first collection published in 2024, which
showcased recent advances in both the development and application of PopPK models
across clinical contexts and special populations, highlighting their role in MIPD-TDM, and
individualized therapy.

2. Highlights of the Special Issue

The collection of manuscripts published in this Special Issue of Pharmaceutics—
“Population Pharmacokinetics and Its Clinical Applications”—reflects a coherent and
timely advancement in the field of pharmacometrics, with a particular emphasis on PopPK
models and their clinical application. Despite the diversity of therapeutic areas, including
oncology, neurology, transplantation, inflammatory and rare diseases, the contributions

Pharmaceutics 2026, 18, 535 https://doi.org/10.3390/ pharmaceutics18050535
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converge on a shared objective: translating quantitative models into clinically actionable
tools that support individualized therapy.

A central theme across the Special Issue is the development and refinement of PopPK
models as a foundation for understanding drug disposition and variability. Several studies,
including those on gabapentin (Contribution 8), pamiparib (Contribution 13), tideglusib
(Contribution 14), and cyclosporin A (Contribution 15), systematically characterize drug
absorption, distribution, metabolism, and elimination using an NLME modeling approach.
These analyses consistently highlight the role of patient-specific covariates, such as renal
function, body weight, age, hemoglobin levels, and prior therapies in explaining interindi-
vidual variability in exposure. In rare diseases, the development of a PopPK model for
tideglusib demonstrates how modeling approaches can support pediatric extrapolation
and inform dosing strategies in conditions with limited clinical data (Contribution 14).

Beyond PopPK model development, several manuscripts extend into PK/PD mod-
eling, linking drug exposure to clinical outcomes. The study of palbociclib in pediatric
patients with brain tumor exemplifies this integration by connecting exposure to hema-
tological toxicity endpoints, enabling simulation-based risk assessment (Contribution 9).
Similarly, the investigation of vedolizumab in inflammatory bowel disease demonstrates
how drug clearance may outperform traditional exposure metric (trough concentration) as
predictors of clinical remission (Contribution 11). These findings underscore a paradigm
shift toward more mechanistically meaningful biomarkers derived from models rather
than empirical thresholds alone.

A distinguishing feature of this Special Issue is its strong focus on MIPD as a bridge
between pharmacometric theory and clinical decision making. The paired studies on
ustekinumab (Contribution 6) and secukinumab (Contribution 10) in psoriasis provide
compelling examples of how PK/PD models can be operationalized to individualize dosing
regimens. By explicitly accounting for uncertainty in individual parameter estimates, these
works move beyond deterministic predictions and introduce probabilistic frameworks that
better reflect clinical reality. Notably, both studies demonstrate that a substantial proportion
of patients may benefit from dose optimization or intensification compared to standard
regimens, highlighting the clinical impact of MIPD strategies.

Complementing these efforts are contributions that emphasize translational tools and
implementation. The development of a web-based application for simulating zolpidem
concentrations in intoxication scenarios represents a practical step toward bedside applica-
tion of PopPK models (Contribution 2). Similarly, the use of simulation platforms in studies
such as cyclosporin A (Contribution 15) further illustrates how model outputs can be
directly integrated into clinical workflows. These approaches align with the broader vision
of digital health and decision-support systems, where complex models are embedded into
user-friendly interfaces accessible to clinicians.

Methodologically, the Special Issue also showcases innovation in model design. The
semi-physiological model of clopidogrel incorporating first-pass metabolism and metabo-
lite formation highlights the value of mechanistic modeling in capturing complex biotrans-
formation processes (Contribution 1). Meanwhile, the joint modeling of total and unbound
drug concentrations, as demonstrated for pamiparib, reflects an increasing recognition
of the importance of pharmacologically active fractions in dose optimization (Contribu-
tion 13).

The manuscripts included in the Special Issue collectively demonstrate that PopPK has
evolved beyond a purely theoretical framework into a clinically applicable discipline that
underpins precision medicine in real-world settings. Together, these contributions illustrate
the full continuum of PopPK model application: from data generation and rigorous model
development using NLME approaches, through model evaluation and simulation, to

https://doi.org/10.3390/ pharmaceutics18050535
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clinical translation and implementation in decision-support contexts. In this context, the
manuscripts complement a growing body of evidence supporting MIPD as an effective
framework for optimizing pharmacotherapy.

3. Towards Precision Pharmacology

The field of PopPK is poised for continued transformation as technological advances,
computational methods, and clinical integration converge. One of the most promising
directions is selection of the adequate PopPK model, and the broader implementation of
MIPD in routine clinical practice. This will require not only robust PopPK models but also
user-friendly software platforms, integration with electronic health records, and real-time
analytics to support clinicians in making data-driven dosing decisions [6]. Nevertheless, in-
tegrating biomarkers and pharmacodynamic endpoints with PopPK models will strengthen
individualized therapy by linking drug exposure to clinical outcomes. Prospective clinical
trials validating these approaches will be essential to translate the promise of MIPD into
measurable improvements in patient care, safety, and efficacy.

Artificial intelligence and machine learning are expected to complement traditional
population models by identifying hidden covariates, predicting drug response patterns,
and integrating complex datasets from genomics, metabolomics, and patient monitoring
devices. Such approaches could refine model predictions and extend MIPD to complex
multi-drug regimens, especially in oncology, infectious diseases, and transplant medicine [7—
9].

In summary, the future of PopPK lies in its full integration into precision medicine,
supported by technology, enriched datasets, and validated clinical outcomes. Contin-
ued collaboration among modelers, clinicians, regulatory authorities, and software de-
velopers will be key to realizing the transformative potential of MIPD in improving
patient-centered therapy.

Funding: This research was funded by the Ministry of Science, Technological Development, and
Innovation of the Republic of Serbia through two grant agreements with the University of Belgrade—
Faculty of Pharmacy (Nos. 451-03-33/2026-03 /200161 and 451-03-34/2026-03/200161).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Conflicts of Interest: The author declares no conflicts of interest.
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Abstract

Background/Objectives: Lamotrigine is an anticonvulsant and mood stabilizer with wide
interindividual pharmacokinetic variability, necessitating therapeutic drug monitoring
(TDM). Patient-based quality control (PBQC) strategies, such as tracking median drug
concentrations, may complement traditional quality assurance in routine laboratory prac-
tice. Methods: We retrospectively analyzed 15,963 lamotrigine results collected between
February 2011 and December 2025 at Uppsala University Hospital, Uppsala. Data in-
cluded age, sex, sampling date, and lamotrigine concentrations. Assays were performed
using the Architect platform from February 2011 to January 2021, after which the Cobas
Pro ¢ 503 platform was implemented. Yearly patient medians were calculated, and trends,
seasonal variation, and method agreement were assessed. Results: Of all the results,
5967 were from males and 9996 from females. Median concentrations were slightly higher
in males (15.20 umol/L) than in females (13.71 umol/L), representing a weak but sta-
tistically significant difference (Spearman R = —0.048; p < 0.0001). The total number of
reported results increased steadily over time, from 402 in 2011 to more than 1500 annually
by 2024-2025. Median lamotrigine concentrations increased from 11.85 pmol/L in 2011 to
17.40 umol/L in 2025 (Spearman R = 0.047; p < 0.0001). Seasonal variation in sample volume
was observed, with peaks in November and troughs in July and December, but median con-
centrations remained stable (CV = 3.49%). Method comparison showed strong agreement
between Architect and Cobas assays (R? = 0.97). Conclusions: Patient median lamotrigine
concentrations serve as a robust PBQC tool, capable of detecting subtle analytical shifts
while remaining resilient to seasonal fluctuations and platform transitions. This approach
enhances confidence in assay reliability and supports safer therapeutic decision-making in
real-world TDM practice.

Keywords: lamotrigine; patient median; therapeutic drug monitoring; immunosuppressive;
transplantation; patient-based quality control (PBQC); pharmacokinetics; clinical laboratory
quality assurance

1. Introduction

Lamotrigine is a widely used anticonvulsant and mood stabilizer, primarily prescribed
for epilepsy and the long-term management of bipolar disorder [1,2]. Its strength lies in
preventing depressive relapse, and its generally favorable tolerability profile makes it an
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attractive therapeutic option. Nonetheless, careful dose titration is essential to minimize
the risk of severe rash, a rare but serious adverse effect [3,4].

Therapeutic drug monitoring (TDM) plays a central role in optimizing lamotrigine
therapy [5-7]. Target plasma concentrations typically range between 5 and 60 pmol/L, bal-
ancing efficacy in seizure control with the avoidance of toxicity. The substantial interindivid-
ual variability in lamotrigine pharmacokinetics—driven by factors such as hepatic function,
age, pregnancy, and concomitant enzyme-inducing or -inhibiting medications—necessitates
TDM and individualized dose adjustments [8-10]). Recent pharmacokinetic modeling and
simulation studies highlight how patient-specific characteristics can markedly influence
exposure, underscoring the need for robust and adaptable measurement strategies in
clinical laboratories. Retrospective real-world TDM data further illustrate the complexity
of dose—concentration relationships, particularly in heterogeneous epilepsy populations
undergoing polytherapy, reinforcing the importance of reliable longitudinal assay perfor-
mance [11].

Traditional quality assurance in TDM relies on internal quality control and external
proficiency testing. While indispensable, these approaches may not fully capture sub-
tle, practice-level shifts that accumulate over time. Patient-based quality control (PBQC)
strategies—especially those leveraging aggregated patient statistics—offer a complemen-
tary framework for continuous surveillance [12,13]. For lamotrigine, PBQC is particularly
advantageous because specimens are often collected in stable clinical rhythms and across
well-defined care pathways. This consistency can be harnessed to detect analytical drift in
near real time, without additional costs or workflow disruption.

Tracking patient median concentrations over defined intervals represents a pragmatic
PBQC approach [14,15]. Medians are inherently robust to outliers and skewed distributions,
making them well suited to identify small biases or shifts that might elude conventional
controls. In lamotrigine TDM, monitoring patient medians across time windows and
stratified cohorts (e.g., monotherapy vs. polytherapy, plasma vs. saliva) can provide early
warning signals of drift, bias, or imprecision. Such surveillance strengthens confidence in
clinical interpretation and supports safer, more effective dose adjustments.

The theoretical concepts introduced—lamotrigine pharmacokinetics, the role of TDM,
and the principles of patient-based quality control—are directly tied to the rationale for the
study and to the interpretation of the results. Traditional quality assurance strategies, while
essential, may not adequately detect gradual or practice-level drifts that can accumulate in
high-throughput TDM settings.

Patient-based quality control (PBQC) provides a theoretical framework for addressing
this gap. Because lamotrigine samples are often collected within relatively consistent
clinical pathways, aggregated patient data—particularly median concentrations—can serve
as a stable, real-world indicator of analytical performance. Medians are robust to skewed
distributions and outliers, making them suitable for the early detection of systematic bias,
instrument drift, or calibration errors. Thus, the theoretical premise directly informs the
methodological approach of the present study: by analyzing patient median lamotrigine
concentrations over time, we assess whether this PBQC strategy can enhance routine assay
surveillance and complement existing quality control procedures.

In this study, we evaluate the use of patient median values as a tool for monitoring
the analytical performance of lamotrigine assays in routine TDM practice.

2. Materials and Methods
2.1. Samples

Blood samples submitted for routine lamotrigine monitoring at the Departments of
Clinical Chemistry and Pharmacology, Uppsala University Hospital, were collected in
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serum tubes (BD Vacutainer Systems, Plymouth, UK). The study period spanned from
February 2011 through 1 December 2025, comprising 15,963 samples. Data extraction
was performed in accordance with ethical approval, ensuring patient anonymity. Only
sampling date, age (in years), sex, and lamotrigine concentrations were retained. Ethical
clearance was granted by the Uppsala University Ethics Committee (Dnr 01-367).

2.2. Instruments

In February 2011 the Lamotrigine method was transferred to the Architect platform
(Abbott Laboratories, Abbott Park, IL,, USA), Uppsala, using QMS® Lamotrigine reagent
no. 0373795 (Microgenics, Fremont, CA, USA) together with calibrator no. 0373787 and
control no. 0374090 (Microgenics). The overall coefficient of variation (CV) was 3.6% at
7.4 umol/L and 6.0% at 54.4 umol/L.

In January 2021, the assay was transferred to the Cobas Pro ¢ 503 platform (Roche
Diagnostics, Rotkreuz, Switzerland), employing ARK Lamotrigine reagent no. 5023-0001-00
(ARK Diagnostics, Fremont, CA, USA) along with ARK calibrators and controls. External
quality controls were provided monthly by LGC Standards (Wesel, Germany). The CV
was 5.3% at 7.3 umol/L and 4.7% at 45 umol/L. The therapeutic reference range was
5-60 umol/L.

2.3. Statistical Calculations

Yearly median lamotrigine values were calculated. Statistical evaluations were con-
ducted using Excel 365 (Microsoft Corp., Seattle, WA, USA) and Statistica 10 (Tibco Software,
Palo Alto, CA, USA). A non-parametric comparison of lamotrigine concentrations between
males and females was performed using the Mann-Whitney U test. The null hypothesis
(Hp) stated that the distributions did not differ by sex.

3. Results
3.1. Number of Lamotrigine Results and Sex Distribution

Between 2011 and 2025 a total of 15,963 lamotrigine results were reported. Of these,
6164 were from males and 10331 from females (x? = 534.8559; p < 0.0001) (Figure 1).
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Figure 1. Number of lamotrigine analyses stratified by sex.

The median lamotrigine concentration was 13.71 pmol/L in females and 15.20 pmol /L
in males (Table 1). This difference was highly significant according to the Mann-Whitney
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U test (Z = 6.162; p-value 7.2 x 10~ 1). The number of lamotrigine results below 10 pg/L
was 5818 and 8450 results were below 15 ng/L, thus below the therapeutic interval. On the
other hand 5385 results were above 20 pg/L and 3863 results were above 25 pg/L.

Table 1. Descriptive statistics (mean, median, selected percentiles) of the study variable for the total
sample, males, and females.

Valid N Mean Median 0.25 0.75 0.10 0.90

All 15,963 18.23 14.06 7.86 24.50 4.49 37.50
Males 5967 19.04 15.20 8.11 25.90 4.51 39.31
Females 9996 17.75 13.71 7.70 23.70 4.48 36.11

The simulated medians closely matched the reported values, supporting the use
of the fitted distributions for this purpose. Under the assumptions of the log normal
approximation, these results suggest that the underlying distributions differ between sexes,
with males having higher values than females.

3.2. Changes in the Number of Reported Lamotrigine Results over Time

The number of reported results increased from 402 in 2011 to 1543 in 2024 (Figure 2).
During the first eleven months of 2025 the number of reported results were 1510, indicating
that the total for 2025 will exceed the value for 2024.
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Figure 2. Number of lamotrigine results/year. The data is presented for the time period 1 February
2011-1 December 2025.
3.3. Changes in Median Lamotrigine Concentrations over Time

The median lamotrigine concentrations increased over time from 11.85 umol/L in 2011
to 17.40 pmol/L in 2025 (Figure 3). This trend represented a weak but highly significant
change according to Spearman’s rank test (R = 0.047; p <1 x 1079).
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Figure 3. Lamotrigine results over time. The data is presented as 10th percentile, lower
quartile, mean, median, upper quartile and 90th percentile per year for the time period
1 February 2011-1 December 2025.

3.4. Seasonal Variation in Lamotrigine Results

The number of reported lamotrigine results was highest in November and lowest in
July and December (Figure 4). July is the main vacation month in Sweden and December
is also a holiday month. Despite these variations in the number of reported test results
across months, the median lamotrigine concentrations remained stable, with a coefficient
of variation for the monthly medians of 3.49% (Figure 5).
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Figure 4. Number of lamotrigine results/month. The data is presented for the time period
2011-1 December 2025.
3.5. Method Comparison Between the Architect and Cobas Lamotrigine Methods

The comparison between the Architect and Cobas lamotrigine methods during the
validation process of the Cobas method showed good agreement for patient samples
(y = 0.97x + 0.413; R? = 0.97) (Figure 6).
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Figure 5. Lamotrigine results per month. The data is presented as 10th percentile, lower quar-

tile, mean, median, upper quartile, and 90th percentile per year for the time period 1 February
2011-1 December 2025.
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Figure 6. Comparison between the Architect and Cobas lamotrigine methods using patient samples.
The blue dots represent individual patient sample results measured on the two analytical platforms.
The purple dashed line with squares represents the line of identity (45-degree line), illustrating
where results would fall if the two methods produced identical values. The black regression line
shows the observed relationship, with the displayed equation and R? value indicating the strength of
the correlation.

4. Discussion

This large-scale retrospective study demonstrates the value of using patient median
values as a pragmatic PBQC strategy for lamotrigine monitoring. Over a 14-year period, we
observed consistent trends in assay performance, with increasing median concentrations
and rising test volumes reflecting both clinical uptake and evolving therapeutic practice.
The weak but statistically significant sex-related differences in median concentrations
are consistent with known pharmacokinetic variability, although the magnitude of these
differences is unlikely to justify sex-specific reference ranges.
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Importantly, seasonal fluctuations in sample volume did not lead to instability in me-
dian values, underscoring the robustness of patient medians as a quality control metric. This
stability highlights their suitability for continuous monitoring, even in healthcare systems
that experience predictable variations in patient flow due to holidays or staffing cycles.

The transition from the Architect to the Cobas platform in 2021 provided a natural op-
portunity to assess PBQC applicability. The strong agreement between methods (R? = 0.97)
confirms analytical continuity, and patient medians served as an independent safeguard
against unnoticed drift during implementation. This real-world validation illustrates how
PBQC can complement conventional internal and external quality controls, which may
miss subtle practice-level shifts.

The gradual increase in median lamotrigine concentrations over time may reflect
evolving prescribing patterns, wider adoption of TDM, or shifts in patient demographics.
Although the statistical correlation was weak, its significance suggests that longitudi-
nal monitoring of medians can reveal subtle population-level trends that merit further
clinical investigation.

Together, these findings support the integration of patient median tracking into rou-
tine lamotrigine TDM workflows. By leveraging data already generated during clinical
care, laboratories can enhance quality surveillance without additional cost or workload.
This approach not only strengthens analytical reliability but also increases confidence in
therapeutic decision-making, ultimately promoting patient safety.

Median plasma lamotrigine concentrations were slightly more than 10% higher in
males than in females. This difference should be interpreted cautiously, because the
analysis is based on approximate distributions derived from summary statistics rather
than individual-level data. Nonetheless, the very small p-value from the simulated
Mann-Whitney U test indicates that the null hypothesis of identical distributions between
males and females can be rejected.

Lamotrigine is metabolized primarily in the liver through UDP-glucuronosyltransferase-
mediated glucuronidation, predominantly via UGT1A4, while cytochrome P450 enzymes
play only a minimal and clinically negligible role in its metabolism [16,17].

Lamotrigine pharmacokinetics exhibit clinically relevant interindividual variability
driven by sex, age, pregnancy, and concomitant antiepileptic and hormonal therapy, un-
derscoring the need for therapeutic drug monitoring (TDM). This aligns with the high
number of lamotrigine analyses in our study. Sex-related differences, age, and exposure to
exogenous estrogens (combined oral contraceptives and hormone-replacement therapy)
substantially influence lamotrigine clearance and plasma concentrations, with important
implications for monitoring.

Combined oral contraceptives and other estrogen-containing preparations increase
lamotrigine glucuronidation and reduce steady-state concentrations, depending on the
hormonal regimen [18]. Pregnancy and rising estradiol levels markedly increase lam-
otrigine clearance, often necessitating dose escalation and close TDM to avoid seizure
breakthrough [19]. Hormone-replacement therapy may produce similar reductions in
lamotrigine concentrations in postmenopausal women [20]. While routine, universally ap-
plied TDM for lamotrigine is debated [21], targeted monitoring is supported when factors
known to alter clearance are present, or when clinical response changes [20]. Evidence
supports a pragmatic, individualized TDM approach for lamotrigine—prioritizing patients
on polytherapy, women initiating or changing estrogenic therapies, pregnant patients, and
those with age-related pharmacokinetic changes—to optimize efficacy and safety [6].

In routine PBQC implementation, defining a pragmatic threshold for when a change
in the patient median should trigger investigation is essential. Several laboratories us-
ing PBQC frameworks have found that shifts of approximately 5-10% in the patient
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median—persisting over several days or multiple analytical batches—generally indicate
meaningful analytical or preanalytical issues rather than random variation. For lamotrigine
specifically, the monthly coefficient of variation around the median in this study was approx-
imately 3%, demonstrating that the natural biological and workflow-related noise is low.
Against this background, a sustained deviation exceeding £10% from the expected median
would therefore be unlikely to arise from random fluctuations and should prompt a review
of calibrations, reagent lots, instrument performance, and sample handling workflows.

Smaller deviations (e.g., 5-7%) may still merit attention if they show a consistent di-
rectional trend, especially around the time of instrument maintenance, reagent lot changes,
or clinical workflow disruptions. Conversely, isolated one day fluctuations are typically
attributable to random patient mix effects and should be interpreted with caution.

The performance of PBQC for lamotrigine in this study compares favorably with its
application to other routinely monitored therapeutic drugs, particularly immunosuppres-
sants. Lamotrigine displays several features that enhance PBQC performance. First, its
intraindividual variability is generally lower under stable dosing conditions, particularly
in patients without interacting medications. Second, lamotrigine is typically prescribed
for chronic conditions—epilepsy and bipolar disorder—where dose adjustments are less
frequent compared with immunosuppressants, leading to more stable population distribu-
tions. Third, test volumes for lamotrigine were high and consistent across many years in
this study, producing robust medians with low natural variation (monthly CV ~ 3%). The
combination of stable pharmacokinetics, large sample numbers, and relatively predictable
patient mix results in exceptionally smooth long-term median curves. This stability facili-
tates early detection of analytical drift because even small systematic deviations become
apparent against the otherwise steady background signal.

There are limitations when interpreting the findings of this study. First, the retro-
spective design inherently restricts control over patient level variables such as diagnosis,
dosing regimens, comorbidities, adherence, and concomitant medications, all of which
may influence lamotrigine concentrations. The dataset therefore reflects routine clini-
cal practice rather than a controlled population, which limits its ability to attribute ob-
served trends to specific clinical factors. Second, demographic information was limited
to age and sex; other pharmacokinetically relevant factors—including pregnancy status,
use of estrogen-containing therapies, renal or hepatic impairment, and enzyme-inducing
or -inhibiting co-medications—were not available. This constrains interpretation of ob-
served sex differences and broader temporal changes. Third, a platform transition occurred
during the 14 year study period. Although method comparisons and external quality as-
sessment demonstrated good agreement, subtle differences in calibration or matrix effects
between assays may have contributed to long-term trends in patient medians. Fourth,
the analysis relied on aggregated summary statistics rather than repeated measurements
from the same individuals. This prevented assessment of intraindividual variability or
longitudinal changes within specific patient trajectories.

This study demonstrates that patient median lamotrigine concentrations provide a
robust and informative patient-based quality control metric in routine therapeutic drug
monitoring. Across 14 years of data, patient medians remained stable despite substantial
seasonal fluctuations in sample volume and two major analytical platform transitions.
Sex-specific differences and long-term increases in median concentrations were small but
detectable, illustrating the sensitivity of PBQC to subtle population level trends while
retaining resilience to short term variability.

Strong analytical agreement between the Architect and Cobas platforms confirmed
measurement continuity, and the close alignment of patient medians across methods further
supports their use as an independent, real-world safeguard against unnoticed drift. Because
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medians are simple to compute, resistant to outliers, and derived from routinely generated
clinical data, their implementation requires minimal additional resources.

Together, these findings support incorporating patient median monitoring into stan-
dard lamotrigine TDM workflows as a complementary tool to traditional quality control
systems. By strengthening confidence in assay stability and long-term performance, PBQC
has the potential to improve the reliability of therapeutic decision-making and contribute
meaningfully to patient safety in everyday clinical practice.
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Abstract: Background: Therapeutic drug monitoring (TDM) of infliximab (IFX) and adali-
mumab (ADL) mainly relies on the use of enzyme-linked immunosorbent assays (ELISA).
More recently, rapid assays have been developed and validated to reduce turnaround
time (TAT). Here, we compared IFX and ADL concentrations measured with both ELISA
and a new fluorescence-based lateral flow immunoassay (AFIAS). Methods: In serum
samples from pediatric patients, IFX and ADL drug levels, and total anti-IFX antibodies
were measured using clinically validated ELISA kits (Immundiagnostik AG). Samples were
further analyzed using a new rapid assay (AFIAS, Boditech Med Inc.) to measure drug
levels and total anti-IFX antibodies. Results: Spearman’s correlation coefficients (rho) were
0.98 [95% confidence interval (CI) 0.97 to 0.99] for IFX (p < 0.001) and 0.83 (95% CI0.72 to
0.90) for ADL (p < 0.001). Calculated % bias was —14.09 (95% Limits of agreement, LoA,
—52.83 to 24.66) for IFX and 15.79 (LoA —37.14 to 68.73) for ADL. For the evaluation of total
anti-IFX antibodies, we did not collect sufficient data to establish a statistically significant
correlation between AFIAS and ELISA. The inter-rater agreement showed a “substantial”
and a “moderate” agreement for IFX and ADL, respectively. Conclusions: Our results
show that the AFIAS assay has an accuracy and analytical performance comparable to that
of the ELISA method used for TDM of IFX and ADL. Therefore, the introduction of this
device into routine clinical practice could provide results more quickly and with similar
accuracy as ELISA, allowing clinicians to rapidly formulate clinical decisions.

Keywords: pediatric patients; therapeutic drug monitoring (TDM); anti-TNF biological
agents; enzyme-linked immunosorbent assay (ELISA); fluorescence-based lateral flow
immunoassay (AFIAS); turnaround time (TAT)
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1. Introduction

Inflammatory bowel diseases (IBDs), including Crohn’s disease (CD) and ulcerative
colitis (UC), are extremely debilitating conditions that can significantly affect patients’
quality of life. Inflammatory bowel diseases affect approximately 25% of pediatric patients,
and often presents with a more serious disease course compared with adult IBDs [1].

However, owing to significant progress made in biotechnological sciences, medical
treatment of IBD has been greatly improved by the introduction of biological agents capable
of targeting pro-inflammatory cytokines, such as tumor necrosis factor (TNF)-«, interleukin
(IL)-12/23, and o437 integrin, which are involved in immune responses [2].

Monoclonal antibodies (mAb) directed against TNF-« (i.e., infliximab, IFX, and adali-
mumab, ADL) were the first biologics introduced more than a decade ago as therapeutic
options for IBD and are still widely used for the treatment of moderate to severe forms of
disease [3,4]. In particular, according to the ECCO-ESPGHAN Guideline Update for the
Medical Management of Pediatric Crohn’s Disease, in new-onset patients at high risk for a
complicated disease course, anti-TNF therapy is recommended for inducing remission [5].
Similarly, anti-TNF agents are recommended for induction and maintenance of remission
in patients with active CD who do not achieve or maintain remission [5].

Moreover, the introduction of these agents has significantly improved the quality of
life of patients, thereby reducing the need for surgical approaches [6].

However, despite their beneficial therapeutic effects, following a primary response
to anti-TNF therapy, patients treated with these agents may experience loss of response
(LoR) and relapse of the disease [7]. The reasons for these therapeutic failures are not yet
fully understood; however, inter-individual variability in drug pharmacokinetics (PK),
pharmacodynamics (PD), and immunogenicity are considered possible risk factors [8]. The
risk of developing anti-drug antibodies (ADAs) is a serious complication of biological ther-
apies and is often associated with poor response to these treatments [9]. There are multiple
mechanisms underlying the development of immunogenicity; however, the presence of
specific pharmacogenetic variants and/or prolonged sub-therapeutic drug levels seems to
be positively correlated [10-12]. It is also worthwhile to say that a successful therapy with
anti-TNF biological agents relays not only on the immunogenicity development but also on
the choice of an adequate dosing regimen during both the induction and maintenance of
remission [13]. In fact, patients classified as non-responders often display sub-therapeutic
drug levels, although typical infusion regimens are given [14]. In addition, considering
that biological therapies can also present several side effects and are characterized by high
costs, the optimization of tailored therapies should be a desirable endpoint during routine
clinical practice.

In this regard, therapeutic drug monitoring (TDM) can be used not only to assess
whether low drug levels (with or without the presence of ADAs) could be responsible for
therapeutic failures (reactive TDM), but also to allow dose adjustments and ensure that
drug levels are within a therapeutic window, thus avoiding risks of future disease relapses
(proactive TDM) [15]. In fact, TDM of anti-TNF drug levels and anti-drug antibodies allows
for the identification of patients who have lost response to the biological agent but also to
potentially define a tailored therapeutic strategy [16]. Specifically, TDM assesses the ade-
quacy of drug plasma concentrations in relation to a target concentration or concentration
window at a specific time within a dosing interval [17]. Previously, it has been reported that
both primary non-response and secondary LOR in anti-TNF-treated patients commonly
result from low trough concentration, high ADA levels, or both [18-20]. Based on this
evidence, the ECCO-ESPGHAN Guideline 2020 states that early proactive therapeutic drug
monitoring followed by dose optimization is recommended [5].
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Proactive TDM is defined as the evaluation of trough concentrations and ADA levels,
with the aim of optimizing biological therapy to achieve an effective threshold drug
concentration [15]. Moreover, recent data have reported that proactive TDM is associated
with better therapeutic outcomes than empirical dose optimization and/or reactive TDM of
anti-TNF agents in IBD [21,22]. To date, several TDM-based algorithms have been proposed
in real-life clinical practice to guide the tailored optimization of anti-TNF therapies [15,23].
Similarly, clinical outcome predictions in pediatric IBD patients have been suggested by
measuring infliximab trough levels at different sampling points during the induction and
maintenance phase [15,18].

In fact, proactive TDM allows the maintenance of relatively constant drug levels,
creating a personalized and effective therapy and identifying patients suffering from
inadequate exposure. Monitoring the serum concentration of the administered drug and
the concentration of anti-drug antibodies (ADA) is a fundamental aspect that must be
monitored during all phases of therapy, starting from the induction and maintenance
phases to complete remission. Only in this way will it be possible to guarantee adequate
exposure and reduce the risk of loss of response.

Therefore, based on the evidence that measuring anti-TNF agents and ADA levels
improves patient outcomes and could potentially be more cost-effective, several bioanalyti-
cal assays have been developed to test both drug and ADA concentrations in serum and
plasma samples [16]. These include drug-sensitive solid-phase immunoassays, radioim-
munoassay (RIA), homogeneous mobility shift assays (HMSA), and cell reporter gene
assays (RGA) [18]. Recently, faster assays, such as fiber-optic surface plasmon resonance
(FO-SPR) and lateral flow (LF) tests, have been introduced in the market [22]. Enzyme-
linked immunosorbent assay (ELISA) is the most commonly used immunoassay to detect
both drug and ADA levels in different biological matrices [24]. Despite its wide adoption
across bioanalytical laboratories to measure different analytes, ELISA presents several
disadvantages, including time-consuming incubation and washing steps and the need to
obtain a certain number of samples before proceeding with evaluation (test in batches).
Because ELISA assays require the construction of a calibration curve each time, filling a
whole plate by accumulating the desired number of samples could be a valid strategy to
reduce costs. Taken together, these aspects can significantly increase the turnaround time
(TAT) required to obtain the TDM results. Therefore, in the last decade, there has been
growing attention on point-of-care (POC) assays that allow the measurement of drug and
anti-drug levels at patient’s bedside or in an outpatient clinic in a shorter time (15-20 min)
compared to ELISA (3-5 h) [25]. In a study conducted by Curci D and colleagues (2019),
two different POC devices based on lateral flow assays were validated to measure serum
infliximab levels by comparing their results with those obtained using a reference ELISA
kit [26]. More recently, a similar approach was adopted to evaluate the analytical and
clinical performance of a new fluorescence-based lateral flow immunoassay (AFIAS) by
measuring and comparing infliximab and adalimumab drug levels with those obtained
through commercially available ELISA kits [14,27,28]. This rapid assay (20 min) allows the
quantitative measurement of IFX, ADL, and anti-drug antibodies on a cartridge ready for
direct use on a fully automated instrument (AFIAS). Moreover, the samples did not require
repeated dilution, mixing, or separation steps [14,27,28].

So far, previous studies have already compared infliximab drug levels measured
with both AFIAS and the gold-standard ELISA in samples from pediatric and adult
patients [14,27,28]. However, to the best of our knowledge, this is the first study in which,
alongside with AFIAS IFX, the analytical performance of AFIAS ADL has also been evalu-
ated in serum samples collected from pediatric patients during the routine clinical practice.
To this aim, here we have used the AFIAS system to quantify IFX and ADL levels in serum
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samples from pediatric patients treated with these biological agents. Anti-IFX antibody
levels were also measured in the same samples. AFIAS results were then compared with
those obtained by using a commercially available ELISA kit considered as a reference assay
in our routine clinical practice.

2. Materials and Methods
2.1. Patients’” Samples

Samples were obtained from 98 hospitalized pediatric and/or outpatient patients who
received biological therapy with infliximab (IFX) or adalimumab (ADL). In particular,
n = 44 serum samples were collected for therapeutic drug monitoring (TDM) of IFX
and anti-IFX levels, and n = 54 samples were obtained to monitor ADL serum levels.
The mean £ SD age of the pediatric patients was 15 £ 9.55 for the IFX group and
15 £ 4.45 ADL. Blood samples were collected immediately before the next dose was
administered; therefore, the trough levels (Ctrough) were monitored for both infliximab
and adalimumab. Following centrifugation at 3.500x g for 10 min, serum samples were
collected, and one aliquot (approximately 300 puL) was used for AFIAS tests, while an-
other aliquot was stored at —80 °C until ELISA assays were conducted. Both tests were
performed at the Laboratory of Metabolic Diseases and Hepatology of Bambino Gesu
Children’s Hospital, IRCCS, in Rome (Italy).

TDM of Infliximab and Adalimumab is well established in the routine clinical practice
at Bambino Gesu Children’s Hospital. This study was conducted in full observation of the
Helsinki Declaration and the protocol was approved by the Ethics Committee of Bambino
Gesu Children’s Hospital (2333_OPBG_2020) on 4 January 2021.

2.2. Enzyme-Linked Immunoassorbent Assays (ELISA)

Infliximab or Adalimumab levels were determined using commercially available and
validated ELISA kits (IDKmonitor®, Immunodiagnostik AG, Bensheim, Germany) accord-
ing to the manufacturer’s instructions. These ELISA assays are designed to quantitatively
measure free infliximab or adalimumab levels in serum and EDTA plasma samples, and
involve several steps. Briefly, during the first incubation, the free drug contained in the
unknown samples was bound to specific anti-drug antibodies coated on a 96-well plate. A
washing step was performed to remove all the unbound substances. Finally, after another
incubation step, in which a peroxidase-labeled secondary antibody was added to each well,
the use of a peroxidase substrate (tetramethylbenzidine-TMB) determined the progress
of the reaction, resulting in the formation of a blue-colored product. An acid-containing
stop solution was added to terminate the reaction and allow color variation from blue
to yellow. The intensity of the yellow color is directly proportional to the concentration
of the free drug present in the sample. Using a spectrophotometer, the plate was read at
450 and 620 nm (reference wavelength), and optical densities (ODs) were used to construct
a 4PL sigmoidal curve using the calibration standards provided by the kit. The drugs’
concentrations in each sample were determined directly by fitting the optical density (OD)
values to this curve. Finally, IFX or ADL levels were calculated, multiplying the obtained
results by a dilution factor of 200. Results were expressed as pg/mL.

For each ELISA kit (Cat n. K9655 IDKmonitor® infliximab drug level and n. K9657
IDKmonitor® adalimumab drug level), Quality Controls at low (L-QC) and high (H-QC)
drug concentrations with relative target ranges were provided by the manufacturer. For
infliximab drug levels, target ranges were 7.5-19.5 ng/mL and 39.0-89.0 ng/mL for L-
QC and H-QC, respectively. For adalimumab drug levels, target ranges were as follows:
0.9-10.9 ng/mL and 20.0-70.0 ng/mL for L-QC and H-QC, respectively. The validity of
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the tests was evaluated by analyzing the QCs together with the unknown samples in each
analytical batch.

Similarly, the determination of infliximab total ADA was performed on the same IFX
serum samples using an ELISA kit (Cat n. K9654 IDKmonitor® Infliximab Total ADA)
provided by Immunodiagnostik AG (Bensheim, Germany). This validated ELISA allows
for the semi-quantitative detection of free and bound (total) anti-drug antibodies, even in
the presence of infliximab. According to the manufacturer’s instructions, serum samples
were subjected to preliminary incubation that allowed the separation anti-drug antibodies
(ADA) from the therapeutic antibody to detect free ADA. After this incubation step, by
adding a conjugate (peroxidase-labeled therapeutic antibody) and tracer (biotinylated
therapeutic antibody) to each sample, the unmarked therapeutic antibodies were replaced,
and the marked antibodies formed a complex with ADA. This complex binds via biotin to
streptavidin-coated microtiter plates via biotin. Thereafter, the complex was detected using
a peroxidase conjugate that converted the TMB substrate into a blue product. Finally, the
enzymatic reaction was stopped by adding an acid solution, which changed the color of the
samples from blue to yellow. The color change was measured using a spectrophotometer at
450 and 620 nm (reference wavelengths). The results were interpreted using the cut-off con-
trol sample according to the manufacturer’s instructions provided by Immunodiagnostik
AG. (Bensheim, Germany). The validity of the tests was assessed by analyzing a Positive
and a Negative Control sample provided by the kit, together with unknown samples in
each analytical batch. The analytical specifications of the ELISA kits used in this study are
listed in Supplementary Table S1.

2.3. Fluorescence-Based Lateral Flow Immunoassay

Infliximab and adalimumab levels were measured in the same serum samples alongside
with ELISA by using commercially available kits on the AFIAS-6 instrument (Bodytech Med
Inc., 43, Geodudanji 1-gil, Dongnae-myeon, Chuncheon-si, Gangwon-do, Republic of Korea).
This fluorescence-based lateral flow immunoassay was developed and validated for the
quantitative analysis of IFX (Cat. n. SMFP-75 AFIAS Infliximab) and ADL (SMFP-89 AFIAS
Adalimumab) drug levels in whole blood, plasma, and serum samples (Bodytech Med Inc.,
Republic of Korea). Moreover, AFIAS allows the semi-quantitative analysis of total antibodies
against infliximab in both plasma and serum (Cat. n. SMFP-76 AFIAS Total Anti-Infliximab,
Bodytech Med Inc., Republic of Korea). AFIAS IFX and ADL were prepared as all-in-one
cartridges for direct use and applied to a fully automated instrument, AFIAS (Bodytech Med
Inc., Republic of Korea).

For cartridge preparation, three components were used with the kit: a Sample Dilution
Buffer, conjugated antibodies, and a nitrocellulose strip.

IFX and ADL levels were measured according to the manufacturer’s instructions.
Briefly, the assay procedure involved loading the sample (100 uL) into the sample into
a specific well on the cartridge. Thereafter, the cartridge was inserted into the cartridge
holder in the AFIAS instrument, where the samples were automatically diluted and mixed
with the AFIAS reagent. The fluorescence and biotin-labeled anti-infliximab in the buffer
bound to infliximab or adalimumab was present in each sample, forming drug-antibody
complexes, and migrating onto the nitrocellulose matrix to be captured by the other
immobilized streptavidin on a test strip. More drugs are present in the samples, and more
drug-antibody complexes will form, leading to a stronger fluorescence signal. Finally, the
test results were automatically calculated from a previously loaded calibration ID chip (lot
specific) and displayed on the screen within 10 min.

Quality Controls for low (L-QC) and high (H-QC) drug concentrations with relative
target ranges were provided by the manufacturer. For infliximab drug levels, target
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ranges were 1.5-2.5 pg/mL and 15.0-25.0 ug/mL for L-QC and H-QC, respectively. For
adalimumab drug levels, ranges were 2.7-6.3 ng/mL and 11.4-26.6 ug/mL, respectively.

The validity of the tests was evaluated by analyzing the QCs together with the un-
known samples before each analytical session.

Similarly, total antibodies (free and bound forms) directed against infliximab were
semi-quantitatively measured on the same IFX serum samples using a validated AFIAS
Total Anti-Infliximab kit (Bodytech Med Inc., Republic of Korea). This test uses a bridging
immunoassay to detect antibodies against infliximab. The assay is based on a system similar
to that adopted for the detection of drug levels. Briefly, after loading on the cartridge, the
sample was subjected to dissociation, and anti-drug antibodies from the samples were
bridged with fluorescence and biotin-labeled infliximab, which resulted in the formation
of an immune complex. This immune complex migrates into the nitrocellulose matrix
and is captured by immobilized streptavidin on a test strip. More antibodies to infliximab
are present in the sample, and more immune complexes will form, leading to stronger
intensity of the fluorescence signal, which is processed by the instrument to show total
anti-infliximab concentration in a working range of 8250 AU/mL.

The analytical specifications of the AFIAS kits used in this study are listed in
Supplementary Tables S1 and S2.

2.4. Stability

Since ELISA test was performed on frozen and thawed samples, we have evaluated
long-term stability by re-assessing infliximab and adalimumab concentrations on randomly
selected authentic samples (n = 4) that were stored at —80 °C over a period of one month.
The ratio of the concentration after a second freezing/thawing cycle to the initial mea-
surement was used to calculate a percentage difference. Based on EMA guidelines, an
acceptable stability should have a percentage difference below 15%.

2.5. Statistical Methods

Nonparametric Passing—Bablok regression and Spearman correlation coefficients were
used to evaluate the agreement between drug concentrations measured with both ELISA
and AFIAS assays. For the slope and intercept, 95% confidence intervals (Cls) were
calculated. Thereafter, the Bland—Altman test was applied to assess the relative differ-
ences between the two assays by plotting the % differences against the average anti-TNF
agent concentrations measured in serum using ELISA and AFIAS. The mean difference
(bias) and standard deviation (SDs) of the mean were calculated. According to The ICH
guideline M10 on bioanalytical method validation and study sample analysis. 25 July
2022, EMA/CHMP/ICH/172948 /2019 Committee for Medicinal Products for Human Use.
Available at https:/ /www.ema.europa.eu/en/ich-m10-bioanalytical-method-validation-
scientific-guideline, accessed on 28 August 2023), the difference between the two values
obtained should be within 20% of the mean for at least 67% of the repeats. For a qualita-
tive comparison between IFX and ADL drug levels measured by both ELISA and AFIAS,
weighted kappa statistics were determined after the stratification of results according to
the therapeutic range (IFX < 3 ug/mL, >3 to <7 ug/mL, and >7 ug/mL) (ADL <5 pg/mL,
>5 to <10 ug/mL, and >10 pg/mL). Therapeutic intervals were determined according
to previously published reports [26,29,30]. Drugs levels measured with both ELISA and
AFIAS were expressed as median and interquartile range (IQR). Mann-Whitney test was
used to compare two groups of non-parametric data. All statistical analyses were performed
using GraphPad Prism, version 10 (GraphPad Software, San Diego, CA 92108, USA).
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3. Results
3.1. Comparison of IFX and ADL Serum Levels Measured with Both AFIAS and ELISA Assays

The median concentration of IFX serum levels measured with AFIAS was 4.38 ug/mL
(IQR: 5.57), while the median concentration of ELISA measurements was 4.92 pug/mL (IQR:
5.90). A significant difference was not observed in IFX trough levels determined with both
assays (p = 0.445). Similarly, the median of ADL trough concentrations measured with
AFIAS was 8.73 ug/mL (IQR: 6.07), whereas the median of ADL values found in the same
serum samples by using ELISA was 7.09 (IQR: 3.94). Among AFIAS and ELISA ADL trough
levels, we have not observed a significant difference (p = 0.135). Paired raw data of IFX and
ADL concentrations measured with both methods are reported in Supplementary Table S3.
Figure 1 shows the Passing-Bablok correlation plot for IFX and ADL serum concentrations
measured by AFIAS and ELISA. For IFX levels, the fit was y = 1.25X — 0.28 (95% CI
slope, 0.83 to 1.67; 95% Cl intercept, —2.11 to 1.55) (Figure 1A), meanwhile for ADL it was
y = 0.72X + 1.07 (95% CI slope, 0.58 to 0.86; 95% CI intercept, —0.04 to 2.19) (Figure 1B).
For IFX and ADL, there was an absence of no constant bias, as both the 95% CI intercepts
included 0. Exclusively for ADL, the 95% CI slopes did not include 1, indicating the
presence of a slight proportional bias.
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Figure 1. Passing-Bablok correlations and Bland-Altman plots for infliximab (IFX) and adalimumab
(ADL) drug levels. Passing—Bablok correlation plots for IFX (A) and ADL (B) drug levels. Continuous
black and red lines indicate the linear and the Deming regression lines, respectively. The dotted blue
lines indicate 95% confidence intervals (Cls). Bland—Altman plots of IFX (C) and ADL (D) drug levels.
Continuous horizontal blue lines were drawn from top to down at the upper 95% limits of agreement,
the mean difference (bias), and the lower 95% limits of agreement. Dotted horizontal black lines
indicate the 95% confidence interval (CI) for the mean and the agreement limits (defined as the mean
difference + 1.96 times the standard deviation of the differences).

The Spearman’s correlation coefficients (rho) were 0.98 (95% CI 0.97 to 0.99) for IFX
(Figure 1A) and 0.83 (95% C1 0.72 to 0.90) for ADL (Figure 1B), indicating a positive correla-
tion between drug concentrations measured with both assays. Moreover, a significant p
value was observed for both IFX (n = 44) and ADL (n = 54) (p < 0.001).
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The results were further evaluated using the Bland—Altman test (Figure 1). In these graphs,
the data are displayed as scatter diagrams of the % difference plotted against the average of two
measurements. Continuous horizontal blue lines were drawn at the mean difference (bias) and
95% limits of agreement, which are defined as the mean difference 4 1.96 times the standard
deviation of the differences. Dotted horizontal black lines indicate the 95% confidence intervals
(CI) for the mean and the agreement limits. The % mean difference values were —14.09 (95% CI
—8.08 to —20.1) and 15.79 (95% CI 8.42 to 23.13) for IFX and ADL, respectively (Figure 1C,D).

3.2. Comparison of Total Anti-Infliximab Concentrations in Serum Samples Obtained by Using
AFIAS and ELISA Assays

AFIAS Total Anti-infliximab was used for the semi-quantitative detection of antibodies
directed against infliximab. For this assay, a working range of 8-250 AU/mL was used,
and values below or above this range were displayed as <8 and >250 AU/mL, respec-
tively. Therefore, we did not collect sufficient data to establish a statistically significant
correlation between AFIAS and ELISA. However, 39 serum samples were analyzed using
AFIAS, which showed a concentration of <8 AU/mL. These samples were also tested
using an ELISA kit, which resulted in a median (range) value of 4.78 (2.22-12.31) AU/mL.
Similarly, among the AFIAS results, n = 4 serum samples presented a total antibody
concentration > 250 AU/mL. The median value obtained with the ELISA assay was
576.5 AU/mL (range 363.1-771.8 AU/mL).

3.3. Qualitative Evaluation of Agreement Between Drug Levels Measured with Both AFIAS and
ELISA Assays

To qualitatively compare the serum drug levels obtained with the AFIAS system and the
ELISA assay, we evaluated the inter-rater agreement with kappa by stratifying the results into
three subgroups according to the therapeutic interval. For IFX, we divided the measurements as
follows (<3 pg/mL, >3 to <7 ug/mL, and >7 pg/mL), based on a previously described thera-
peutic range of 5-7 pg/mL [26,29] (Table 1). Infliximab levels showed “substantial agreement”
between the two assays according to the scale suggested by Landis and Koch, G.G. [31]. Overall,
the weighted kappa was 0.73 (95% CI 0.58, 0.87), and the number of observed agreements
between the reference ELISA and the AFIAS assay was 33/44 (75% of the observations). In
particular, for the n = 13 samples with IFX levels < 3 pg/mL (as measured with reference
ELISA assay), an agreement was achieved for 13/13 (100%) samples tested with AFIAS; for
samples with infliximab drug levels between 3 and 7 pg/mL (n = 13) obtained with the reference
ELISA, agreement was reached for 8/13 (61.5%) of AFIAS samples; and finally, when IFX levels
for the reference ELISA were >7 pg/mL (n = 18 samples), 12/18 (66.6%) of AFIAS measure-
ments were in agreement with it. Similarly, ADL drug levels were stratified into three sub-
groups (<5 ug/mL, >5 to <10 pg/mlL, and >10 pg/mL) according to the therapeutic range of
5-10 pg/mL proposed for inflammatory bowel diseases [30] (Table 2). The weighted kappa
for adalimumab was 0.52 (95% CI 0.34 to 0.71) denoting a “moderate agreement” [31]. For
ADL, the overall number of observed agreements between reference ELISA and AFIAS as-
say was 35/54 (64.8% of the observations). In detail, for the n = 12 ADL samples with drug
levels < 5 pg/mL (measured by ELISA as reference method), agreement was reached for
8/12 (66.6%) samples tested with AFIAS as well; for samples with adalimumab drug lev-
els between 5 and 10 pg/mL (n = 29) measured by ELISA, agreement was obtained for
18/29 (62%) of AFIAS measurements; and finally, at drug levels > 10 pg/mL for the refer-
ence ELISA (n =13), 9/13 (69.2%) samples were in agreement with the results of AFIAS.
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Table 1. Comparison between infliximab serum levels measured by enzyme-linked immunosorbent
assay (ELISA) and AFIAS stratified by the therapeutic range 3-7 ug/mL [29].

Reference ELISA
(IDKmonitor® Infliximab Drug Levels)
<3 ug/mL >3 to <7 ug/mL >7 ug/mL
AFIAS Infliximab
<3 pg/mL 13 5 0
>3 to <7 pg/mL 0 8 6
>7 ug/mL 0 0 12

Table 2. Comparison between adalimumab serum levels measured by enzyme-linked immunosorbent
assay (ELISA) and AFIAS stratified by the therapeutic range 5-10 ug/mL [30].

Reference ELISA
(IDKmonitor® Adalimumab Drug Levels)

<5 ug/mL >5 to <10 ug/mL >10 pg/mL
AFIAS Adalimumab
<5 pug/mL 8 2 0
>5to <10 pg/mL 4 18 4
>10 pg/mL 0 9 9

Conversely, when we have stratified IFX drug levels measured with AFIAS, at inflix-
imab levels < 3 ug/mL (n = 18), agreement with ELISA was achieved in 13/18 samples
(72.2%); for AFIAS results comprised between 3 and 7 pg/mL (n = 14), agreement with
ELISA was reached in 8/14 (57.1%) measurements; and finally, when AFIAS drug levels
were >7 pg/mL (n = 12), all the measurements (12/12, 100%) were in agreement with
the ELISA results. Similarly, by stratifying AFIAS results for ADL drug levels based on
the therapeutic range 5-10 pg/mL, at adalimumab concentrations < 5 pug/mL (n = 10),
the agreement with ELISA was 8/10 (80%). For AFIAS results between 5 and 10 ng/mL
(n = 26), agreement with ELISA was found in 18/26 (69.2%) measurements; and finally, at
AFIAS drug levels > 10 pg/mL (n = 18), 9/18 (50%) samples agreed with the ELISA assay.

3.4. Evaluation of Stability

In order to exclude a possible bias due to the freezing—thawing procedure applied to
the ELISA samples, we have randomly selected and re-analyzed n = 4 authentic sam-
ples after being stored at —80 °C over a period of one month. Therefore, a second
freezing—thawing cycle was executed 30 days after the first one, and revealed a stability of
119.0 £ 15.26% (mean =+ SD) for IFX and 97.52 £ 14.98% for ADL compared to the initial
drugs’ measurements.

4. Discussion

According to the ECCO-ESPGHAN Guideline 2020, early proactive therapeutic drug
monitoring followed by dose optimization is recommended for patients treated with anti-
TNF agents [5]. Proactive TDM is defined as the evaluation of trough concentrations and
ADA levels, with the aim of optimizing biological therapy to achieve an effective threshold
drug concentration [15]. In contrast to reactive TDM, which is defined as the evaluation
of drug concentration and ADA levels in case of primary non-response or secondary loss
of response (LoR) to a biological agent, preliminary data suggest that proactive TDM
of anti-TNF therapy is associated with better therapeutic outcomes than cost-expansive
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empirical dose optimization and/or reactive TDM [15]. Although the introduction of
TNF biological blockers into clinical practice has significantly improved the treatment of
inflammatory conditions such as IBDs and juvenile idiopathic arthritis, patients treated
with these agents may experience LoR and relapse of the disease [7]. The reasons for these
therapeutic failures are not yet fully understood; however, inter-individual variability in
drug pharmacokinetics (PK), pharmacodynamics (PD), and immunogenicity are considered
possible risk factors [8,15,21]. Although different bioanalytical methods have been proposed
to measure anti-TNF agents in both serum and plasma samples, ELISA remains the most
commonly used assay [18]. However, over the last few decades, point-of-care (POC) devices
based on lateral flow (LF) immunoassays have been developed and validated for measuring
both drug and ADA levels with a rapid turnaround time [14,26-28]. Despite ELISA being a
reliable technology characterized by the possibility of automating tests, lower costs, and
high-throughput analyses, it also presents disadvantages. Among them, ELISA requires
several hours of work (4-8 h) executed by appropriately trained personnel, and it is cost-
effective only if patient samples are accumulated and tested in batches [18]. Consequently,
TAT is significantly prolonged and TDM results are not immediately available to clinicians.
Conversely, POC devices allow for single-patient analyses and provide both quantitative
and semiquantitative results within 15-20 min [14,27,28,32-34].

Nevertheless, before being adopted by a biochemistry laboratory working on the
TDM of anti-TNF blockers, these POC devices should be adequately cross-validated using
different bioanalytical assays. In this regard, several reports have been published to date
comparing ELISA with different POC tests for the measurement of both drug and ADA
levels in serum or plasma samples [14,26-28,32-37]. In our study, we have used the AFIAS
system (Bodytech Med Inc., Republic of Korea) to measure IFX and ADL drug levels
in serum samples collected from pediatric patients during the routine clinical practice.
Additionally, anti-IFX Total ADAs were also tested in the same IFX serum samples.

Both AFIAS IFX and AFIAS ADL are fluorescence-based lateral flow immunoassays
that have been successfully developed and validated for quantitative determination of
infliximab and adalimumab in different biological matrices, including whole blood, plasma,
and serum (Bodytech Med Inc., Republic of Korea). To date, the analytical and clinical per-
formance of these assays have been already evaluated by comparing drugs’ concentrations
measured with both AFIAS and different ELISA kits used for TDM analysis in adult and
pediatric patients [14,27,28]. Results were comparable among the different analytical meth-
ods, showing a good correlation between AFIAS and the reference ELISA assays [14,28].
However, in a recent manuscript by Lopez Perez J. and colleagues (2025), the authors have
defined the AFIAS system a valid method for monitoring anti-TNF-« inhibitors; however,
the interchangeability with ELISA should be further confirmed [27]. Here, to the best of
our knowledge, we evaluate for the first time the analytical performance of both AFIAS
ADL and AFIAS IFX in serum samples collected from pediatric patients during the routine
clinical practice.

Passing-Bablok regression and Bland—Altman plots were used to assess the agreement
and relative differences between analytical methods, as previously described [14,26,28].
In our hands, Passing—Bablok regressions for both IFX and ADL drugs’ concentrations
revealed absence of a constant bias, whereas only for ADL, the 95% CI slopes did not
include 1, indicating the presence of a slight proportional bias. Moreover, the Spearman’s
coefficient was close to 1 for both IFX and ADL and revealed a significant correlation
between the ELISA and AFIAS assays (p < 0.001) (Figure 1A,B).

The Bland—-Altman test showed that the % mean difference between drug concentra-
tions measured by ELISA and AFIAS was —14.09 for IFX (Figure 1C) and 15.79 for ADL
(Figure 1D). According to previously reported acceptance criteria, for IFX, at least 66% of
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paired samples showed a % difference within +20%, whereas for ADL, only 46% of the
analyzed samples were within this acceptable range [38]. The higher deviation observed
for ADL compared to IFX was also evident in the analysis of linear regression residuals
(Supplementary Figure S1).

However, our results are in line with previously published reports for AFIAS IFX and
ADL [14,28].

It is also worthwhile to say that despite a comparable measurement range for IFX
and ADL drug levels (0.20-50 ng/mL for AFIAS vs. 0.40-45.0 ng/mL for ELISA), the
higher % differences observed for adalimumab drug levels could be partially explained
by an overestimation of AFIAS results compared to ELISA measurements. This obser-
vation confirms previous published data and could explain the higher % differences ob-
served for adalimumab rather than for infliximab [28]. However, when comparing only
ELISA and AFIAS paired concentrations falling within the suggested therapeutic range
(5-10 pug/mL), at least 60% of paired samples showed a % difference within the acceptable
range of £20% [38].

Similarly, we qualitatively evaluated the inter-rater agreement with kappa by strati-
fying both ELISA and AFIAS drug results into three subgroups according to the IFX and
ADL therapeutic interval. In particular, for IFX, we divided measurements as follows
(<3 pg/mL, >3 to <7 ug/mL, and >7 pg/mL), based on a previously described ther-
apeutic range of 5-7 pg/mL [26,29]. Infliximab levels showed “substantial agreement”
between the two assays according to the scale suggested by Landis and Koch, G.G. [31].
In particular, the weighted kappa was 0.73 (95% CI 0.58 to 0.87), and the number of ob-
served agreements between the reference ELISA and the AFIAS assay was 33/44 (75%
of the observations). Similarly, ADL drug levels were stratified into three subgroups
(<5 pg/mL, >5 to <10 pug/mL, and >10 pg/mL) according to the therapeutic range of
5-10 pg/mL proposed for inflammatory bowel diseases [30]. For ADL, the weighted kappa
was 0.52 (95% CI 0.34 to 0.71), denoting a “moderate agreement” compared to IFX [31].
In particular, the overall number of observed agreements between reference ELISA and
AFIAS assay was 35/54 (64.8% of the observations) for ADL. Similar to the observations
made for the Bland—Altman results, the reasons behind this “moderate agreement” for
adalimumab drug levels could be probably due to the overestimation observed for the
AFIAS results compared to ELISA concentrations. In fact, the proportional bias observed
between ELISA and AFIAS ADL measurements has been previously described and could
additionally explain the discrepancy shown for AFIAS ADL compared to IFX [27].

However, it is worth mentioning that for therapies with biologic agents, slight varia-
tions in drug measurement are unlikely to significantly affect the clinical decision process,
since dosing is usually guided by therapeutic ranges that are tolerant to small variations in
the drug levels. Therefore, we believe that, in our study, this discrepancy does not represent
a strong limitation in clinical decision making.

Finally, alongside infliximab serum levels, we measured the amount of total anti-IFX
antibodies. The most common cause of failure in biological therapy is the development
of anti-drug antibodies [39]. The presence of ADAs vs. IFX is generally associated with
a reduced serum IFX concentration, decreased clinical response to IFX, and increased
adverse events [40]. Moreover, the presence of anti-ADL antibodies was associated with
low or undetectable serum trough ADL levels and reduced clinical efficacy [41]. This
aspect was further confirmed by empirical evidence showing that the concomitant use of
immunosuppressive drugs reduces immunogenicity and overall ADAs production [39].
Therefore, monitoring ADAs alongside drug levels allows for the identification of patients
who have lost response to the biological agent but also to potentially define a tailored
therapeutic strategy [16]. Moreover, monitoring antibodies against IFX in CD patients is
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more cost-effective than dose-escalating strategies [42,43]. Based on this evidence, sev-
eral bioanalytical methods have been proposed for the detection of antidrug antibodies,
including ELISA, RIA, ECLIA, etc. [39,44,45]. POC devices have also been validated by
comparing their clinical performances vs. ELISA assays [28,34,36,37]. Despite the availabil-
ity of different bioanalytical methods, some questions remain to be answered. Although
several TDM-based algorithms have been proposed in real-life clinical practice to guide
the tailored optimization of anti-TNF therapies [15,23,46], reference ranges for anti-drug
antibodies are still lacking. Moreover, according to different analytical performances, the
detection of anti-drug antibodies is often based on cut-off values that provide qualitative
or semi-quantitative results. Consequently, the interpretation of data is not straightforward
for clinicians. Similarly, from a clinical point of view, the need for routine measurement of
anti-drug antibodies alongside drug levels, or just following low-drug Cy;g,g; detection, is
still debated. Finally, the clinical evaluation of free rather than total anti-drug antibodies
remains an open question. Together, these aspects represent a significant limitation that
hampers both the measurement and subsequent interpretation of ADA levels in routine
clinical practice.

Here, we compared the semi-quantitative performance of both ELISA and AFIAS
assays. However, because the AFIAS Total Anti-IFX provides a working range of
8-250 AU/mL, values below or above this range are exclusively displayed as <8 and
>250 AU/mL, respectively. In contrast, the analysis of total anti-IFX serum levels by ELISA
can provide numeric results for antibody concentrations <8 or >250 AU/mL. Therefore,
we were not able to pair sufficient data to establish a statistically significant correlation
between AFIAS and ELISA results. However, n = 39 serum samples were analyzed using
AFIAS, and the results were <8 AU/mL. These samples were also tested using ELISA,
resulting in a median (range) value of 4.78 (2.22-12.31) AU/mL. Similarly, n = 4 serum
samples analyzed with AFIAS had a total anti-IFX value of >250 AU/mL. The median
value obtained for these samples following ELISA assessment was 576.5 AU/mL (range
363.1-771.8 AU/mL). Consequently, we can only assume a positive correlation between
anti-IFX levels measured using both ELISA and AFIAS assays. This aspect represents a
limitation of our study. Perhaps a larger number of samples could be useful to overcome
the variability observed for ADL drug concentrations. Similarly, by including a higher
number of samples, it could be possible to provide a more robust correlation between
ADA levels measured with both methods. However, it is also worth noting that from a
clinical point of view, and in the absence of reference ranges for anti-drug levels, the utility
of providing a numeric value whenever the ADAs concentration is <8 or >250 AU/mL
remains debated. Another limitation of our study could be the fact that the ELISA and
AFIAS assays were not performed at the same time. In fact, whereas the AFIAS tests have
been executed on fresh serum samples, ELISA was carried out after one freezing—thawing
cycle. To eliminate this potential bias among methods, four authentic samples of IFX and
ADL were randomly selected and re-analyzed after being stored at —80 °C for one month.
Compared to the initial drugs” concentrations, a second cycle of freezing-thawing showed
a 30-day stability of 119% and 97.52% for IFX and ADL, respectively. Therefore, these data
demonstrate that ELISA results are not affected by the freezing—thawing procedures.

5. Conclusions

In conclusion, our results show that, although there are slight differences between
infliximab and adalimumab, the AFIAS assay has an accuracy and analytical performance
comparable to that of the ELISA method used for TDM of IFX and ADL drug levels. Re-
garding the evaluation of anti-IFX antibodies, we only provided a preliminary comparison
between ELISA and AFIAS tests, highlighting the necessity for more exhaustive studies
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aimed at addressing this point. However, our data seem to show a positive correlation
between total anti-IFX levels measured using both bioanalytical methods. AFIAS IFX and
ADL have been already validated as lateral flow immunoassays for the quantitative mea-
surement of infliximab and adalimumab in different biological matrices. As a point-of-care
device, the AFIAS is based on a rapid and fully automated process that does not require
specialized or well-trained personnel and allows single-sample analyses with results dis-
played within 15-20 min. The latest represents the main advantage of this method, which
could overcome the time- and cost-consuming limitations of current ELISA-based TDM
approaches. Therefore, based on our results, the introduction of these devices into routine
clinical practice could provide results more quickly and with similar accuracy to ELISA,
allowing clinicians to rapidly formulate effective therapeutic plans. In fact, an ad hoc
protocol has been established in our center to promote the use of this device, encouraging a
proactive TDM strategy and, therefore, facilitating a more cost-effective strategy than the
empirical dose-escalating approach.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/pharmaceutics17040421/s1: Table S1: Analytical specifications
of AFIAS and ELISA kits used for the quantification of Infliximab (IFX) and Adalimumab (ADL) in
serum samples. Table S2: Analytical specifications of AFIAS and ELISA kits used for the detection of
total antibodies against infliximab in serum samples. Table S3: Paired concentrations of IFX and ADL
drug levels measured with both AFIAS and ELISA assays. Figure S1: Analysis of residuals for the
linear regression of (A) IFX and (B) ADL drug levels measured with both AFIAS and ELISA methods.
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Abstract: Background: Caspofungin is an echinocandin antifungal agent commonly used as the first-
line therapy for invasive candidiasis, salvage therapy for invasive aspergillosis, and empirical therapy
for presumed fungal infections. Pharmacokinetic (PK) variabilities and suboptimal exposure have
been reported for caspofungin, increasing the risk of insufficient efficacy. Objective: This work aimed
to develop a caspofungin population pharmacokinetic (popPK) library and demonstrate its utility
by assessing the probability of target attainment across diverse settings. Methods: We established a
caspofungin popPK model library following a rigorous literature review, re-implementing selected
models in R with rxode2. Quality control procedures included a comparison of different studies and
assessing covariate impacts. Model libraries were primarily used to perform Monte Carlo simulations
to estimate target attainment and guide personalized dosing in Candida infections. Results: A total
of 13 models, one- or two-compartment models, were included. The most significant covariates were
body size (weight and body surface area), liver function, and albumin level. The results show that
children and adults showed considerable differences in pharmacokinetics. For C. albicans and C.
parapsilosis, none of the populations achieved a PTA of >90% at their respective susceptible MIC
values. In contrast, for C. glabrata, 70% of the adult studies reached a PTA of >90%, while all pediatric
studies achieved the same PTA level. Conclusion: At the recommended dosage, adult patients
showed notably lower exposure to caspofungin compared to pediatric patients. Considering body
size, liver function, and serum albumin is crucial when determining caspofungin dosage regimens.
Furthermore, further research is required to comprehensively understand the pharmacokinetics of
caspofungin in pediatric patients.

Keywords: caspofungin; individualized dosing; population pharmacokinetics; model library

1. Introduction

Echinocandins, including caspofungin, micafungin, and anidulafungin, represent a
breakthrough in antifungal treatment. Caspofungin blocks the synthesis of an essential
fungal cell wall component, 3-(1,3)-D-glucan, leading to the osmotic instability and lysis
of the fungal cell. Due to its selective action on fungal cells, caspofungin is usually well
tolerated without common significant side effects. Caspofungin exerts potent activity
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against Candida and Aspergillus spp., serving as the first-line therapy for invasive fungal
infections (IFIs), salvage therapy for invasive aspergillosis, and empirical treatment for
presumed fungal infections in children over three months and in adults [1,2].

With poor oral bioavailability (<0.2%), caspofungin can only be administered by
slow intravenous infusion over approximately one hour. About 97% of caspofungin
binds to plasma proteins after entering the bloodstream. Following infusion, the plasma
concentration of caspofungin declines in a polyphasic manner. The metabolism process is
slow and occurs mainly via hydrolysis and N-acetylation [3].

Caspofungin’s favorable safety profile and relatively low potential for drug—drug inter-
actions led to its widespread use in the prophylaxis and treatment of IFIs. However, reported
pharmacokinetic (PK) variabilities and suboptimal exposure with standard dosing, espe-
cially in critically ill patients, increase the risk of insufficient efficacy [4,5]. Hence, person-
alized dosage recommendations and tailored adjustments, usually informed by measured
observations and model-predicted exposure, are crucial to optimize treatment outcomes.

Caspofungin demonstrates a concentration-dependent inhibition of fungal growth [6].
The clinical efficacy of caspofungin in treating invasive aspergillosis relies on defined
pharmacokinetic/pharmacodynamic (PK/PD) indices, like peak concentration/minimum
effective concentration (Cpax/MEC), the area under concentration—time curve/minimum
inhibitory concentration (AUC/MIC), and AUC/MEC [7,8]. Common targets include the
ratio of the 24 h total drug AUC to MIC (AUC( 541, /MIC) and the ratio of the 24 h free
drug AUC to MIC (fAUC( 541, /MIC) [9,10]. AUC(_p4 ,/MIC, the most influential PK/PD
index for caspofungin, exhibits substantial variability among intensive care unit (ICU)
patients [11,12]. Despite preclinical support, these targets have yet to be confirmed and
validated in clinical studies, posing challenges in their application to clinical practice.

Population pharmacokinetic (popPK) models describe the PK profiles of the studied
population and can evaluate the effect of various covariates on PK variabilities. When inte-
grated with Bayesian forecasting, which combines prior knowledge with new observational
data, this approach has become increasingly utilized for designing and adjusting dosing
regimens in clinical practice [13]. The Bayesian method requires a well-defined structural
model that includes parameters informed by prior distributions and is continually updated
with new clinical observations, ensuring that dosing regimens are tailored to the specific
needs and responses of patients. Despite numerous PK/PD studies on caspofungin, ex-
isting model information has not been quantitatively integrated to guide further research.
Therefore, a model library would be invaluable for facilitating model-informed precision
dosing (MIPD) strategies by compiling relevant data.

This study aimed to develop a caspofungin population pharmacokinetic (popPK)
library and demonstrate its utility by assessing the probability of target attainment across
diverse settings. This consisted of three specific objectives: (1) to identify and re-implement
existing popPK models using an open-source R package; (2) to perform a quality control
of the developed model library by comparing PK metrics and evaluating the impact
of covariates; and (3) to demonstrate the utility of the model library by assessing the
probability of target attainment (PTA) across diverse study settings.

2. Materials and Methods
2.1. Development of Model Library
2.1.1. Search Strategy

Four databases, including PubMed, Embase, Web of Science, and Scopus, were searched
for popPK model studies of caspofungin published before 25 November 2022, following
the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guide-
lines [14]. The search strategy encompassed keywords pertinent to the focal medication
(‘Caspofungin’ or ‘Cancidas” or ‘MK 0991" or ‘L 743,872"), along with terms specifically denot-
ing popPK modeling approaches, such as population pharmacokinetic, NONMEM, MONO-
LIX, or nlmixr. Additionally, all reference lists from selected articles were searched to ensure
the comprehensiveness of our study. Two independent authors conducted the literature
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research, and another two senior investigators performed the data validation [14]. The com-
prehensive search strategies employed for each database, as well as the detailed inclusion
and exclusion criteria utilized in the study, can be found in the Supplementary Materials.

All studies identified from the databases and other sources were screened to evaluate
their eligibility based on the following consolidated criteria: (1) the subject of the studies
was human, including healthy volunteers and patients; (2) caspofungin was the study
drug; (3) popPK or PK/PD analysis was conducted in the study; and (4) the study was
published in English. A publication was excluded if (1) it was not an article or only focused
on the methodology, algorithms, or software comparisons or (2) critical PK parameters
were insufficient.

2.1.2. Literature Evaluation

Literature evaluations were implemented to diligently identify and resolve any anoma-
lies or inconsistencies pertinent to the construction of the model library [15]. The quality
of the popPK study was evaluated based on a checklist with 33 items adapted from the
guidelines (see Supplementary Materials) [16,17]. The literature evaluation was divided
into five parts: title and abstract, introduction, methods, results, and discussion and con-
clusion. A risk of bias assessment was conducted. Each item received one point if the
study information met the criteria; otherwise, zero points were assigned. Compliance,
reflecting popPK study quality, was calculated as compliance% = (items reported/total
items) x 100%. The risk of bias plot was conducted using the “ggplot2” package (version
3.3.5; https:/ / ggplot2.tidyverse.org, accessed on 5 November 2022) in R software (version
4.1.1; http:/ /www.r-project.org, accessed on 5 November 2022).

2.1.3. Data Extraction

A standardized data extraction method was systematically employed to facilitate data
collection from all eligible studies. This process encompassed the following key aspects:
(1) demographic characteristics (e.g., race, age, sex, and weight range); (2) the study design
(e.g., type of study, number of subjects and observations, dosage regimens, administration,
sampling schedule, and detection method) [16]; (3) popPK modeling characteristics (e.g.,
software/algorithm, final PK parameters, model validation); (4) investigated and identi-
fied covariates information in popPK models; (5) PK/PD targets used for simulation if
applicable; and (6) model application and recommended dosage regimens.

2.1.4. Model Re-Implementation

After extracting all relevant information from the models, we re-implemented them
using the open-source R package “rxode2” package (version 2.0.12; https:/ /nlmixr2.github.
io/rxode2/index.html, accessed on 8 December 2022), with all parameters set to the final
parameter estimates reported in the literature. All of the model codes are provided in the
Supplementary Materials.

2.2. Quality Control of Model Library
2.2.1. Comparison of Studies

Quality control (QC) measures were implemented to screen and resolve any discrep-
ancies or issues arising during the establishment of the model library, ensuring rigorous
standards were maintained. We constructed three age-stratified virtual patient cohorts
(comprising infants, children, and adults), thoughtfully designed to accurately mirror the
specific target population of their corresponding models.

Virtual populations were created and divided into three age groups: infants (10 kg,
75 cm, 1 year old), children (20 kg, 100 cm, 6 years old), and adults (70 kg, 40 years old).
Infants and children adopted the standard dosage regimen, 70 mg/m? on the first day,
followed by 50 mg/m? once daily, whereas adults followed a different dosage regimen:
70 mg on the first day, followed by 50 mg once daily. Caspofungin was administered
intravenously over one hour to all groups once daily. The Mosteller formula [18] was used
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to calculate body surface area (BSA) values for infants and children, which were set at
0.441 m? and 0.79 m?, respectively. All patients reached a steady state with the labeled
dosing regimen. Concentration—time profiles were simulated with the “rxode2” package
(version 2.0.12; https:/ /nlmixr2.github.io/rxode2/index.html) in R.

We conducted a similarity comparison assessment to ensure the accuracy of construct-
ing the developed model library. The idea behind this assessment is straightforward. If the
models have been accurately implemented, the concentration-time curves for the models
with similar target populations should be comparable as they describe the PK behavior of
the same drug in the same population. The model performance is considered comparable if
its typical maximum concentration (Cpmayx) falls within the range of 50-200% of the median
Ciax across all studies (see Supplementary Materials).

2.2.2. Assessment of Covariates Impact

Clearance (CL) is a crucial parameter for AUC, while the apparent volume of distribu-
tion (V4) is an important PK parameter for Cpac. AUC and Cnax play central roles in the
individualized dosing of caspofungin. Thus, comparing the effects of different covariates
on CL and V4 was necessary. The effect of covariates was presented through a forest
plot using the “ggplot2” package (version 2.0.0; Tidyverse packages) in R. For continuous
covariates, the maximum and minimum values from the included studies were extracted
and used for calculating the range of the effect of different covariates on CL or V4. For
covariates included in multiple studies, a uniform range was set up for the comparison
based on the demographic information in the included studies. For binary covariates, such
as disease situation. The uncommon condition (critically ill disease) was treated as the
reference (COV; = 0), while the uncommon condition (not critically ill disease) was treated
as the test (COV; = 1). CL; = CLcommon + CLgigr X COV;. The range of CL; was [CLcommon,
CLcommon + CLdiff] (lf CLaiff > 0) or [CLcommon + CLaist, CLcommonl] (if CLagig < 0). Then, the
values of CL and Vd were further normalized by the reference to the median covariate
value (equation). We regarded covariate effects beyond the 80-125% range as clinically
significant, in accordance with the standard employed in bioequivalence studies [19].

Upper or lower limit

100%
Reference value * 100%

The ef fect value of covariates =

2.3. Application of PopPK Model Library

Louie et al. reported comparable Candida albicans reductions in kidney tissue and
proposed AUC(_p41,/MIC as the optimal PK/PD index for caspofungin [20]. Based on
the in vivo PK/PD studies, the PK/PD targets for C. albicans, C. glabrata, and C. parap-
silosis were 865, 450, and 1185, respectively [10,21]. According to the clinical and labo-
ratory standards institute (CLSI) MIC breakpoint for the in vitro broth dilution suscepti-
bility testing of Candida spp., MICs for each Candida species were selected (C. albicans,
susceptible < 0.25 mg/L; C. glabrata, susceptible < 0.12 mg/L; C. parapsilosis, susceptible
<2mg/L) [22]. After the popPK model library of caspofungin was established, a Monto
Carlo simulation was conducted to predict the probability of caspofungin reaching the
PK/PD target under labeled dosing regimens and specific MIC. The steps were as follows:
(1) simulate PK profiles of caspofungin; (2) calculate the steady-state AUC(_»4 1, using the
trapezoidal method; and (3) calculate the PTA under specific MIC settings.

3. Results
3.1. Overview of Included PopPK Studies for Caspofungin
3.1.1. Identification of Included Studies

Figure 1 presents the PRISMA flowchart for study identification. From PubMed, Sco-
pus, Web of Science, and Embase, 26, 150, 185, and 61 studies were retrieved, respectively,
with no additional records from other sources. A total of 13 studies were included in our
model library for subsequent analysis.
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Figure 1. PRISMA flow diagram for the identification of caspofungin population pharmacokinetics
(PPK) studies.

3.1.2. Evaluation of Literature

The risk map concerning the bias of the literature is summarized in Figure 2. Two
studies lacked a description of PK data in their background sections, and two did not
include the sampling schedule. One study did not mention the drug formulation, bioana-
lytical methods, and the distribution of individual model parameters. None of the included
studies detailed the methods of handling missing data, and fewer than 20% of studies
reported a specific way of handling the data below the quantification limit. Nevertheless,
all studies achieved a compliance rate of 85%, indicating that all studies are of good quality.

3.1.3. Study and PopPK Model Characteristics

The characteristics of each study are summarized in Table 1. All included studies were
published from 2011 to 2022, with nine [23-31] being clinical trials and four [11,12,32,33]
being observational studies. The total number of participants ranged from 12 to 299 (IQR
(19, 48)). Wang et al. [30] and Wu et al. [29] enrolled both patients and healthy subjects,
while the others only enrolled invasive candidiasis patients. Three studies enrolled a
pediatric population between three months and 18 years, while the rest included adults
only. Five studies focused on transplant patients, including allogeneic hematopoietic stem
cell transplant [25,32], heart transplant [29], lung transplant [30], and liver transplant [26].
While most studies collected only plasma concentrations, Pressiat et al. [26] collected
plasma and peritoneal fluid samples. Sparse sampling strategies were adopted in all
three pediatric and two adult studies [23,34], with various bioassay methods used to
determine caspofungin concentrations. Despite methodological differences, steady-state
plasma concentrations under standard dosing regimens remained above the lowest limits
of quantitation (LLOQ, range [0.084-0.6 mg/L]), suggesting their minimal influence on
the results.
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Figure 2. Evaluation of the included population pharmacokinetics studies (the risk bias plot).

The modeling strategies and final PK parameters of the included studies are sum-
marized in Table 2. Ten studies [11,12,23,27-30,32-34] used NONMEM software, with
first-order conditional estimation with interaction (FOCE-i) being the most used algo-
rithm [11,12,23,27,28,32-34]. Most studies employed a two-compartment model to describe
caspofungin PKs, although two studies [25,34] utilized a one-compartment model due
to sparse sampling schedules that may not accurately represent the characteristics of a
two-compartment PK model.

All studies incorporated between-subject variability (BSV), with a median of 27.5%
(range: 11.8-42.3%) in CL across the 13 studies. Residual unexplained variability was
described by proportional [11,23,25-28,31-34], additive [12,30], or combined models [29
Proportional errors with coefficients of variation ranged from 12.2% to 36% in eleven
studies, while three studies [12,29,30] included addictive errors ranging from 0.0941 to 0.73
mg/L. An integration of inter-occasion variability on CL was estimated to be 17.2% and
16.0% in studies by Gastine et al. [33] and Wiirthwein et al. [28], respectively.

All included popPK models conducted internal validation, including goodness-of-
fit tests, a visual predictive check, a predicted—corrected visual predictive check, and
normalized prediction distribution error plots. Additionally, ten [11,12,25,27-30,32-34]
out of thirteen studies presented results of bootstrap analyses. Wiirthwein et al. [28] used
external validation to further verify their model.

Ten studies [11,12,23,25-27,29,31,33,34] performed Monte Carlo simulations to evaluate
existing dosing regimens or optimize caspofungin therapy, comparing different dosage
regimens or evaluating caspofungin PKs and drug interaction in specific patient populations.
In nine [11,12,23,25,26,29,31,33,34] of these studies, the simulation targeted AUC(_p4,/MIC
as the PK/PD. Pressiat et al. [26] concluded that the standard caspofungin dose was suffi-
cient, while five studies [11,12,23,29,34] explicitly advocated for adjusting dosing regimens
based on covariates, suggesting higher doses (70-150 mg) considering factors like disease
condition, albumin (ALB) levels [29], fungal colony type, and liver function.

—
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Niu et al. [25] concluded that the current recommended dose of caspofungin was
sufficient for pediatric patients and did not require higher doses. Gastine et al. [33] reported
that a twice-weekly extended dosing regimen of 200 mg/m?, with a maximal total dose of
200 mg, should yield comparable average weekly exposures to the approved daily-dosing
regimen. Additionally, Yang et al. [27] included BSA as a significant covariate on both CL
and Vg, supporting the adoption of a BSA-based dosing regimen.

3.2. Overview of PopPK Model Library
3.2.1. Comparison of Caspofungin PK Profiles

Simulated caspofungin concentration—time profiles are displayed in Figure S1. A
comprehensive comparison of all simulated PK parameters for caspofungin is shown in
Figure 3. The median Cpax values of children (23.56 mg/L) and infants (25.65 mg/L) were
higher than that of adults (8.75 mg/L), likely due to the lower V4 in children and infants
(adults vs. pediatric population: [2.21-9.01 L] vs. [1.36-2.21 L]). Moreover, the pediatric
population demonstrated a higher CL per kilogram than adults, with weight-normalized
median CL values of 0.0083 L/h/kg (range: 0.005-0.011 L/h/kg) and 0.0086 L/h/kg (range:
0.006-0.011 L/h/kg) for children and infants, respectively, compared to 0.0061 L/h/kg
(range: 0.003-0.014 L/h/kg) in adults.

(a) Infant (b) Children (c) Adults
600 600 600
400 400 400
> s LB s oL
< -[ < (=== T < T T
200TT 200T * 200++| T +é%%
0 o 0 +
S A > > S NN Do
S P S P & SE S
& & & & & NI AR N U AR N
> > > > B 2
& & ICR RSP o & Y &7 & & e
SR & & & & & & S
& & S & K o €
o . Qég éﬁk
Q,o

Figure 3. Caspofungin main pharmacokinetic parameter (AUC) at steady state of (a) infants, (b) chil-
dren, and (c) adults. Virtually all patients were assumed to be male and received caspofungin at a
dose of 70 mg on the first day, followed by 50 mg once a day as an infusion for 1 h for adults and
70 mg/ m? on the first day, followed by 50 mg/ m? once a day as an infusion for 1 h for infants and
children [11,12,25-34].

In the pediatric population, three studies [25,27,33] displayed similar PK characteristics
in both infants and children. Among adult patients, Wang et al. [30] reported higher AUC
and Cpax than other studies under the same dosage regimen, while Bailly et al. [31]
showed much lower exposure. However, the remaining eight studies showed similar PK
profiles despite variations in patients” disease conditions (Figure S1). The subjects in Wang
et al.’s study [30] were lung transplantation recipients receiving ICU follow-up treatment,
exhibiting lower CL and V.

3.2.2. Covariate Screening and Influence Analysis

All tested covariates that affected CL, V4, intercompartment clearance (Q), and the
distribution volume of the peripheral compartment (V;) are summarized in Table 3. The
stepwise covariate screening included forward inclusion and backward elimination. A
comparison of identified and investigated covariates is presented in Figure 4.

45



Pharmaceutics 2024, 16, 819

‘parrodar jou N ‘uonyejuerdsuer 3resy (1]
‘oun urquionyjoid [ J ‘9SeasIp I9A1[ 98e)s-pud 10§ [Ppow (TN ‘Ure3oid 9A130RI-D) (YD) JuUnod 2340313 :DGM ‘Io[ered 117 ‘orer uonenyenn (i) Xopul 19jem
Juny renoseaenxa ‘IM1H Qun aanerddo 1 JO uawssasse ainjrey uedio rerjuonbas 1y jOS ‘Aderay yuswade[dar [euar snonuruod (YYD ‘Uoneua3AX0 sueIquIaw
[eazodiooenxa :QNDH ‘eseA[-eruowure auruee[Ausayd Ty ‘OseIajsueourue suruele ;] Ty ‘dserdjsuenjourwe ajepredse ;[ Gy UIqo[Soway qi {UIqniIfiq 30211p g
UIqnaIIq [e303 (gL ‘urejord [e3o3 t T {Uruojesord ;] D) J QUIUTEaId WNIds DG (INeD) Pue 3JOIdd0)) JO B[NULIO) d} 0} SUTPIOIdL PIUTULIJOP) dOURILS[D SUIUNRIID
2D ‘oye1 Uonen Iy IL[ILISWO[S PAJeWSd dYj YO ‘Urwngre ;g y ‘(IS[[2ISOIAl JO B[NULIO] 3y} 0} SUIpIOdde paje[nd[ed) eale adeyans Apoq :ySy Xopur ssewr Apoq [INg

q1v qIv . . P AT NG TG ¢ P [¥€l (zz00)
AN AN Ao A 1000 > d s00>d AN LEN “DAD ‘WIN ‘dTV D1 ’10S ‘d0S “LIND ‘MS1om o p S
AN AN AN AN AN 500> d AN L T ) w308 NG B1aM “xa5 28y _Wmammmw g
. . d1 DS ‘I1d “1Dd “TId.L IO ‘QINDI [62] (zz00)
AN AN N v 1000 > d 900>d N A TIV ISV A A1V “TNd MSPH 1Som xos 98y e np
QCOWMLH—QENXQD
ySepm  ySem WSeM Y3M 100> d G00>4d d_&aom:ﬁ AOID ATV 20'y X3S VS P8V WSM :Ew&m%wu
“IIAO[DADY :
AN AN WSepm 4L g1V 100> d 500> d AN A1 TV 141 ISV L1V 1S1oM 98y X058 Em mm@mv
] amre] A1 41 ‘ATv ndino S0P ‘[EAIAING ‘1D ‘ONDE (11l (1202)
AN AN AN N 100> d N aN derpred ‘IMTE 4N ‘1Dd “VHOS x5 NS1PH TySem 28V “Te 39 100 9-3Ins1og
p . -A . p p
AN AN vsa ISV 'vsd 100>d c00>d AN e I Ay s A WSoMm ‘vsd ﬂmmmo%mv
VA0S USIoM o3 [1€] (0202)
AN AN AN AN AN iN AN DS LTV ISV 1AL “1vd ‘ATV OO M "9V Te 32 A[rreg
- . 10d D10 aduereq pmy Y ¢ ‘LdO [o€] (0z02)
AN VdOS x5 1dO 100>d s00>d aN “TAL‘G1V ISV LTV 'VAOS ‘OO TG ‘TuSiom xag 98y Te 10 Suepm
AN AN vsd vsd c00>d AN AN a1V A0S vSd WSM 28y .Wm_wﬂmwww
AN AN dL9Sem AN 100> d s00>d AN AOTD “TAL WIS AL WSPM X35 98y . #mﬁw%%ww& i
AN AN WSem WSem 100> d s00>d AN IO T4l WS1opM 28y xeg ‘50 . Ww%ﬁﬁ "
) . g uprjoydure ., p P P [zl (1102)
AN AN AN AN 1000 > d 1000 >d rewosodr] ADTO 4L VsS4 WSeMm 98y x5 [ PURMETM
A fe) IA L) :W.mwﬂmhmmm— ﬁwﬁﬂw—% :oﬁmu.aww::uvzw s3s9], A103eI0qRT] sryderSourag (1B3X UOPEIIqNJ)

sajerreAo)) juedyrudig

BLID}LID) UOT}II[IS dJLLILAOD)

S3JRLILAOD) Pa}S3L,

Apmg

*S9TpN3S papnpul jo sppow dpaunjodewreyd uonendod ur sajerreaod paygruapt pue pajednsaAu] ¢ d[qeL

46



Pharmaceutics 2024, 16, 819

Survival

24 h fluid balance

Operation time

Sequential organ failure it
Dose

Heart failure

Continuous renal replacement therapy
Extracorporeal membrane oxygenation
Phenylalanine ammonia-lyase
Ultrafiltration rate

Cardiac output

Extravascular lung water index
Procalcitonin

y-GT

Direct bilirubin

Liver failure

Identified covariate
M Investigated covariate

End-stage liver disease |
Alanine sminotransferase |
Aspartate aminotransferase
Prothrombin time
C-reactive protein

White blood cell

Platelet

Total protein

Serum creatinine
Creatinine clearance
Estimated glomerular filtration rate
Total bilirubin

Albumin

Race

Body surface area

Ace

Age

Sex

Woaight
Weight

=
N
N

6
Number of Study

[oe]
=y
-
™
N

Figure 4. A histogram of the amount of investigated and identified covariates in included studies.

Four studies [11,26,31,32] did not include any covariates, likely contributing to the
high consistency of the included patients. The most influential covariate was body size,
such as body weight and BSA. Three [15,19,34] studies (23.1%) found body weight closely
related to CL, and five studies [12,23,28,33,34] (38.5%) indicated its impact on V4. Yang
et al. [27] and Niu et al. [25] identified BSA as a crucial covariate that affects both CL
and V4. Moreover, three studies [23,29,34] confirmed ALB level as a significant covariate
affecting CL. In their final model, Niu et al. [26] and Li et al. [24] included the liver function
biomarker as a covariate. Interestingly, among the studies including pediatric populations,
two [25,27] identified BSA as a significant covariate on CL and V4, supporting dosing
based on BSA. Wiirthwein et al. [28] found that the PK of caspofungin was not altered by
the coadministration of liposomal amphotericin B. Three studies [11,29,30] investigating
the difference in PK characteristics in patient groups who had received continuous renal
replacement therapy (CRRT) or extracorporeal membrane oxygenation (ECMO) concluded
that these factors had no significant effect.

Identified covariates on CL and V4 were visualized using the forest map in Figure 5.
Figure 5A highlights BSA as a pivotal determinant of CL in children, with weight signifi-
cantly influencing CL in adult and pediatric populations. The impact of body size measures
exceeds the conventional range (80-125%), suggesting considerable CL variability. De-
spite variations in covariates across studies due to different populations, the profound
influence of body size on caspofungin CL remains consistent. Compared to the reference
value, six [12,23,25,27,29,33] out of the seven studies demonstrated a significant impact
of body size on V4 with changes greater than 20% under the normal range of body size.
Additionally, two studies [12,27] showed the influence of ALB to exceed a 20% change
in V4 within the normal range. Wang et al. found that male gender was associated with
increased caspofungin V4 (Figure 5B). Li et al. [23] and Niu et al. [25] showed liver function
to have changes over 20% under a wide range of liver functions. Three studies [23,29,34]
included ALB as a significant covariate affecting CL, with changes exceeding 20% within
the normal range of the ALB level.
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Figure 5. (A) The effect of covariates on CL (L/h) of caspofungin in included studies. (B) The effect of
covariates on Vg4 (L) of caspofungin in included studies. The horizontal bars represent the covariate
effect on clearance in each study. The typical value of clearance in each study was considered to be 1.
The effect of each covariate for clearance is displayed by the ratio of clearance in the range of each
covariate to the typical clearance value. The shaded area ranges from 0.8 to 1.25 [23,25-30,33,34].

3.3. Model Library Applications

In our model library, 77% of studies incorporated AUC/MIC as the PK/PD target
for simulation. The simulated PTA for each published popPK model was assessed with
three Candida strains, the results of which are presented in Figure 6. For C. albicans
(MIC = 0.25 mg/L) and C. parapsilosis (MIC = 2 mg/L), none of the populations achieved
a PTA of >90%. However, for C. glabrata (MIC = 0.12 mg/L), 70% of studies focused on
adults reached a PTA of >90%, while all pediatric patients achieved a PTA of >90%. The
PTA results suggested that caspofungin may be underexposed in adult patients, indicating
the necessity of basing drug dosage on the Candida strains’ results and the corresponding
MIC value.
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Figure 6. The probability target achievement of caspofungin in included studies. The red dashed line
represents a 90% target attainment rate, while the three vertically oriented dashed lines of different
colors correspond to the respective clinical breakpoints for MICs of each fungus [11,12,25-34].

4. Discussion

Numerous PK studies on caspofungin have been conducted recently, with several
popPK studies aiming to explain PK variability. To our knowledge, this study was the first
to build and share a parametric popPK model library of caspofungin. The library is char-
acterized by simulations of concentration—time profiles and covariate effect assessments,
where we demonstrated the potential of the constituent models in estimating the AUC,
Cmax, and PTA of caspofungin. This work provides evidence for advocating individualized
dosing not only based on body size but also potential covariates such as liver function
and hypoalbuminemia.

4.1. Pediatric Patients

The PKs of caspofungin vary substantially among pediatric patients. All three pe-
diatric studies within the model library consistently applied allometric scaling, aligning
with the standard pediatric dosing approach that utilizes body surface area as the basis
for medication administration. Children showed higher CL (L/h/kg) than adults per
kilogram, possibly due to differences in distribution rates into hepatic tissue. In vitro data
suggested the involvement of uptake transporters, such as OATP1B1, in caspofungin tissue
distribution, particularly in hepatic uptake [35]. Studies [24,36,37] suggested that factors
like accelerated liver uptake, larger liver-to-body ratios, and increased hepatic blood flow
contribute to heightened caspofungin CL in infants and toddlers. However, conflicting
findings exist regarding age-dependent differences in hepatic OATP1B1 expression and its
impact on caspofungin uptake. Thomson et al. reported no age-dependent differences in
hepatic OATP1B1 expression across pediatric groups. Saez-Llorens et al. [38] suggested
that caspofungin CL increases from infancy to childhood and then decreases through
adolescence into adulthood. Pediatric patients generally exhibit higher CL (L/h) and V4
(L) compared to adults under standard dosing regimens, attributed to factors such as
reduced blood flow, higher body fat-to-lean mass ratios, and decreased total body water.
These physiological and pathological distinctions, particularly pronounced in infants, can
significantly influence caspofungin’s absorption, distribution, metabolism, and excretion.
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Findings from included studies indicated that adjusting the caspofungin daily dose
based on BSA, rather than weight, might be more reasonable in pediatric patients. Three
studies [25,27,33] focused on children with a median age of around six years used body size
for allometric scaling; one included weight, and two studies included BSA. Gastine et al.
(48 subjects) estimated weight-normalized CL and V4, implicitly assuming the power of 1
for the impact of weight on CL and V4. Niu et al. (48 subjects, 139 observations) showed
that the power of BSA on CL was estimated to be 0.89 (RSE 11.36%), and the power of
BSA on V4 was fixed to 1, respectively. In Yang et al. (48 subjects, 159 observations), the
power of BSA on CL and V4 was estimated to be 1.3 (RSE 13.8%) and 1.5 (RSE 13.5%).
Overall, the body size metrics have positive correlations with CL and V4. Due to the
under-power design of the study [39], the slight deviations in the estimated exponents
from the theoretical allometric relationship should be interpreted with caution.

Saez-Llorens et al. [38] found that a BSA-based dosage of 25 mg/ m? QD in neonates
under three months achieved plasma concentration profiles similar to adults receiving a
standard 50 mg daily dose [38]. However, PK variability was higher in pediatric patients
with a lower body weight, necessitating individualized dose adjustments. Beyond BSA-
based dosing, considering blood biochemical parameters and physiological conditions,
such as serum ALB level, hepatic function, and blood flow, is crucial. Caspofungin is occa-
sionally used in very low-birth-weight infants, but PK data for this group are scarce [40].
This scarcity emphasizes the necessity for large-scale, prospective trials to establish caspo-
fungin’s efficacy, safety, optimal dosage, and role in neonatal candidiasis, particularly in
infants under three months with a very low birth weight.

4.2. Adult Patients

Insufficient drug exposure is common with the labeled dosing regimen in adult pa-
tients. In this model library, five of the ten adult studies proposed increasing the dosage of
caspofungin to achieve target exposure levels. Caspofungin dosing differences exist be-
tween adults and children. Lower adult dosages correspond to lower drug concentrations
over time compared to children (Figure S1), indicating a need for dosing strategy improve-
ment. In patients with normal liver and kidney function, hypoalbuminemia can result in
elevated levels of unbound drugs, potentially leading to an increased CL, especially in
highly protein-bound antibiotics like caspofungin. Additionally, as a hydrophilic drug,
caspofungin’s V4 may increase due to fluid shifts and extensive fluid resuscitation [41,42].

Critically ill patients often present with concomitant conditions such as obesity, hepatic
impairment, and specific infusion regimens, contributing to the high BSV of caspofun-
gin PKs [43]. Treatment modalities like ECMO and CRRT are frequently employed in
ICU settings. Studies have yielded conflicting results regarding the impact of ECMO on
caspofungin CL, with one study [30] suggesting an increase and another [31] finding no dis-
cernible effect, likely due to caspofungin’s high solubility in water and methanol. Critically
ill patients exhibit lower caspofungin exposure compared to healthy subjects [5]. Betts et al.
supported a wide safety margin for caspofungin, allowing for higher-dose therapy up to
150 mg daily if clinically indicated [44]. However, arguments against reducing caspofungin
doses in critically ill patients with hypoalbuminemia and abnormal liver function suggest
that a uniform, flat dosing strategy may not be optimal [45]. Consensus leans towards the
importance of therapeutic drug monitoring in critically ill patients with hypoalbuminemia,
with or without abnormal liver function, or in cases where strains with elevated minimum
inhibitory concentrations need to be addressed.

Borsuk-De Moor et al. [11] noted a time-varying CL of caspofungin in ICU patients:
0.563 L/h on day 1, 0.737 L/h on day 2, and 1.01 L/h on day 3, respectively. This escalating
CL may decrease AUC and impair efficacy, but few models considered time-dependent vari-
ables. The extended monitoring of caspofungin therapy is recommended for personalized
medication optimization.
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4.3. Towards Precision Dosing

The model library of caspofungin popPK models developed in this study has the
potential to accelerate the implementation of MIPD. Leveraging our model library, re-
searchers could rapidly perform external validations on their data, efficiently selecting
the most appropriate model for local use, thereby speeding up individualized dosing [46].
Integration with the “PopED” package further enhances its utility by allowing the selection
of published library models as prior information for clinical trial design.

However, translating preclinical PK/PD targets into clinical benchmarks remains
challenging. Investigations into the MIC of caspofungin are notably limited, chiefly at-
tributable to the challenges in cultivating fungus, the extended duration of experimental
procedures, and an inadequate favorable return on investment. Notably, a recurring theme
across studies is the lack of well-established clinical PK/PD targets, leading to reliance on
preclinical counterparts. CLSI guidelines specify MIC breakpoints for Candida spp. in vitro
broth dilution tests, but significant differences in MICs among bacterial species underscore
the importance of bacterial culture in clinical practice. In our model library about adults,
PK/PD cut-off values vary for C. albicans, C. glabrata, and C. parapsilosis. These findings
suggest significant variability in establishing caspofungin cut-off values across populations,
posing challenges for clinicians and researchers in determining optimal dosing strategies.
For caspofungin, the current target values are derived from preclinical studies and are in
urgent need of confirmation through clinical research.

Disparities in PK profiles between pediatric and adult populations highlight the need
for further research. The pediatric and adult populations exhibit marked disparities in PK
profiles, particularly with much higher caspofungin exposure levels observed in children
compared to adults, up to 1.5 times greater with standard dosing regimens. This discrep-
ancy may stem from two potential reasons: differences in the PK/PD relationship between
children and adults and the need to optimize the current dosing regimen, suggesting either
dose increases for adults or decreases for children. However, due to limited research in
pediatric populations, further PK/PD studies in this population are essential to elucidate
the underlying causes.

Additionally, assessing the concentration of the free drug is essential, as only the
unbound form exerts therapeutic effects, though this aspect is often overlooked in studies of
caspofungin. Reduced plasma protein levels in vitro were found to increase the antifungal
activity of caspofungin and lower the pharmacodynamic target AUC,, /MIC, likely by
increasing the free concentration [47]. However, none of the included studies measured
free caspofungin concentrations. In cases where fAUC 41,/ MIC was employed as the
PK/PD target, it was calculated based on the total AUC/MIC target and caspofungin’s
plasma protein binding rate of 97%.

4.4. Limitations

Our research has certain limitations. Firstly, due to the limited number of studies
involving pediatric patients, we were unable to comprehensively investigate and compare
the PK of children and infants. Furthermore, as this model library focused on summarizing
significant covariates influencing caspofungin PKs and comparing popPK modeling across
different age groups, we only replicated the published models to align with our study
objectives and the characteristics of the medications under investigation. Additionally,
PK/PD targets for PTA calculation were derived from in vitro data provided by CLSI,
which may lead to discrepancies in PTA accuracy due to the absence of in vivo studies in
humans. Finally, our study was restricted to the English-language literature, potentially
omitting relevant studies published in other languages.

5. Conclusions

The model library of parametric population pharmacokinetic models for caspofungin
is helpful in promoting model-informed precise dosing. The optimization of the caspo-
fungin dosing regimen should consider the patient’s liver function and hypoproteinemia.

51



Pharmaceutics 2024, 16, 819

Additionally, prospective PK/PD studies of caspofungin in pediatrics are warranted to
elucidate the exposure-response relationship associated with this medication.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/pharmaceutics16060819/s1, Figure S1: The steady-state conce-
ntration-time profiles of piperacillin for (a) infants, (b) children, and (c) adults when infused inter-
mittently. The solid line represents median of the simulated concentration-time profile. The light
shadows represent the 10th-90th percentiles of the simulated concentration-time profiles. All virtual
patients were assumed to be male received caspofungin at a dose of 70 mg on the first day, followed
by 50 mg once a day as infusion for 1 h for adults and 70 mg/m? on the first day, followed by
50 mg/m? once a day as infusion for 1h for infants and children. Figure S2: Check List.
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Abstract: Background/Objectives: Gabapentin has variable pharmacokinetics (PK), which con-
tributes to difficulty in dosing and increased risk of adverse events. The objective of this study was to
leverage gabapentin concentrations from therapeutic drug monitoring (TDM) to develop a population
PK (popPK) model and characterize significant covariates that impact gabapentin PK. Methods: Data
were retrospectively collected from 82 hospitalized adult patients with TDM gabapentin concen-
trations. Renal function indicators (i.e., estimated glomerular filtration rate, creatinine clearance,
acute kidney injury), body weight parameters (i.e., actual body weight, ideal body weight, adjusted
body weight, lean body weight, body mass index, obesity status), fasting plasma glucose levels, and
diagnosis of type 2 diabetes were tested as potential covariates. A popPK model was developed in
MONOLIX (2020R1, Lixoft, France). Results: A one-compartment model best described gabapentin
PK with first-order absorption, dose-dependent bioavailability, first-order elimination, and no lag
time. Population parameter estimates for the volume of distribution (V4), and clearance (Cl) were
44.61 L, and 5.73 L/h, respectively. Serum creatinine was a significant covariate on Cl. Conclusions:
The popPK model highlights the importance of renal function in the interindividual variability of
gabapentin PK and suggests that diabetes and body weight parameters have no impact on gabapentin
PK. Moreover, our study supports the utility of leveraging data obtained from clinical TDM for popPK
model development.

Keywords: gabapentin; gamma-aminobutyric acid; population pharmacokinetics; therapeutic drug
monitoring; creatinine

1. Introduction

Gabapentin [1-(aminomethyl)-cyclohexane acetic acid] is an antiepileptic drug with
analgesic properties. The drug was first approved by the Food and Drug Administration
(FDA) in 1993 [1]. Gabapentin is indicated to treat partial-onset seizures and postherpetic
neuralgia and is often used off-label for the treatment of diabetic neuropathy [1-4]. As
a structural analog of gamma-aminobutyric acid (GABA), gabapentin was designed to
be more lipophilic than GABA and cross the blood—brain barrier more readily [1,5]. The
precise mechanism of gabapentin’s antileptic and analgesic effects is currently unknown [1].
Gabapentin is actively absorbed in the gut via the L-amino acid transporter system [5-7].
Food has minimal effects on the rate and extent of its absorption [1,5,6]. Gabapentin is
largely unbound to plasma proteins [1]. Peak plasma concentration (Cmax) is achieved
within 2-3 h after oral administration. Plasma concentrations are dose-proportional across
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typical clinical ranges (300 mg to 400 mg every 8 h), ranging between 1 ug/mL and
10 pg/mL, but are less than dose-proportional at higher dose levels (>600 mg every
8 h) [5-7]. Gabapentin does not undergo metabolism by liver enzymes and is excreted
renally as an unchanged drug with a half-life of 5-7 h [1,5-7].

The high interindividual variability of gabapentin pharmacokinetics (PK) contributes
to difficulty in reaching effective doses and an increased risk of adverse events [6-10]. The
total daily dose of gabapentin is correlated with incidence rates of side effects such as
dizziness and somnolence, which negatively impacts patient adherence to therapy [10].
Therefore, identifying covariates that impact gabapentin PK can help guide dose selection
and improve the safety and tolerance of gabapentin.

Diabetes mellitus may lead to alterations in drug PK, but there is limited clinical
guidance for dosage adjustment in this patient population [11,12]. One of the complications
of diabetes is the delayed gastric emptying time; therefore, the absorption rate of orally
administered medication may be changed [12]. About 32-47% of untreated patients with
type 2 diabetes experience delayed gastric emptying [13].

Theoretically, drugs with carrier-mediated transporter systems are more sensitive
to longer gut transit time than drugs absorbed via passive diffusion [11]. Another long-
term sequelae of diabetes is altered renal functions, with normal or increased glomerular
filtration rate (GFR) during the first five to ten years of the disease and significantly reduced
GEFR as diabetic nephropathy progresses [11,12,14]. Nephropathy is present in up to 20-40%
of patients with diabetes [14]. The volume of distribution can also be altered in patients with
diabetes. Chronic hyperglycemia can lead to protein glycation and changing concentration
in the circulating free fatty acids, leading to consequent changes in the fraction of unbound
drugs [11,12]. The volume of distribution also correlates with the degree of obesity, a
common comorbidity in patients with type 2 diabetes [15].

Previous publications have consistently highlighted biomarkers for renal function as a
significant covariate on the oral clearance of gabapentin. Creatinine clearance (CrCl) was
reported to be linearly correlated with the apparent oral clearance of gabapentin [5,16,17].
Gabapentin elimination is affected directly by age- or disease-related decreases in renal
function [6]. However, there is no consensus regarding the effect of diabetes and obesity
on gabapentin PK. Ouellet et al. suggested that body weight is a significant covariate
on the volume of distribution of gabapentin in the pediatric population. In contrast,
other PK studies performed in the adult population did not include body weight in the
final model [16,18-20]. A non-compartmental analysis (NCA) by Costa et al. reported that
patients with type 2 diabetes exhibited decreased gabapentin Cpay, increased clearance, and
increased volume of distribution compared with the control group [21]. Costa et al. later
developed a popPK model, which showed no significant effect of diabetes or hyperglycemia
on the PK profile of gabapentin [19]. The paucity in the literature and the conflicting results
indicate a need to better characterize covariates for gabapentin PK.

Moreover, previous models were developed using data collected in prospective con-
trolled studies with frequent sampling, which can be resource-intensive. On the other hand,
clinical therapeutic drug monitoring (TDM) levels are readily available and may allow for
the development of popPK models without additional blood sampling [22,23]. Clinicians
have frequently employed TDM to optimize treatment for drugs with a poor correlation
between dose and clinical efficacy and in special patient populations with altered PK [24,25].
Patients with diabetes and obese individuals have been proposed to be beneficiaries of
TDM [26-28]. This study aimed to develop a popPK model of gabapentin disposition using
real-life clinical TDM data and to evaluate the effect of covariates, including diabetes and
obesity status, on pharmacokinetic parameters.

2. Methods
2.1. Study Population and Data Collection

The study protocol was approved by the investigational review boards of Rutgers
University and Robert Wood Johnson University Hospital Somerset (RW]S), New Jersey,
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USA. Data were retrospectively collected from patients with available TDM gabapentin
concentrations. Serum gabapentin concentrations were extracted from the electronic health
records of all consecutive patients from 1 January 2009 to 7 December 2023. The study
included all adult patients (>18 years) who had received at least one oral dose of gabapentin
after admission and had at least one plasma concentration collected after the dose. Pregnant
patients and children (<18 years) were excluded. Patients were either taking gabapentin
at home or initiated on gabapentin during the hospital stay. The medical indication for
gabapentin was not available in the dataset but represents a random general population.
The date and time of gabapentin administration before the sample collection and the time
of sample collection were recorded. Patients’ demographic and clinical characteristics
were collected for covariate analysis (Table 1). Lean body weight was calculated using the
Janmahasatian equation [29]. Estimated glomerular filtration rate (eGFR) was calculated
using the Modification of Diet in Renal Disease (MDRD) equation [30]. Obesity was defined
by a body mass index (BMI) of greater than or equal to 30 kg/m?. The diagnosis of type 2
diabetes was determined based on the admission notes.

Table 1. Demographic and clinical characteristics of individuals included in the analysis (n = 82).

Mean £ SD Range

Age (year) 65.7 +16.4 22-93
Actual body weight (kg) 84.3 £25.9 44.2-195.0
Ideal body weight (kg) 59.9 +10.3 43.2-82.2
Adjusted body weight (kg) 69.7 £ 14.3 45.0-123.0
Lean body weight (kg) ¢ 549 +13.4 30.5-91.9
Height (cm) 167.1 £9.8 149.9-187.9
BMI (kg/m?) 30.0+7.9 18-60
Serum creatinine (0.66-1.25 mg/dL) 1.3+1.0 0.4-3.8
eGFR (mL/min/1.73m?) P 71.0 + 42.4 16.0-127
Creatinine clearance (mL/min) € 91.67 £ 67.6 13.3-192.7
Fasting plasma glucose (mg/dL) 127.6 +78.2 76.0-251.0
Serum concentration (pug/mL) 797 +7.8 0.6-56.2
ALT (0-49U/L) 30.8 +41.6 8.0-245.0
AST (17-59 U/L) 309 +44.4 6.0-74.0
Total bilirubin (0.2-1.3 mg/dL) 0.57 £ 0.7 0-2.7
Albumin (3.5-5 g/dL) 37407 1.4-4.6
Single dose amount (mg) ¢ 300 100-1200
Total daily dose (mg) © 900 100-2700
n (%)
Male 31 (37.8)
Sex
Female 51 (62.2)
White 73 (89.0)
Race Asian 1(1.2)
Black 6(7.3)
Other 2(2.4)
Type 2 diabetes Yes 26 (31.7)
Presence of AKI f Yes 18 (21.9)
Obesity & Yes 18 (22.0)
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Table 1. Cont.

Obesity + diabetes 8 (9.8)
Combined covariate of .
obesity and diabetes Obesity only 22 (26.8)
“Healthy” 52 (63.4)

ALT: Alanine aminotransferase; AKI: acute kidney injury; AST: aspartate aminotransferase; BMI: body mass index;
eGFR: estimated glomerular filtration rate; SD: standard deviation. # Lean body weight was calculated using the
Janmahasatian formula. ® eGFR was calculated using the Modification of Diet in Renal Disease (MDRD) equation.
¢ Creatinine clearance was calculated with the Cockcroft-Gault formula. The weight factor was adjusted to ideal
body weight when the actual body weight was greater or equal to 30% of the ideal body weight. ¢ Single-dose
amount was defined by the last given dose. © Total daily dose was defined by the accumulated total dose over the

past 24 h prior to the sample collection. f Acute kidney injury was defined by a change in serum creatinine of
more than 0.3 mg/dL in the past 48 h. & Obesity was defined by BMI > 30.

2.2. Bioanalytical Methods

Plasma gabapentin concentrations were quantitated under a service agreement be-
tween the medical center and the Mayo Clinical Laboratory using a liquid chromatography-
tandem mass spectrometry method [31]. The laboratory determined the assay’s perfor-
mance characteristics to be consistent with Clinical Laboratory Improvement Amendments
requirements. The reference range was determined to be 2.0-20.0 ng/mL with a concentra-
tion of >25 pg/mL being considered the toxic concentration.

2.3. Population Pharmacokinetic Analysis

A popPK model was developed in MONOLIX (2020R1, Lixoft, Antony, France) using
the stochastic approximation expectation maximization (SAEM) algorithm. The model-
building process involves identifying a structural model, optimizing the error model, and
assessing covariates.

A one-compartment model with linear elimination was used to describe the disposition
of gabapentin, and different absorption models were evaluated, including first-order
absorption with or without lag time (Tj,¢) and transit compartment absorption models
(Table 2). Both linear and nonlinear bioavailability models were tested for first-order
absorption models. The following equation was applied to describe dose-dependent
bioavailability, and the parameters were fixed to previously published values [20]:

Dmax

F=—"7"7— 1
Dsg + Dose )

where F is gabapentin bioavailability, D,y (823 mg/day) is the maximal absorption rate,
D5 (1120 mg/day) is the dose when the absorption process is 50% saturated, and Dose is
the last gabapentin dose before the sample collection [20]. Initial values for the population
parameters were set to previously reported values. The limited number of concentra-
tions obtained during the absorption phase can undoubtedly cause high variability with
the population estimate for the absorption rate constant (ka) and the delay time (Tj,g).
Therefore, values of 0.778 h~! and 0.31 h were considered as fixed values for k, 4nq Tag,
respectively [16,32]. Models were evaluated based on the likelihood results (i.e., objec-
tive function value (OFV), Akaike information criterion (AIC), and Bayesian information
criterion (BIC)), relative standard errors (RSEs) of parameters, visual examinations (i.e.,
visual predictive check (VPC), observation versus prediction plot), and model stability.
Structural model stability was assessed in five convergence assessment runs using the
SAEM algorithm. Estimated population parameters with high variability were fixed to
improve model stability. A constant error model was selected based on the proposal created
by MONOLIX.
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Table 2. Final model population parameter estimates and bootstrap analysis.

Parameters Population Estimates Bootstrap Analysis Median
(RSEs (%)) (95%CI)

Fixed effects

ka (h™1) 0.778 (fixed) 0.778 (fixed)

V4 (L) 44.61 (15.94) 45.99 (32.84-65.91)

Cl(L/h) 5.73 (17.62) 7.01 (4.3-12.54)

Bci_scr —0.89 (16.94) —1.12 ((—1.66)—(—0.58))

Random effects

wyd 0.77 (19.98) 0.75 (0.42-1.07)

wcl 0.28 (28.59) 0.26 (0.11-0.48)

Error model parameter

a 2.03 (17.5) 1.93 (1.1-2.65)

Cl: Clearance; k,: absorption rate constant; RSE: relative standard error; V4: volume of distribution; a: constant
error model; w: standard deviation.

Both continuous and categorical covariates were assessed in the covariate model.
Continuous covariates include age, body weight parameters (i.e., actual body weight (WT),
ideal body weight (IBW), adjusted body weight (ABW), lean body weight (LBW), BMI),
renal function indicators (i.e., eGFR, CrCl, SCr), and fasting plasma glucose levels (FPG).
The serum creatinine value from the day of gabapentin concentration collection was used
to calculate renal function indicators. Categorical covariates include sex, diagnosis of type
2 diabetes, presence of acute kidney injury (AKI), obesity status, and a combined covariate
of obesity and diabetes (i.e., patients were categorized into diabetic but not obese, obese
but metabolically healthy, both diabetic and obese, and non-diabetic and non-obese). All
continuous covariates were log-transformed and centered using mean values. Covariates
were selected based on three clinical questions in the following order: the effects of renal
function on the clearance (Cl), the effects of body size metric on the apparent volume of
distribution (V4), and the effects of diabetes on absorption rate constant (k,) and V4. After
all the covariates relevant to the clinical questions were tested, any additional covariates
that were significantly correlated (p < 0.01) with random effects were tested. The covariate
was added if the addition of a covariate yielded a reduction of 3.84 or greater in the OFV
(p <0.05) and if the resulting B coefficient was significantly (p < 0.01) different from 0
(based on the Wald test and correlation test). Once all covariates were added, a backward
deletion was performed. The model retained a covariate if the deletion increased by 6.63 in
the OFV (p < 0.01). VPC, goodness-of-fit plots, RSE, and likelihood results were also used
to assess the best model. A bootstrap analysis with 1000 replicates was applied to validate
the stability and robustness of the final popPK model.

3. Results
3.1. Participants

A total of 123 gabapentin TDM concentrations from 108 patients were available.
Gabapentin TDM concentrations ranged from 0.6 to 56.2 pg/mL (7.97 £ 7.8, mean £ SD).
Out of 108 patients, 82 fit the inclusion and exclusion criteria, and their plasma concen-
trations were used to build the popPK model. The study population was predominantly
white, with an average age of 65.7 years and an average BMI of 30 (Table 1). Eighteen (22%)
patients had a BMI of greater than 30 and were thus considered obese. Twenty-six (31.7%)
patients had a diagnosis of type 2 diabetes. The cohort with diabetes had a higher BMI,
higher body weight, higher FPG, lower eGFR, and were older. A total of 18 (21.9%) patients
experienced AKI within 48 h of the sample collection. Single gabapentin dosages ranged
from 100 mg to 1200 mg (median, 300 mg).
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3.2. Population Pharmacokinetic Modeling

A one-compartment model with first-order absorption, no lag time, nonlinear bioavail-
ability, and linear elimination provided a good description of the data and, therefore, was
selected as the base structural model. Other potential absorption models were tested but
did not provide a significant improvement (Table S1). Moreover, most of the study popula-
tion received a dose equal to or less than 400 mg, during which dose-proportionality was
established [6]. Due to the lower number of concentrations in the dataset, especially in the
drug’s absorption phase, a simple first-order absorption model with a fixed absorption rate
constant (k,) value (0.778 h™1) was selected over other more complex absorption models.
The dose-dependent bioavailability model decreased by 10.98 in OFV when compared with
the dose-independent bioavailability model (496.44 versus 507.42), and it was selected as
the superior model (Table S1).

Because dose adjustment of gabapentin depends on the patient’s renal function, the
first step was to assess the effect of renal function on gabapentin clearance. CrCl, SCr, eGFR,
and the presence of AKI were tested separately as a covariate on Cl. SCr was selected as a
significant covariate on Cl (Table S2). Next, the effect of obesity or body weight on V4 was
assessed: WT, IBW, ABW, LBW, BMI, and obesity status were tested separately. None of
the covariates resulted in a statistically significant drop in OFV and, therefore, were not
included in the model. After that, a diagnosis of diabetes, FPG, and the combined covariate
of obesity and diabetes status were tested separately as covariates on k, and V. Similarly,
none of the covariates resulted in a statistically significant drop in OFV and, therefore, were
not included in the model. After adding SCr to the model, no additional covariates were
significantly (p < 0.01) correlated with random effects.

Population parameter estimates for V4 and Cl were 44.61 L and 5.73 L/h, respectively
(Table 2). SCr was included as a significant covariate on Cl. Goodness-of-fit plots showed
alignment between observed and predicted gabapentin concentrations (Figure 1A). Indi-
vidual conditional weighted residuals IWRESs) were normally distributed and centered
around zero (Figure 1B). Plots of IWRESs against time and concentration were evenly
centered around zero. Despite the decrease in the model’s predictability at low gabapentin
concentrations and early time points, the final popPK model demonstrated acceptable
adequacy (Figure 1B). As shown in Table 2, the bootstrap analysis resulting from 1000 repli-
cates of the final popPK model validates acceptable robustness and precision. Shrinkage
was <5% for all parameters. VPC also demonstrated that simulated data are consistent
with observed data (Figure 1C).
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Figure 1. (A) Observation versus prediction plots for population and individual predictions. The black
linear line is the y = x line. (B) Population and individual weighted residuals (PWRESs and IWRESs)
plotted against time from the first recorded gabapentin dose (upper panels) and predicted gabapentin
concentrations (bottom panels). (C) Visual predictive check (VPC) plot for the final model. Observed
data are represented by blue dots. The black lines represent the 5th, 50th, and 95th percentiles of the
predicted value. The blue areas represent the 95% confidence interval of the predicted percentile.
Time 0 was the time of the first recorded gabapentin dose for each individual subject.

4. Discussion

This study aimed to explore the utility of TDM concentrations in developing a non-
linear mixed-effect PK model and characterize covariates that affect the PK profile of
gabapentin, with a particular interest in diabetes and obesity. Our model suggested that
gabapentin PK was best described by a simple one-compartment model with first-order ab-
sorption with nonlinear bioavailability and first-order elimination, with SCr as a covariate
on ClL

The population estimate for V4 is approximately similar to the previously reported
value (45.4 L) [32]. The population estimate for Cl by this model is smaller than the pre-
viously reported values (6.31 L/h) [32]. The inclusion of SCr as a covariate on clearance
confirmed the importance of renal function in gabapentin elimination. Previous studies
included either CrCl or eGFR as a covariate on clearance in their final popPK models for
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gabapentin [16,18-20]. Gabapentin is predominately renally unchanged when excreted
(77%) with first-order elimination PK, and a dose reduction of greater than 50% is rec-
ommended for adult patients with a CrCl of less than 60 mL/min [1,5]. In addition, oral
clearance of gabapentin was reported to be linearly correlated with CrCl [5,16-18]. During
the model development, when SCr was compared with CrCl and eGFR as a covariate
on clearance, SCr resulted in a significant reduction in OFV. Plasma clearance and renal
clearance of gabapentin are directly proportional to the patient’s creatinine clearance due
to its primarily renal elimination [5,16,17].

In our model, the cohort with diabetes or hyperglycemia had no impact on the PK
of gabapentin, and this finding was consistent with previously published popPK models
for gabapentin in the adult population with type 2 diabetes [19]. Because patients with
type 2 diabetes tend to have a heavier body weight, our model also investigated different
body weight parameters as covariates. WT, LBW, ABW, and IBW were evaluated but not
included in the final model. This finding was consistent with previously published popPK
models for gabapentin in the adult population [16,19,20]. Ouellet et al. concluded that the
volume of distribution was related to body weight in their popPK model for gabapentin.
However, the study was performed in the pediatric population, with a distinct PK profile
from the adult population [18]. Overall, body weight seems to have a minimal effect on
gabapentin PK and therefore is not a significant factor for dosing consideration.

Due to gabapentin’s considerable interindividual variations in its PK and pharma-
codynamics, it has been suggested that TDM may be advantageous. The absence of
gabapentin therapeutic effect in certain patients might be due to inadequate drug plasma
concentration [8]. In contrast, the high plasma concentrations of gabapentin could result in
common adverse effects, such as dizziness and sleepiness, which can significantly impact
the well-being and compliance of patients [4,5]. Therefore, TDM could be beneficial in
achieving the desired effective drug concentrations and lowering the possibility of adverse
effects. The PopPK model developed in this study can describe the interpatient variability
of gabapentin by correlating Cl with SCr and the dose-dependent bioavailability. This
model can be applied to the prediction of the drug concentration for better individual
dose optimization.

Our findings characterized our study population well while confirming several con-
clusions drawn by previous studies. However, this study has some limitations. Firstly,
due to the study’s retrospective nature, consistencies and human errors can happen with
the sample collection and record documentation. Secondly, our sample size is relatively
small as gabapentin TDM concentrations are not routinely collected. We acknowledge
residual confounding factors may be present; however, as an observational study, data
were limited to what was accessible in the medical record. Further investigation with a
larger sample size may allow for a more comprehensive examination of the influence of
additional covariates.

The use of TDM concentrations to develop popPK models has been implemented
across various disease states and drug classes. This approach has several benefits, including
utilizing existing data, conserving resources, and reducing financial burdens. Additionally,
employing a real-world population can enhance the external validity of the model. Avail-
able concentration data can be used to create a new model or to refine existing published
models. In this study, we elected to create a new model due to the differences in the
populations used in previously published gabapentin popPK models. Our goal was to
focus on developing a model that is applicable to a broad population. While utilizing
available gabapentin concentrations from clinical care was a resource-efficient approach,
some limitations must be acknowledged in this approach. The development process relies
on the available data, which may not cover the entire dosing interval. This can hinder
our ability to accurately capture the absorption rate constant (Ka) or the elimination rate
constant (Ke). However, we can fix these variables if there are existing data that describes
them, as we have performed. Concerns regarding the use of existing data include limited
dose ranges, restricted indications, underrepresentation of different races and ethnicities,
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and general assumptions, such as the achievement of a steady-state concentration. Taylor
and colleagues have provided a concise review of important considerations for developing
a popPK model [33]. Despite these limitations, a valuable model can still be created if these
issues are addressed during its development and application.

In summary, this study characterized gabapentin PK and demonstrated the potential
of repurposing TDM concentrations to develop popPK models, thus addressing the paucity
of large-scale prospective PK studies in patients. Previously published gabapentin popPK
models in adult populations were based on data collected in prospective PK studies. Our
model based on TDM concentrations confirmed the major findings from these prospective
studies [16,19,20]. This study demonstrated that TDM concentrations could be utilized to
develop popPK models and investigate the unique PK alterations of gabapentin in patients.

5. Conclusions

Gabapentin TDM concentrations were used to develop a popPK model for gabapentin.
Gabapentin PK was described by a one-compartment model with first-order absorption
with nonlinear bioavailability and first-order elimination. The interindividual variability
of gabapentin PK was associated with SCr in our study population. Obesity and diabetes
were not significant covariates in the popPK model. The results of this study reinforce the
importance of considering renal function when dosing gabapentin.
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Abstract

Background/Objectives: Cyclosporine A (CsA) is a key immunosuppressant in post-
transplantation therapy protocol characterized by large interindividual and intraindividual
pharmacokinetic (PK) variability and a narrow therapeutic range necessitating therapeu-
tic drug monitoring (TDM) to prevent graft rejection and minimize side effects. TDM
data can be used for developing PK models with the objective of identification and quan-
tification of variability factors that contribute to the differences in CsA concentrations.
Methods: Retrospectively collected data from medical records of 58 patients (children and
young adults) regarding CsA blood concentrations, concomitant medications, and labo-
ratory findings of significance were used for the population PK model development in
NONMEM® (version 7.5) with first-order conditional estimation method with interaction
(FOCE-]). Simulation of the concentrations and area under the curve (AUC) was performed
in the web application e-campsis®. RStudio (version 4.5.0) was used for the purpose of
descriptive statistics analysis and graphs plotting. Results: A one-compartment model
with first-order absorption and elimination best described the data. Value of clearance
(CL/F) was estimated to be 15 L/h, and volume of distribution (V/F) was 71.1 L for a
typical patient weighing 40 kg. Interindividual variability (IIV) on CL/F and V/F was
34.91% and 43.05%, respectively. Interoccasional variability (IOV) was 12.25%. Body weight
(WT) was introduced allometrically on CL/F and V/F with the estimated exponent of
0.89 for CL/F and 1 (fixed) for V/F. According to the final model, CL/F decreases with
increasing haemoglobin (HGB) value. A difference of almost 22.5% in CL/F was observed
among patients” HGB values reported in the study. Conclusions: Our findings indicate that
HGB levels significantly influence CsA PK, particularly minimum concentration (Cpin),
highlighting the importance of regular HGB levels monitoring together with CsA levels.

Keywords: cyclosporine; population pharmacokinetics; haemoglobin; TDM; NONMEM

1. Introduction

Cyclosporine A (CsA) is an immunosuppressive drug that belongs to the class of
calcineurin inhibitors (CNIs) [1]. In combination with other immunosuppressive drugs,
CsA forms an essential part of post-transplant therapy protocol aimed at preventing graft
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rejection after solid organ transplantation. Although tacrolimus has largely replaced CsA
in solid organ transplantation due to lower rejection rates and better long-term outcomes,
CsA remains clinically relevant in patients who develop adverse effects such as post-
transplant diabetes mellitus and those at higher risk of BK polyomavirus infection [2,3].
It shows marked interindividual and intraindividual pharmacokinetic (PK) variability
and has a narrow therapeutic index [4-6]. The absorption and elimination of CsA are
highly variable: bioavailability may range from as low as 5% to nearly 90%, and terminal
elimination half-life varies from 6.3 to 20.4 h depending on patient-specific factors such
as comorbidities and age [7]. Such PK characteristics necessitate regular therapeutic drug
monitoring (TDM) to ensure optimal therapeutic exposure and prevent graft rejection [8].
Moreover, its pronounced PK variability and complex absorption mechanisms continue
to make CsA an important subject of PK research. Integrating TDM data with population
pharmacokinetic (PopPK) modelling can further enhance understanding of the covariates
influencing CsA disposition, enabling dose individualization to maximize efficacy and
minimize toxicity [9-11]. The side effects of CsA can be serious and include hypertension,
nephrotoxicity, an increased risk of malignancy, and neurotoxicity [12,13]. These concerns
are particularly pronounced in paediatric patients, whose physiological and biochemical
characteristics differ substantially from those of adults. Consequently, variability in PK and
pharmacodynamics may lead to a higher incidence of toxicity or therapeutic failure in this
vulnerable population, underscoring the need for targeted research [14].

Although numerous PopPK studies have been conducted in both adult and pae-
diatric populations, important knowledge gaps remain, particularly in paediatric
population [9,10,15,16]. Research in adults far outweighs that in children, largely due
to ethical and logistical challenges inherent to paediatric studies. Moreover, existing studies
often involve heterogeneous patient populations, including renal, hepatic, pulmonary,
cardiac, and hematopoietic stem cell transplant recipients, making cross-study comparisons
difficult due to differences in physiology, comorbidities, and immunosuppressive regimens.
The number of studies in paediatric population is still relatively small. TDM practices for
CsA also vary substantially among transplant centres. Some institutions measure trough
concentrations (Cp, in sample taken immediately before the morning dose), while other
centres focus on post-dose concentration (Cp, approximately 2 h after the morning dose),
with each applying different target ranges depending on the transplanted organ, biological
matrix (most commonly whole blood), and institutional protocols. These inconsistencies
reflect the lack of consensus in the literature. Furthermore, although numerous covariates
have been associated with CsA PK variability, their relative clinical significance remains
uncertain. Specific covariates such as genetic polymorphism and biomarkers related to red
blood cells other than haematocrit have not been consistently applied across the models,
which highlights a critical need for investigation into these less frequently tested variables.

Therefore, the aim of this study was to develop a PopPK model of CsA in paedi-
atric and young adult renal transplant recipients, with the goal of improving clinical
practice through individualized dosing strategies based on identified and quantified
covariate effects.

2. Materials and Methods
2.1. Patient Population and Study Design

The study was conducted in the University Children’s Hospital, which is currently the
only centre in the Republic of Serbia performing renal transplantation in children. The study
population included children and young adults who underwent kidney transplantation
either at the University Children’s Hospital or abroad, but whose post-transplant follow-
up was carried out at this institution. All patients who received CsA as part of their
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immunosuppressive regimen were included in the study, regardless of whether their
therapy was subsequently switched to tacrolimus. This was a retrospective study based
on data available from patients’ medical history. The collected data included CsA dosage
regimens, CsA blood concentrations, concomitant medications, and relevant laboratory
parameters in kidney transplant recipients. For some patients, pharmacogenetic data were
also available, including polymorphisms in CYP3A4, CYP3A5, ABCB1, and POR genes. The
local ethics committee gave permission for this retrospective study (Ethical Approval No.
16/223, obtained on 7 October 2025). All patients received the same immunosuppressive
regimen consisting of CsA, corticosteroid, and mycophenolate acid. CsA was initially
administered at a dose of 5 mg/kg/day divided into two or three daily doses. The
dose was adjusted to the following target whole-blood levels: Cy 150-200 ng/mL and
C; 1200-1400 ng/mL during the first post-transplant month; Cy 100-150 ng/mL and C,
800-1200 ng/mL during months two and three; and, thereafter, Cy 100-130 ng/mL and C,
800-1000 ng/mL depending on the patient’s clinical condition.

2.2. Sampling and Cyclosporin A Concentration Measurement

CsA concentrations were measured in whole-blood samples using chemiluminescent
microparticle immunoassays developed by Abbott (Abbott Park, IL, USA). The lower limit
of quantification of the assay is 30 ng/mL based on functional sensitivity, and the upper
limit of quantification is 1500 ng/mL, with imprecision estimated at less or equal to 15%
coefficient of variation (CV). Concentrations were measured in samples corresponding to
Cp and C;, collected after at least three consecutive days of unchanged dosing regimen
to ensure that steady-state was reached. The majority of the concentrations in the dataset
were obtained approximately one year post-transplantation. For one patient, concentra-
tion measurements were collected approximately two years post-transplantation due to
unavailable dosing history of CsA during the first-year post-transplant period.

2.3. Population Pharmacokinetic Modelling

PopPK analysis was performed using nonlinear mixed effects modelling with
NONMEM® software (version 7.5.0, ICON Development Solutions Inc., Dublin, Ireland)
with first-order conditional estimation method with interaction (FOCE-I). NONMEM out-
puts were handled in R (version 4.5.1, R Foundation for Statistical Computing, Vienna,
Austria) within RStudio (version 4.5.0, Posit Software, Boston, MA, USA) for graphical
diagnostics and model evaluation. A one-compartment and two-compartment model
with first-order elimination were tested. Model selection and comparison were based on
a decrease in the objective function value (AOFV), as well as on visual inspection good-
ness of fit (GOF) plots. Additive, exponential, and proportional models were tested to
explain interindividual variability (IIV). Residual unexplained variability was explored
using additive, proportional, and combined error models.

Initial model development attempted to estimate the absorption rate constant (Ka);
however, sparse sampling in the absorption phase did not support reliable estimation of
this parameter, leading to model instability and imprecise estimates. Consequently, Ka
was fixed during further modelling steps to ensure model identifiability and robustness
and allowed reliable estimation of clearance and covariate effects. A similar approach was
applied by Xue et al., who fixed Ka at 1.25 h~! [17]. A sensitivity analysis was performed
by varying Ka within a plausible range. Interoccasional variability (IOV) was implemented
on CL/F. Every pair of concentrations measured on the same day, or a single concentration
measured on a given day, was treated as a separate occasion. The correlation between
CL/F and V/F was also examined.
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Covariate model building was performed using the stepwise covariate modelling
(SCM) procedure. Continuous covariates that were tested included age (AGE), body
weight (WT), height (HT), albumin levels (ALB), cold and warm ischemia time (COLDIH,
WARMIH, respectively), haematocrit (HCT), haemoglobin (HGB), serum creatinine lev-
els (CREAT), and creatinine clearance (CLCR) calculated using the Schwartz formula
(Equation (1)):

(k-HT)
CREAT M)
where k is coefficient 0.413 according to the revised Schwartz formula, also known as the

CLCR =

bedside Schwartz formula [18]. Influence of categorical covariates was also examined:
gender (GEND), type of transplanted graft—live or cadaveric transplantation (TRANS),
and genetic polymorphism for CYP3A4, CYP3A5, ABCB1, and POR. The forward inclusion
process was set for the significance of p < 0.05, and the backward elimination process was
set to p < 0.01. Correlation between the continuous covariates was examined to assess the
plausibility of the results of the SCM procedure. Additionally, covariates were considered
clinically significant if the change in the parameter value was greater than 20% over the
range of the usual values of the covariates [19]. Additionally, the WT effect was carefully
considered. Since most of the population was paediatric, the allometric scaling model for
both CL/F and V/F was also tested during model development using the equations below
(Equations (2) and (3)):

WTi 0.75
V/E — Vpop. [ WTL ! 3
~ PP\ WTmedian

Additionally, the effect of WT on CL/F was tested using allometric scaling without
fixing the exponent at 0.75 and allowing its estimation to determine whether it improved
model fit, given that our population included both children and young adults. Model
validation was performed using techniques of internal validation, both graphical and nu-
merical. Graphical evaluation methods included GOF plots and variability- and prediction-
corrected visual predictive checks (VPC) based on 1000 simulated samples. Additionally, a
bootstrap analysis was performed using 1000 replicates.

2.4. Simulations

Using the web application e—campsis®, simulations of minimal (C,j,) and maximal
(Cmax) concentrations, as well as areas under the concentration-time curve (AUC) were
performed under four different scenarios utilising the developed CsA PopPK model. First,
a dataset consisting of 500 girls and 500 boys was simulated in RStudio® using WT dis-
tribution data from the Centers for Disease Control and Prevention growth chart for
twelve-year-old boys and girls, which corresponds to the median value of age in our popu-
lation [20]. This dataset was used to calculate means + standard deviation (SD) of WT for
such simulated datasets, so that WT distribution can be used in simulation in e-campsis®
for all four different scenarios. Each scenario included 100 patients, with different values
of the covariates from the final PopPK model and two occasions per patient considered.
Simulations were performed using 5 mg/kg dose, consistent with both our clinical practice
and recommended maintenance dose [21].
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3. Results
3.1. Patients” Characteristics

A total of 58 patients with kidney transplants were included in the study. Most of the
population were male patients (34, 58.62%). The patients” age at transplantation ranged
from 1 to 25 years, with a median of 12 years (mean 11.78 years). Most of the population
were children under the age of 18 (47, 81.03%), and 11 patients (18.97%) were classified
as young adults (18-25 years). A total of 30 patients had live donor transplantation, and
28 had an organ transplanted from a cadaver. Genetic polymorphism was available for
33 patients. Other demographic and clinical characteristics of patients are shown in Table 1.

Table 1. Descriptive statistics of patients’ characteristics (1 = 58).

Characteristics Mean SD Median Range IOR

HT (cm) 137.21 25.20 141 78-185 36.5
WT (kg) 39.95 19.53 39.65 9.8-103 26.12
CREAT (umol/L) 107.50 70.022 87 28-696 58.25
CLCR (mL/min/1.73 m?) 56.29 19.82 55.21 8.93-131.58  25.39
HGB (g/L) 118.33 14.99 120 73-164 20.25

HCT (%) 35.65 4.37 35.70 21.7-49.8 6.4

PROT (g/L) 61.29 7.026 63 30-77 11

ALB (g/L) 36.91 4.47 37 10-48 3
ALP (IU/L) 146.48 129.55 112 34-964 101.5

SD—standard deviation, IQR—interquartile range, HT—height, WT—body weight, CREAT—serum creatinine,
CLCR—creatinine clearance, HGB—haemoglobin, HCT—haematocrit, PROT—total protein, ALB—albumin,
ALP—alkaline phosphatase.

3.2. Cyclosporine Concentrations

A total of 974 steady-state concentrations were measured in whole-blood samples
taken from the patients: 471 Cy concentrations, 501 C, concentrations, one concentration
measured in a sample taken 4 h after the morning dose, and one concentration 6 h post
morning dose. Statistics regarding CsA concentrations are shown in Table 2.

Table 2. Descriptive statistics of cyclosporine (CsA) concentrations across post-transplant periods.

PDAY < 30 30 < PDAY <90 PDAY > 90
(n =132) (n = 229) (n =611)
Cp (ng/mL)
n 65 112 294
Mean (SD) 119.39 (77.54) 142.07 (68.17) 113.50 (47.42)
Range 9.00—462.00 37.20-506.60 33.50-470.00
Median 113 129.7 103.15
C (ng/mL)
n 67 117 317
Mean (SD) 897.18 (376.60) 915.79 (342.29) 716.69 (243.68)
Range 317.50-1850.40 111.40-2306.00 201.60-1414.00
Median 811.15 896 684

Cp—trough concentration, C,—concentration 2 h after dose, PDAY—post-transplant day, SD—standard devia-
tion.

Figure 1 shows the percentage of Cy and C; concentrations measured across post-
transplant periods 1, 2, and 3 (corresponding to the period of PDAY < 30, 30 < PDAY < 90,
and PDAY > 90, respectively) that are above and below the aforementioned target concen-
tration range. The most pronounced deviation from the target concentration range was
for both Cy and C; in the first post-transplant period, with over 75% concentrations being
below the desired range.
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Figure 1. Percentage of cyclosporine A (CsA) trough (Cp) and 2 h post-dose (Cy) concentrations
above (green) and below (red) the target concentration range across post-transplant periods. Period
1: post-transplant day (PDAY) < 30; Period 2: 30 < PDAY < 90; Period 3: PDAY > 90.

3.3. Population Pharmacokinetic Model

The one-compartment model with first-order absorption and elimination best de-
scribed the data. A base model was developed using the ADVAN2 TRANS2 subroutine
and CL/F and V/F were estimated, while Ka was fixed to the value of 1.15 1 /h, as it could
not be reliably estimated due to limited data in the absorption phase. A sensitivity analysis
was performed by varying Ka within a plausible range, demonstrating that changes in
Ka had minimal impact on the primary parameter estimates, confirming that the model
results are robust to the fixed Ka value. IIV was introduced using an exponential model for
both parameters. IOV was kept on CL/E. The maximum number of occasions per patient
was 33 over one year period. The correlation between CL/F and V/F was also accounted
for in the model. After completion of the SCM procedure, the model included a linear
WT effect on CL/F and V/F, and HGB, CREAT, and CLCR as covariates on CL/F. HCT,
although tested, was not included in either forward inclusion or backward elimination
steps. CYP3A4 genetic polymorphism was included after forward selection step, but was
not retained in the final model, and when tested manually, its effect lacked robustness, as
the 95% bootstrap confidence interval included zero, likely due to the limited sample size
(genotype data available for only 33 patients). Other polymorphisms were not selected
during the SCM procedure in either the forward or backward steps and were therefore not
tested manually. To further refine these results and assess their plausibility, a correlation
analysis of continuous covariates was performed. Results from the correlation analysis are
shown in Figure 2.

As CRCL and CREAT were found to be highly correlated, the final model was refined
by testing each covariate separately. First, a model was evaluated with CRCL and HGB on
CL/F, and WT on V/E WT on CL/F was excluded since WT is highly correlated with HT,
which is already incorporated in the calculation of CRCL. However, the relative standard
error (RSE) for the CRCL effect on CL/F was extremely high (572.7%).

Next, a model including CREAT and WT on CL/F, and WT on V/E was tested. In this
case, the RSE for the CREAT effect on CL/F was much smaller (58.8%) compared to the
RSE for the CRCL effect on CL/F, but still high. Nevertheless, although the effect of CREAT
on CL/F was statistically significant, the magnitude of its influence was not considered
clinically relevant since the change in the parameter value across the range of usual values
was less than 20%, and thus the covariate was not retained.
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Figure 2. Correlation between continuous covariates. Circle size represents the strength of the
correlation (larger circles indicate a stronger correlation) and colour indicates direction (blue for
positive, red for negative). Colour intensity reflects the strength of correlation (darker shades indicate
a stronger correlation).

The model was subsequently refined to include a linear effect of HGB on CL/F, and
WT on both CL/F and V/FE. Given that the study population was predominantly paediatric,
allometric scaling was evaluated: CL/F was tested with a fixed exponent of 0.75, as well
as with estimation of the exponent for CL/F (while the exponent for V/F was kept fixed
at 1). WT was centred to the rounded median value of 40 kg. The latter approach yielded
the most stable and robust model. This model was therefore selected as the final model.
Parameter estimates are summarized in Table 3.

Table 3. Parameter estimates and bootstrap median of the final population pharmacokinetic (PopPK)
model of cyclosporine (CsA).

Parameter (Units) Estimated Value (%RSE) Bootstrap Median (95% CI)
CL/F (L/h/40 kg) 15 (4.7) 14.92 (13.63-16.35)
V/F (L/40 kg) 71.1 (5.8) 70.76 (63.034-79.71)
Wp (%) 0.258 (4.3) 0.26 (0.23-0.28)
0_ALL 0.89 (5.7) 0.89 (0.78-0.98)
0_HGB —0.00279 (24) —0.0028 (—0.0041-—0.0016)
w (CL-V) 0.136 (27.3) 0.13 (0.068-0.20)
IVer (%) 34.91 (15.5) 33.83 (22.56-44.65)
IIVy (%) 43.05 (11.8) 41.83 (31.7-52.49)
IOV, (%) 12.25 (12.5) 12.14 (8.7-15.87)

CL/F—clearance, V/F—volume of distribution, Wp—proportional error, 0_ALL—estimated allometric co-
efficient for CL/F, 6_HGB—haemoglobin effect on CL/F, w (CL-V)—covariance between CL and V, IV,
IIVy—interindividual variability for CL and V, respectively, IOV cp—interoccasional variability on CL.

Below are shown Equations (4) and (5) from the final model for CL/F and V/F, where
WTi and HGBi are the individual WT and individual value of HGB, respectively.

-\ 0.89
CL/F =15 (T) -(1 —0.00279-(HGBi — 120)) 4)
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Model appropriateness was checked using basic GOF and variability and prediction
corrected VPC (Figures 3 and 4, respectively). As it can be seen, the graph of the dependent
variable, i.e., observed concentrations vs. population predicted concentrations, shows
reasonable distribution of points around the line of identity, while the graph of observed
concentrations vs. individual predicted concentrations shows symmetrically distributed
points around line of identity with an almost perfect match. The graph of conditional
weighted residual (CWRES) vs. population predictions shows that the majority of CWRES
lies between £2 units of the ordinate.
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Figure 3. Goodness of fit plots. Observation vs. population prediction and observation vs. individual
prediction graphs: dots represent individual data points, black line represents line of identity (y = x),
blue line represents regression line; CWRES vs. population prediction and CWRES vs. time: black
line represents line of identity (y = 0), blue line represents regression line.
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Figure 4. Prediction and variance corrected visual predictive check (VPC). Observed concentrations
are shown as circles. Solid and dashed red lines represent median, 5th and 95th percentile of the
observed data, with shaded 95% confidence intervals of the simulation-based prediction intervals for
median (red) and the 5th and 95th percentiles (purple).
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The VPC (Figure 4) demonstrated adequate agreement between observed and pre-
dicted concentrations, with only a few observations falling outside the prediction intervals.
Data points around 20,000 h (time since first dose) correspond to a single patient, for whom
PK data were available approximately two years after therapy initiation.

3.4. Simulation Results

The simulation was performed based on a WT distribution for a typical 12-year-old.
The mean value of WT calculated from the simulated dataset that consisted of 1000 12-year-
old patients, with 50% being boys, and 50% being girls, was calculated to be 43.03 kg and
SD of 9.89 kg. Four different scenarios were simulated: two groups where patients had a
low value of HGB (73, taken from the data range that we observed in our real dataset) on
occasions 1 and 2, and two groups with a normal value of HGB 120 (also median value
of our dataset) simulated on two occasions. Simulated AUC, Cax, and Ci, are shown
in Table 4. From the values in the table, the group with normal HGB had higher AUC,
Cmax, and Cpin on both occasions. Compared with target Cy and C; concentration ranges
(regardless of the post-transplant period), simulated concentration values are higher. The
higher simulated concentrations are likely due to dosing per kg being applied to a narrower
range of WT, whereas the original dataset used to develop the model included a much
wider WT range (9.8-103 kg).

Table 4. Simulated exposure metrics.

Low HGB OCC1 Normal HGB OCC1 Low HGB OCC2 Normal HGB OCC2

Metric n=1001 n=1001 n=1001 n=1001
AUC (ng-h/mL) 6343 (3784-12,189) 7857 (3666-13,174) 6687 (3891-14,707) 7210 (3908-15,118)
Conin (ng/mL) 215 (119-528) 331 (173-597) 201 (120-528) 318 (154-631)
Cimax (ng/mL) 1851 (1093-3545) 2265 (1019-3793) 1918 (1092-4255) 2035 (1121-4340)

1 Median (5% Centile-95% Centile). AUC—area under the concentration—time curve, Cpijn—minimal CsA
concentration, Cpax—maximum CsA concentration, HGB—haemoglobin, OCC—occasion number, n-—number of
patients per group.

4. Discussion

We developed a CsA one-compartment model with first-order absorption and elimi-
nation in this mixed population, with children (<18 years old) being a major part of the
studied population. CL/F and V/F were estimated for a typical patient with 40 kg at 15 L/h
and 71.1 L, respectively, while Ka was fixed to the value of 1.15 1/h. Among the tested
covariates, allometrically scaled WT on CL/F and V/E and HGB on CL/F are retained. To
our knowledge, this is the first population model to describe the influence of HGB on CsA
CL/F variability in paediatric patients.

Depending on how sparse or rich the concentration data was, different models were
used as a structural model for CsA in previous studies. Similar to our model, many
studies used a one-compartment model [17,22-28]. There are also studies that used a
two-compartment or even three-compartment model [4,29,30].

A study by Lukas et al. estimated CL/F to the value of 17 L/h with IIV of 27% in adult
renal transplant patients, which is very close to the value we estimated. The same study
estimated V/F to be 134 L, and that is larger than our estimated value of V/F [31]. Yin
et al. reported V/F being 4.5 L/kg, which is again higher than the value we reported [32].
Both studies had Ka fixed to higher values (4 1/h and 2 1/h, respectively) compared to
our estimate, which likely resulted in the larger estimated V/F values [31,32]. Previously
published parameter values reported by Parke et al. (Ka 1.251/h and V/F77.4 L), are close
to our fixed Ka value and V/F estimate, supporting their plausibility [33]. However, it is
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important to keep in mind that some differences in disposition parameters may be related
to the weight differences between children and adults.

Including maturation functions is a common practice in PopPK models, where the
population studied includes children [14]. Due to the limited number of very young
children (3 patients in total being under or equal to the age of 2), no maturation function
was applied in our study. This is physiologically plausible, as CsA metabolism reaches
near-adult levels at the age of 2, and most patients in this dataset were older than 2 years.
Allometric scaling of PK parameters is based on physiological principles: CL/F typically
scales with WT to the 0.75 power, reflecting the relationship between body size, organ blood
flow, and metabolic capacity, while V/F scales approximately linearly with WT, reflecting
tissue and body water mass [14,34]. The estimated allometric exponent for CL/F was
0.89, slightly higher than the usual 0.75, whereas CL/F increases somewhat more steeply
with larger body size. This finding is physiologically plausible and supports the use of
WT-based dosing in this population. A study by Kim et al. also included WT as a power
function, with the difference in WT being centred on 70 kg and the estimated exponent
being much smaller than ours (0.419) [35]. Fanta et al. also used allometrically scaled WT,
but with fixed exponents of 0.75 and 1 for CL/F and V/F, respectively [4].

A key novel finding of this study is the identification of HGB as a significant de-
terminant of CsA CL/F. To our knowledge, this is the first study that incorporates HGB
as a covariate in the PopPK model of CsA. HGB was included as a linear covariate on
CL/F. According to our model, the difference between the lowest and highest HGB levels
(range 73-164 g/L) corresponds to a difference of almost 22.5% change in CL/F, with CL/F
decreasing as HGB increases across the range. Simulation results showed that HGB had
a consistently large effect on Cpi, on both occasions, with patients with an HGB value
of 120 g/L having substantially higher Cp,;, compared with those with HGB of 73 g/L
(53.95% on occasion 1 and 43.89% on occasion 2). However, the impact of HGB on Cpax
and AUC was less pronounced, where patients with HGB 120 g/L again exhibited higher
exposure (22.37% and 23.87% increase, respectively, on occasion 1 and 6.10% and 7.82%,
respectively, on occasion 2), which is expected, since these parameters are less dependent
on CL/F compared to Cpyip.

This effect may be of particular clinical relevance in renal transplant patients, who
frequently present lower HGB levels compared with healthy children or adults [36]. Given
that even modest alterations in CsA exposure can markedly affect the risk of under- or
over-immunosuppression, HGB-related variability in CL/F and consequently in Cpin,
Cmax, and AUC warrants careful consideration. A possible explanation for this HGB effect
on CsA CL/F is that HGB may influence CsA disposition due to erythrocyte binding; a
lower HGB could reduce total CsA binding, effectively increasing CL/F. Many studies
showed that HCT, another biomarker related to the erythrocyte, can have an effect on CL/F
for the same reason related to the distribution of CsA [4,6,9,17,24,26,32]. Nevertheless, our
results suggest that HGB may serve as a more sensitive and clinically relevant biomarker
for capturing variability in CsA PK, particularly in paediatric and young adult renal
transplant recipients.

This study has several limitations. Firstly, the sample size is relatively small and did
not include the full paediatric age spectrum, particularly younger patients in whom hepatic
enzyme ontogeny plays a more prominent role. The median age of the study population
was 12 years, indicating that most patients were beyond early developmental matura-
tion. Therefore, the observed PK variability is more likely attributable to interindividual
differences in physiological and haematological parameters rather than ongoing enzyme
maturation. Data were collected retrospectively, which probably affected their accuracy
to some extent. Furthermore, data on genetic polymorphism were not available for all
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patients, which, combined with the small sample size, resulted in the model in which none
of the polymorphisms were included in explaining variability in CsA PK parameters. Such
downsides and challenges could be overcome with a prospective study that includes more
patients and more complete data.

5. Conclusions

The results of this research suggest that CsA PK can be influenced by HGB levels,
representing, to our knowledge, the first report of such a finding. As kidney transplant
patients are prone to anaemia, CsA therapy in this population should involve careful
monitoring of drug concentrations and HGB, which is routinely checked in these patients,
along with other biomarkers, making this convenient for everyday practice. As shown, large
changes may occur mainly in Cpin, while Cax and AUC changes are moderate compared
with Cpin. These variations can result in significant deviations from target concentration
ranges, which are crucial for effective and safe therapy in this vulnerable population.
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Abstract: Clopidogrel (CLO), a pro-drug for preventing thrombotic events, undergoes rapid absorp-
tion and extensive metabolism, with approximately 85-90% converted to an inactive carboxylic acid
metabolite (CLO-CA) and the remaining to an active thiol (CLO-TH). Few pharmacokinetic models
for the drug and its metabolites exist, with most focusing on CLO-TH. Although CLO-CA is inactive,
its predominant (compared to its parent drug and metabolites) presence in plasma underscores
the importance of characterizing its formation and pharmacokinetic profile. This study aimed to
characterize the process of the absorption of CLO and its conversion to CLO-CA via developing a
population pharmacokinetic model. Individual participants” data from two bioequivalence studies
were utilized. Extensive blood samples were collected at predetermined intervals, including 841 con-
centrations of CLO and 1149 of CLO-CA. A nonlinear, mixed-effects modelling approach using
NONMEM® software (v 7.5) was applied. A one-compartment model was chosen for CLO, while a
two-compartment proved optimal for CLO-CA. Absorption from the depot compartment was mod-
eled via two transit compartments, incorporating transit rate constants (Ky). A semi-physiological
model explained the first-pass effect of CLO, integrating a liver compartment. The estimated mean
transit times (MTT5) for the studies were 0.470 and 0.410 h, respectively. The relative bioavailability
for each study’s generic medicine compared to the reference were 1.08 and 0.960, respectively. Based
on the estimated parameters, the fractions metabolized to inactive metabolites (F;p;_st1 and Fjyps_st2)
were determined to be 87.27% and 86.87% for the two studies, respectively. The appropriateness of the
final model was confirmed. Our model offers a robust framework for elucidating the pharmacokinetic
profiles of CLO and CLO-CA.

Keywords: clopidogrel; absorption; transit model; FPE; metabolism; PopPK; NONMEM

1. Introduction

Clopidogrel (CLO) is a pro-drug that inhibits platelet aggregation and is indicated
for the prevention of atherothrombotic and thromboembolic events in clinical conditions
such as myocardial infarction, ischemic stroke, acute coronary syndrome, atrial fibrillation,
and peripheral vascular diseases. The absorption of CLO after oral administration is rapid,
with the maximum plasma concentration being reached after 45 min and at least 50% of
the administered dose being absorbed. Clopidogrel is extensively metabolized in the liver.
Most of the absorbed CLO (approximately 85% of an oral dose) is hydrolyzed by esterase
to the inactive metabolite clopidogrel carboxylic acid (CLO-CA). Approximately 10-15% of
orally absorbed CLO is oxidized in two steps by cytochrome P450 (CYP) isoenzymes to
its active metabolite clopidogrel thiol (CLO-TH) [1-4]. In the first oxidation step, which is
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catalyzed by CYP1A2, CYP2B6 and CYP2C19, an intermediate metabolite, 2-ox0-CLO, is
formed. In the second step, approximately 50% of the 2-oxo-CLO is further oxidized by
CYP2B6, CYP2C9, CYP2C19 and CYP3A4/AS5 to CLO-TH, which is responsible for the
pharmacological effect of the drug. CLO-CA is the major circulating metabolite, with much
higher plasma levels than both CLO and CLO-TH [1,2,5].

At the time of the development of the first CLO products, the pharmacokinetic pro-
file of CLO was based on the inactive metabolite CLO-CA, as bioanalytical methods
were not sensitive enough to quantify the concentrations of CLO or the active metabo-
lite CLO-TH [6-8]. The introduction of state-of-the-art sensitive analytical methods has
made it possible to reliably quantify CLO concentrations. Therefore, the current regulatory
guidelines recommend that in the development of generic medicines, the demonstration
of bioequivalence between generic and reference CLO medicines is based on the parent
pro-drug [6]. Consequently, bioequivalence studies based on CLO [9,10], CLO-CA con-
centrations [11] or both [12-16] are available in the literature. Bioequivalence studies are
designed to include frequent blood sampling, strictly standardized conditions and clearly
defined inclusion/exclusion criteria for subjects to allow for good control of all potential
sources of variability. A non-compartmental analysis is commonly acknowledged as the
gold standard for determining bioequivalence, notwithstanding its’ constraints and the
availability of compartmental and nonlinear, mixed-effects modeling approaches. The
pharmacokinetic data obtained in bioequivalence studies are rich, especially during the
absorption phase, and could therefore be used to characterize the absorption process in-
cluding the first-pass effect (FPE) of the drug in more detail. Moreover, if both parent drug
and metabolite concentrations are available, a joint pharmacokinetic model can be devel-
oped. For drugs that exhibit high inter-individual and intra-individual pharmacokinetic
variabilities, such as CLO, a nonlinear, mixed-effects modeling approach may be more
appropriate for delineating and quantifying the various levels of variability [17,18].

To the best of our knowledge, there are only a few published population pharmacoki-
netic models describing CLO and its metabolites [4,19-24], most of which focus on the
CLO-TH metabolite in combination with the parent drug [4,22-24] or alone [21]. Physio-
logically based pharmacokinetic models have also been developed [3,25-27]. Although
the metabolite CLO-CA is inactive, its predominant (compared to its parent drug and
metabolites) presence in plasma underscores the importance of characterizing its formation
and pharmacokinetic profile. To date, this inactive metabolite’s population pharmacoki-
netics models have been investigated in only a few publications, including a single joint-
population pharmacokinetic model with its parent drug [4,19,20]. Hence, the aim of this
study was to synthesize data from two bioequivalence studies in order to characterize the
process of the absorption of CLO and its conversion to CLO-CA through a joint population
semi-physiological pharmacokinetic model.

2. Materials and Methods
2.1. Subjects and Data

Individual participants” data from two bioequivalence studies of CLO formulations,
namely Study 1 and Study 2, were utilized. In each study, a single generic 75 mg film-
coated tablet of CLO was assessed against Plavix 75 mg film-coated tablets (Sanofi Winthrop
Industrie, Ambares, France), serving as the reference medicine. Both studies followed the
same 2-way cross-over design (2 treatments, 2 periods, and 2 sequences), with subjects
receiving a single CLO dose of 150 mg (2 tablets) under fasting conditions. The studies were
conducted at the Military Medical Academy, Belgrade, Republic of Serbia, in compliance
with the Declaration of Helsinki [28], the requirements of Good Clinical Practice [29], and
the regulatory guidelines for bioequivalence studies conduct [30]. Institutional review
board approval from the Military Medical Academy was obtained for the study protocols
and informed consent forms. Secondary use of the study data was authorized by the
study sponsor.
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The eligible subjects were healthy adult volunteers of Caucasian origin of both sexes,
with 24 in Study 1 and 26 in Study 2, all of whom had signed an informed consent form and
met the predefined inclusion and none of the exclusion criteria. These criteria controlled
for various factors that could have potentially influenced the results of the study, leading to
more reliable and interpretable results. Study 1 involved healthy subjects aged 21 to 53 years
whose body mass indexes (BMIs) ranged from 19 to 26 kg/m?, while Study 2 participants
were aged 19 to 42 years and had BMIs of 19 to 29 kg/m?. During each study, the subjects
each received the generic medicine once and the reference medicine once, according to the
randomization scheme. Extensive blood samples were taken at predefined time intervals.
In Study 1, sampling was conducted up to 48 h post-medicine administration, with 14 blood
samples collected per subject per period, resulting in a total of 672 samples. In Study 2,
sampling was performed up to 36 h after medicine administration, with 17 samples per
subject per period, yielding a total of 884 samples. Plasma was separated from blood, and
concentrations of CLO and CLO-CA were determined in both studies using a validated
HPLC-MS analytical method, with a lower limit of quantification (LLOQ) of 0.5 ng/mL
for CLO and 0.1 pg/mL for CLO-CA. Our dataset consisted of all demographic and
clinical assessment data, including biochemical parameters, randomization scheme, time
of dose administration and blood sampling, as well as reported concentrations of CLO
and CLO-CA.

2.2. Data Analysis

The dataset for this study encompassed various parameters, including the time of
dosing, individual values of the CLO and CLO-CA concentrations, time of blood collection
and each study’s details (sequence, period and formulation), as well as all demographic
(sex, age, body weight, height and BMI) and biochemical parameters (total bilirubin, serum
creatinine, aspartate transaminase (AST) and alanine transaminase (ALT)). A descriptive sta-
tistical analysis was employed to evaluate the demographic characteristics and biochemical
parameters of all 50 subjects from both studies. A population pharmacokinetic analysis was
conducted using a nonlinear mixed effects modelling approach with NONMEM® software
(v7.5, ICON development solutions Ellicott City, MD, USA) [17,31,32]. Descriptive statistics
and graphical presentations of the results were created using the appropriate packages in
R® (v4.1.3, R Foundation for Statistical Computing) [33] and RStudio® (v1.4.1717) [34].

A total of 841 non-zero concentrations of CLO and 1149 of CLO-CA were used in
the pharmacokinetic modelling. Data below the LLOQ (BLLOQ) were excluded from
the analysis. The process of pharmacokinetic model-building involved multiple steps,
concentrating on both the structural and statistical parts for both CLO and CLO-CA. The
absorption of CLO was evaluated using various models, starting from a simple first-order
model without and with a delayed absorption onset. Furthermore, considerations were
made for absorption via hard-coded (2, 3 or 4 compartments) and estimated numbers
of transit compartments [35]. Both one- and two-compartment models with first-order
elimination were explored for both CLO and CLO-CA.

Given that CLO demonstrates an extensive FPE, exceeding 90%, the conversion of CLO
to CLO-CA was examined using a model that incorporated a liver compartment. It was
presumed that all parent drugs would ultimately undergo metabolism in this compartment.
Integrated semi-physiological models of similar structure with FPEs have been previously
published [4,24,36,37]. The model employed a physiological liver volume of 1.5 L and a
liver plasma flow (Qy,) of 50 L/h [24]. To account for the differences in molecular weights
between CLO and CLO-CA (321.82 and 307.80, respectively), a scaling factor of 0.9565 was
applied to the formation rate of CLO-CA. The fractions of the dose metabolized to the
inactive CLO-CA (Fj,n), active metabolite CLO-TH (F,)) and remaining fraction of parent
drug (Fp) were assumed to follow a logit-normal distribution. Hence, they were study-
specific and coded as follows:

FR,

_ . 1
1+FR; + FRy’ M)

Fiam
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"M = 77 FR, + FR, and )
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~ 1+ FR, + FRy’

where FR; and FR; are model parameters supporting the calculation of the corresponding
fractions of the dose without any physiological meaning. Certain parameters needed to be
fixed to ensure the stability of the model. Hence, F,)s was fixed to the estimated value of
12%, which corresponded to the literature data [1-4]. Nevertheless, a sensitivity analysis
was performed by varying the values of F,p; at 10% and 15%. Fj;)s and Fp were calculated
from the estimated FR; in the model for each study. Initially, clearance of the parent drug
(CLp) was estimated at 89.5 L/h, and subsequently, it was fixed at the estimated value in
order to stabilize the model. Bioavailability for the reference medicine (F) was fixed at
100%, and the relative bioavailability for the generic medicines from each of the two studies
(Fgen_st1 and Fge,_st2) were estimated during modeling.

Inter-individual (IIV) random effects were described by a log-normal distribution
of the parameters while a study-specific proportional error model described the intra-
individual variability. Moreover, considering the cross-over design of bioequivalence
studies, inter-occasional variability (IOV) was incorporated in the absorption parameters.

Classical covariate model-building was not applied, as the inclusion/exclusion criteria
ensured a homogenous population of healthy subjects, and there were no differences in
the demographic characteristics and biochemical parameters among the studies. However,
the incorporation of body-weight via allometric scaling was applied to corresponding
clearance(s) using an allometric exponent of 0.75 and volume(s) of distribution with an
exponent of 1.

The adequacy of the model was determined based on several criteria, including suc-
cessful minimization, number of significant digits, gradients in the last iteration, values
and changes in objective function (OFV), Akaike information criterion (AIC), Bayesian
information criterion (BIC) and precision of parameter estimates. These factors collectively
assessed the reliability and accuracy of the model in capturing the observed data and its
ability to provide meaningful insights into the underlying pharmacokinetic behavior based
on the population semi-physiological model. Furthermore, a graphical evaluation em-
ploying goodness-of-fit plots was used to assess the agreement between the observed and
predicted values of the CLO and CLO-CA concentrations across the different time points.
These diagnostics provided insights into the model’s predictive performance [31,38,39].

The nonparametric sample importance resampling (SIR) technique, including
1000 replicates, was employed [40]. The parameters’ 95% confidence intervals (CI), ob-
tained through SIR-based simulations, were compared to the estimates derived from the
dataset. Additionally, the predicted performance of the final model was assessed using a
visual predictive check [41,42], involving 1000 simulations. By plotting the observed data
alongside the simulated data from the model, the VPCs allowed for a visual comparison of
how well the model predicted the central tendencies and variabilities in the observed data.

3. Results

The demographic characteristics and biochemical parameters of a total 50 subjects
from two bioequivalence studies are presented in Table 1. There were no statistically
significant differences observed in the subjects’ characteristics among the studies.

The final dataset for the pharmacokinetic analysis consisted of 841 non-zero concen-
trations of CLO and 1149 of CLO-CA. The BLLOQs for CLO and CLO-CA were excluded
from the analysis. A majority (87.48%) of the excluded BLLOQs were at/after 6 h for CLO,
and 78.50% of those were at/after 12 h for CLO-CA. The maximum plasma concentrations
were, on average, 7.2 ng/mL and 4.9 ug/mL for CLO and CLO-CA, respectively. Due
to issues with parameter unidentifiability when using the two-compartment model, we
opted to utilize a one-compartment model for CLO instead. Conversely, for CLO-CA,
the best fit was achieved with the two-compartment model. Absorption from the depot
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compartment was best described with a transit model including two transit compartments
with a transit rate constant (K;,). The mean transit time (MTT) was estimated for each study.
As previously described, a hepatic (liver) compartment was utilized to characterize the FPE
of CLO. A schematic illustration depicting the structural model for CLO and CLO-CA is
presented in Figure 1.

Table 1. Demographic characteristics and biochemical parameters of the subjects.

Characteristics (Units) Number (%)/Mean =+ Standard Deviation (Range)
Gend Male 29 (58.00)
ENAer Female 21 (42.00)
Age (year) 31.94 + 8.51 (19-54)
Body-weight (kg) 74.1 £+ 13.56 (47-100)
Height (cm) 177.26 + 9.06 (155-194)
Body mass index (kg/mZ) 23.40 £ 2.66 (19.10-29.30)
Bilirubin (umol/L) 9.1 +4.43 (3-25)
Serum creatinine (umol/L) 81.5 + 17.70 (53-114)
Alanine transaminase (ALT) (U/L) 26.2 + 9.85 (11-52)
Aspartate transaminase (AST) (U/L) 23.7 4+ 4.80 (16-35)
CLO
K Fe Q,/V,
EeDF;c:: ._)tr Transit 1 &) Transit 2 —)Ktr LIVER — CENTREL’ cto
Vi CLp /MV.p GP
Ne
?o“\. ar FIaM' Qh /Vh
CLO-TH CENTRAL, CLO-CA |_Qian /Veonf PERIPHERAL, CLO-CA
Vc,faM QF,DM e Vﬁ,ﬁaM

l CL iaM

Figure 1. A schematic illustration of the final joint population semi-physiological pharmacokinetic
model for clopidogrel (CLO) and its active (CLO-TH) and inactive (clopidogrel carboxylic acid
(CLO-CA)) metabolites. CL;,s, clearance of inactive metabolite; CLp, clearance of parent drug;
F, bioavailability; F,y, fraction metabolized to active metabolite; Fj;);, fraction metabolized to
inactive metabolite; Fp, remaining fraction of the parent drug; Ky, transit rate constant; Qy,, liver
plasma flow; Qj)1, intercompartmental clearance of inactive metabolite; V¢ ;;s, volume of central
compartment of inactive metabolite; V}, ;;51, volume of peripheral compartment of inactive metabolite;
V¢ p, volume of distribution of parent drug; Vj, volume of the hepatic (liver) compartment.

Ultimately, the IIV exponential model was incorporated in the volume of distribution
of the parent drug (V. p), the volume of the central compartment for the inactive metabolite
(Ve iam) and FR; and F for each study, separately. When added to the other parameters,
IIV resulted in imprecise estimates and over-parameterization of the model. Exponential
models ensure positive values for individual parameters, and consequently, they are the
most preferred model for IIV. The inclusion of IOV on the absorption parameters F and
MTT led to a statistically significant reduction in OFV by 284.202 and in AIC by 264.562.
AIC as well as BIC values serve as alternatives to OFV for assessing how well a model fits
its data while also factoring in its complexity. A lower AIC value suggests a better balance
between model fit and its complexity. BIC, on the other hand, leans towards simpler
models with fewer parameters while also considering the sample size for assessing model
complexity. Hence, statistically significant drops in OFV, AIC and BIC values of 440.102,
420.102 and 364.143, respectively, were observed starting from the base to the final model.
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A total of 24 (including 11 structural) model parameters were estimated (Table 2). The
estimated MTT values for the two studies were 0.470 and 0.410 h, respectively. The relative
bioavailability for each generic medicine compared to the reference medicine (Fge,_st1
and Fg,,_st2) were 1.08 and 0.960, respectively, and their 95% Cls included one. Based on
the estimated parameters, the fractions metabolized to inactive metabolites (Fj;)s_st1 and
Fiapm_st2) were determined to be 87.27% and 86.87% for the two studies, respectively. A
summary of the CLO and CLO-CA parameter estimates obtained from the final population
semi-physiological pharmacokinetic model is provided in Table 2. The relative standard
errors for the structural parameters ranged up to 14.9%.

Table 2. Final parameter estimates for the joint population pharmacokinetic model for clopidogrel

(CLO) and its inactive metabolite, clopidogrel carboxylic acid (CLO-CA).

Dataset Sampling Importance Resampling (SIR)

Parameters (Units)

Estimate 95% CI Median 2.5-97.5 Percentile
CLp (L/h/70 kg) 89.5 FIX - - -
Vep (L/70 kg) 218 188-248 217 189-243
MTT _st1 (h) 0.470 0.425-0.515 0.471 0.429-0.516
Foen_st1 1.08 0.993-1.17 1.08 0.995-1.16
FR;_st1 119 84.3-154 118 88.2-155
CLjgp (L/h/70 kg) 8.70 7.38-10.0 8.60 7.59-9.73
Ve iam (L/70 kg) 23.7 19.7-27.7 234 20.0-26.9
Qiam (L/h/70 kg) 10.8 8.02-13.6 10.8 8.94-13.0
Vy iam (L/70 kg) 61.3 50.3-72.3 60.9 52.4-70.2
Qp, (L/h) 50 FIX - - -
Vi, (L/70 kg) 1.5 FIX - - -
MTT_st2 (h) 0.410 0.381-0.439 0.411 0.385-0.438
Foen_st2 0.960 0.818-1.10 0.952 0.840-1.07
FR;_st2 76.8 64.8-88.8 76.0 66.3-85.9
{;‘atr‘i‘;gﬁi‘;’ ‘ggﬁ})(nw Inter-Occasional g oyate CV (%) RSE (%) Median CV (%)  2.5-97.5 Percentile
vV (V. p) 45.82 10.4 45.69 37.38-53.99
IV (Ve jant) 25.06 13.2 25.30 18.54-30.38
IV (F_st1) 42.66 13.8 42.40 29.99-51.26
IV (F_st2) 25.88 24.1 26.31 14.16-35.57
IOV (F_st1) 8.83 329 9.29 3.03-13.33
IOV (F_st2) 23.24 13.6 23.76 18.21-28.27
IOV (MTT _st1) 25.44 16.8 25.58 16.22-32.97
IOV (MTT _st2) 27.48 9.9 27.46 21.86-32.39
IV (FR;_st1) 72.80 10.5 73.59 57.52-89.97
IV (FR;_st2) 27.86 13.0 28.36 20.25-34.18
Residual Error Estimate (%) RSE (%) Median CV (%) 2.5-97.5 Percentile
Wp (st1) 41.95 34 41.98 39.37-44.50
Wp (st2) 29.39 5.7 29.51 27.57-31.62

CLiam, clearance of inactive metabolite; CLp, clearance of parent drug; CV, coefficient of variation; FR;_st1, and
FR;_st2, fraction parameter for inactive metabolite for study land study 2, respectively; IIV, inter-individual
variability for the corresponding parameter; IOV, inter-occasional variability for the corresponding parameter;
MTT_st1, mean transit time for study 1; MTT_st2, mean transit time for study 2; Qy,, liver plasma flow; Qi,
intercompartmental clearance of inactive metabolite; Fge;_st1 and Fg,_st2, relative bioavailability of generic
compared to reference medicine for study 1 and study 2, respectively; RSE, relative standard error; V j;)1, volume
of central compartment of inactive metabolite; V},, volume of hepatic compartment; V), j;)1, volume of peripheral
compartment of inactive metabolite; V. p, volume of distribution of parent drug; F_st1 and F_st2, bioavailability
in study 1 and 2, respectively; Wp, proportional residual error for the corresponding study.
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Diagnostic plots of the final model are presented in Figure 2. Data for the observed
and model predicted concentrations of CLO and CLO-CA are presented together; however,
the CLO concentration was measured in ng/mL while CLO-CA was measured in pug/mL.

CWRES
CWRES

Figure 2. Goodness-of-fit plots of the final model for clopidogrel (CLO), shown in the purple color,
and its inactive metabolite, clopidogrel carboxylic acid (CLO-CA), shown in the green color. Data
for CLO (ng/mL) and CLO-CA (ug/mL) are presented together. (A) The observed (DV) versus
population predicted values (PRED); (B) DV versus individual model predicted values (IPRED);
(C) conditional weighted residuals (CWRES) versus PRED; and (D) CWRES versus time after dose
(hour). The solid lines represent the lines of identity in (A,B) and the zero lines in (C,D). The dashed
lines represent the regression lines.

The appropriateness of the final population semi-physiological pharmacokinetic
model and parameter precision evaluation was confirmed by the SIR technique. The
typical parameter estimates, standard errors and 95% Cls using the original dataset were
similar to those obtained from 1000 successful replicate runs (Table 2). Moreover, model ap-
propriateness was visually confirmed via VPCs for both CLO and CLO-CA, which showed
good agreement between the measured and simulated concentration data (Figure 3).
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Figure 3. Visual predictive checks of the final joint population pharmacokinetic model for (A) clopi-
dogrel (CLO) and (B) its inactive metabolite, clopidogrel carboxylic acid (CLO-CA). The observed
concentrations are depicted by blue rectangles. The solid and dashed red lines represent the 50th, 5th
and 95th percentiles of the predictions, respectively. The semi-transparent red shaded area represents
the simulation-based 95% confidence interval (CI) for the median, while the semi-transparent purple
fields represent the 95% CI around the 5th and 95th percentiles of the predicted data.

4. Discussion

We developed a joint population semi-physiological pharmacokinetic model for CLO
and its inactive metabolite, CLO-CA, using nonlinear, mixed-effects modelling, leveraging
data from two bioequivalence studies. The frequent blood-sampling conducted during
these studies allowed for the comprehensive pharmaco-statistical characterization of CLO
absorption and FPE. Out of 1556 blood samples collected per the protocols, a total of 841
non-zero CLO concentrations (54.04%) and 1149 non-zero CLO-CA concentrations (73.84%)
were used in the analysis. Based on our analysis, the terminal half-life of CLO averaged 1.69
(1.46-1.92) hours. Consequently, on average, CLO was expected to completely eliminate
after approximately 10 h, indicating that the sampling duration may have been too long.
Indeed, a majority of the reported BLLOQs for CLO were at least 12 h after drug adminis-
tration. This was comparable with the study by Jung et al. [4], where BLLOQ data for CLO
were omitted, constituting 27% of the total, with blood-sampling times extending up to 24
h. Considering the sensitivity of the bioanalytical method used in Study 1 and Study 2, it is
unsurprising that numerous concentrations of CLO fell into the BLLOQ category. Analo-
gous considerations were applied to the BLLOQ data for CLO-CA, justifying the exclusion
of BLLOQ data from the analysis. In each of the studies, the administration of two tablets
(150 mg of CLO) was planned per the protocols as it would result in higher concentrations,
and the bioanalytical method might have been sensitive enough to accurately quantify
them. Therefore, our maximum concentrations and area under the concentration-time
curves for both the parent drug and the metabolite exceeded what was expected after 75
mg according to the Summary of Product Characteristics [1].

For a comprehensive understanding of the complete pharmacokinetic profile of CLO, it
is crucial to characterize not only its active metabolite CLO-TH, as documented in the litera-
ture [21-24], but also the inactive metabolite CLO-CA. CLO is rapidly metabolized, leading
to CLO-CA being present in plasma at approximately 2000 times higher concentrations
than the parent drug, as previously reported [1,6]. Moreover, studies have demonstrated
a linear correlation between CLO and CLO-CA concentrations [43], and CLO-CA con-
centrations have been previously employed to investigate CLO pharmacokinetics during
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bioequivalence studies [6]. Furthermore, studies have reported that assessing CLO-CA
plasma concentrations is clinically valuable for identifying poor compliance and variable
metabolisms in patients receiving CLO therapy. This suggests that plasma concentrations
of CLO-CA serve as reflections of the clinical efficacy of CLO [7]. Although there are
limited studies on CLO absorption and FPE to inactive metabolite [4,19,20], it remains
crucial to thoroughly describe this process. The models developed by Yousef et al. [19]
and Lee et al. [20] were solely based on the concentrations of the inactive metabolite CLO-
CA. Therefore, we conducted an in-depth analysis to enhance the understanding of CLO
pharmacokinetics, complementing the findings of Jung et al. [4], who developed a com-
prehensive joint model incorporating both the inactive and active metabolites. However,
unlike the authors who kept the fractions fixed at values obtained from the literature, we
estimated them.

Despite combining data from two studies and aiming to develop a unified model for
CLO, we opted to estimate certain parameters separately for each study (Table 2). This
approach was adopted as the data were derived from different study conditions, and as it
led to a decrease in OFV and AIC and/or BIC values and stabilized the model.

The final model we developed effectively captured the pharmacokinetic properties of
CLO and its metabolite CLO-CA, as evidenced by the numerical and graphical validation.
Our model incorporated a liver compartment (Figure 1), aligning with the well-documented
and extensive CLO pre-systemic hepatic metabolism of 85-90% of the absorbed CLO [1-4].
Complete metabolism of the parent drug was supported by the return of CLO to the liver
from the central compartment (Figure 1). Due to the availability of CLO and CLO-CA
concentrations from each study, our aim was to indirectly estimate the fractions, Fj;,
and Fp, per study, while fixing the fraction of CLO metabolized to CLO-TH at 12%. A
sensitivity analysis was performed, and the model was robust (the OFV changed by fewer
than two units) to the varying values of F;y; of 10% and 15%. The obtained values for
the fractions metabolized to CLO-CA were approximately 87% for both studies, aligning
closely with the literature values of at least 85-90% [1-4]. This estimation resulted in a
one-compartment model for CLO, as in Jiang et al. [24], in contrast to the two-compartment
models in [4,23]. This difference was likely attributable to fixing the parameters used
for the calculation of the metabolite fractions in Jung et al. [4], whereas we estimated
FR;_st1 and FR;_st2 directly. CLO exhibits fast absorption, with a time to the maximum
concentration of approximately 45 min [1]. Various absorption models have previously
been used to characterize the process, including first-order absorption with/without lag
time [4,19] and transit compartments [20,23,24]. Erlang-type absorption [44] with two
transit compartments improved the absorption phase of CLO compared with the lag model
(a statistically significant drop in the AIC of 5.416 units). This model provided a closer
description of the absorption that was in line with the physiological conditions. Based on
the estimated MTTs and two transit compartments, the transit rate constants (K;») equaled
6.38 h~! and 7.32 h~! for each study, respectively. Overall, the closest in structure to ours
was the model established by Jiang et al. [24], but they considered a parent and an active
metabolite of CLO, estimating fractions entirely physiologically using well-stirred models
for clearances.

The two-compartment model effectively described the CLO-CA concentration-time
profile, and the parameters’ values were in agreement with previously reported data [19,20].
All final model parameters were estimated with adequate precision (Table 2). The diagnostic
plots indicated good agreement between the population/individual predictions and the
observed concentrations of CLO and CLO-CA (Figure 2A,B). The conditional weighted
residuals (CWRES) were randomly scattered around zero across the population predictions
and time after dose (Figure 2C,D). The VPCs, and shown in Figure 3, indicated the good
predictive abilities of the model for both the parent drug and the inactive metabolite of CLO.
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The model we developed lays a solid groundwork for potential future enhancements
to create a more complex model. This could involve incorporating the formation of the
active metabolite CLO-TH, genetic variations, and perhaps other factors (such as concurrent
drug therapies that interact with CLO) gleaned from patient data.

Despite the strengths of our investigation, there are some limitations to consider. The
two bioequivalence studies were independent and involved different subjects, although
all were healthy adults with no significant differences in demographic characteristics and
biochemical parameters. Therefore, a typical stepwise covariate modeling approach was not
justified. This is why body-weight was allometrically included in the model. The impact of
varying CYP2C19 and/or carboxylesterase 1 (CES1) phenotypes on CLO pharmacokinetics
has been previously recognized [2,22,24,25,45-47]. However, polymorphism data were
not available in the studies we used. Nevertheless, even if we had access to CYP2C19
polymorphism data, it is less likely that the covariate would enhance the model, given that
CYP2C19 does not play a critical role in CLO-CA formation. On the contrary, as CES1 is
responsible for the formation of the inactive metabolite [24,47], the availability of CES1
phenotypes may have resulted in its inclusion in our final model.

5. Conclusions

In conclusion, we have developed a comprehensive joint semi-physiological pharma-
cokinetic model for CLO and its inactive metabolite, CLO-CA. This model incorporates
two transit compartments for absorption and accounts for FPE in a liver compartment.
Our model is based on bioequivalence data obtained from two studies, providing a robust
framework for understanding the pharmacokinetics of these compounds.
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Abstract: The present study aims to characterise the pharmacokinetics of rifampicin (RIF) in tubercu-
losis (TB) patients with and without HIV co-infection, considering the formation of 25-O-desacetyl-
rifampicin (desRIF). It is hypothesised that the metabolite formation, HIV co-infection and drug
formulation may further explain the interindividual variation in the exposure to RIF. Pharmacoki-
netic, clinical, and demographic data from TB patients with (TB-HIV+ group; n = 18) or without HIV
(TB-HIV — group; n = 15) who were receiving RIF as part of a four-drug fixed-dose combination (FDC)
regimen (RIF, isoniazid, pyrazinamide, and ethambutol) were analysed, along with the published
literature data on the relative bioavailability of different formulations. A population pharmacokinetic
model, including the formation of desRIF, was developed and compared to a model based solely on
the parent drug. HIV co-infection does not alter the plasma exposure to RIF and the desRIF formation
does not contribute to the observed variability in the RIF disposition. The relative bioavailability and
RIF plasma exposure were significantly lower than previously reported for the standard regimen with
FDC tablets. Furthermore, participants weighting less than 50 kg do not reach the same RIF plasma
exposure as compared to those weighting >50 kg. In conclusion, as no covariate was identified other
than body weight on CL/F and Vd/E, low systemic exposure to RIF is likely to be caused by the low
bioavailability of the formulation.

Keywords: pulmonary tuberculosis; human immunodeficiency virus; rifampicin; 25-O-desacetyl-
rifampicin; population pharmacokinetics; bioavailability

1. Introduction

Tuberculosis (TB) remains the world’s second leading cause of death from a single
infectious agent after COVID-19, and it causes almost twice as many deaths when compared
to HIV [1]. However, the immunodeficiency associated with HIV appears to contribute to
co-infection, which results in a significant proportion of HIV-positive subjects developing
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active TB. In addition, epidemiological data also show that treatment failure and poorer
outcomes are higher in HIV-positive subjects [2—4].

Even though such findings must be considered within a much broader context, lim-
ited attention has been paid to the variability in drug exposure in subjects who are being
treated with antiretrovirals and antitubercular drugs, which are known to have no or minor
metabolic interaction. Consequently, an important question to be addressed is the correla-
tion between TB treatment failure and pharmacokinetic variability in subjects with HIV/TB
co-infection. Rifampicin (RIF) is an essential component of the first-line anti-tuberculosis
drug therapy. Given the significant effect of body weight on RIF disposition, the World
Health Organization recommends the use of weight-banded dosing [5,6]. RIF is usually
administered daily as part of a four-drug fixed-dose combination (FDC) regimen for TB
treatment (RIF, isoniazid, pyrazinamide, and ethambutol). Whilst weight-banded dosing
facilitates interventions and an FDC reduces the pill burden, improving adherence to
treatment, high intra- and interindividual variability in RIF exposure is observed following
therapeutically recommended doses [7-12]. There are many reports on the interindividual
variability (IIV) of RIF pharmacokinetics, which attribute it to the formulation type [13],
age [14], sex [13,15], HIV co-infection [16], weight (or other body size descriptor) [14,17-20],
and comedications [17]. Despite adequate information on the summary of product char-
acteristics regarding the effect of such factors, interindividual variability in the systemic
exposure to RIF remains high [16-27], leading to a growing consensus that higher RIF
doses are required to ensure efficacy [8,10,12]. However, there is disagreement on whether
HIV co-infection, i.e., the potential effect of HIV-related inflammation and changes in the
immune response, affects the pharmacokinetics of RIF, and consequently, whether dose
adjustment should be considered for TB patients living with HIV [7,16,28].

According to the Biopharmaceutical Classification System, RIF is a class II drug
presenting low water solubility and high permeability [29]. Its variable bioavailability
is mainly related to the formulation dissolution and disintegration properties [15]. In
addition, considering that HIV affects mucosal surfaces with inflammation independently
of the viral load [30], it is conceivable that RIF’s absorption characteristics related to both
the rate and extent of the absorption may be affected in subjects with HIV/TB co-infection.

RIF is eliminated primarily by hepatic mechanisms, but 13-24% of unchanged drug
is eliminated renally [31,32]. RIF is metabolised via [3-esterase or other esterases in liver
microsomes [31,33] to 25-desacetylrifampicin (desRIF, a major contributor) and excreted
in bile. At therapeutic doses, RIF’s pharmacokinetics is nonlinear (1040 mg/kg daily),
probably due to the saturable active secretion into the bile. However, the transporter
involved in this process is unknown [20]. In addition, autoinduction of enzymes and/or
transporters leads to a significant decrease in RIF exposure over time. Previous studies
have shown that 90% of the maximum induction is reached after two weeks of RIF daily
treatment [34]. Thus, RIF pharmacokinetics shows concentration and time-dependent
elimination and dose-dependent bioavailability [20]. Moreover, possibly, RIF is a substrate
of the efflux transporter P-glycoprotein (P-gp), encoded by the ABCB1 gene [35], and of
the organic anion-transporting polypeptide 1B1 (OATP1B1), encoded by the SLCO1B1
gene [36,37].

Considering that desRIF shows between 50 and 100% of the antimicrobial activity of
RIF against Mycobacterium tuberculosis [34], it would be of interest to understand whether
differences in the metabolite formation contribute to the overall variability in the sys-
temic exposure to RIF, and consequently, whether different metabolic phenotypes may be
associated with poorer outcome in patients with HIV/TB co-infection.

Here, we attempt to quantify the effect of interindividual differences in the desRIF for-
mation and HIV-co-infection on the variability in exposure to RIF, taking into consideration
the potential contribution of formulation-related differences in the relative bioavailability.
A model-based approach is proposed, in which the parent drug and metabolite are evalu-
ated together and separately [34]. Previously, two population pharmacokinetic studies of
RIF were developed with the inclusion of desRIF, one in healthy Asian subjects following
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rifampicin (600 mg) daily treatment for 14 days [17] and another in patients co-infected with
TB and HIV [38]. However, these authors have not considered the potential confounding
factor of geographical ancestry and the analysis has been limited to Asian and African, or
Latin American, populations [13,39,40].

The present study aims to evaluate the pharmacokinetics of RIF in TB patients from
Southeast Brazil with and without HIV co-infection, considering the formation of the
metabolite desRIF. It is hypothesised that the metabolite formation, HIV co-infection and
drug formulation may further explain the interindividual variation in RIF plasma exposure.

2. Materials and Methods
2.1. Clinical Study

The study protocol was approved by the local Hospital Research Ethics Committee
(CEP/FCEFRP n°: 405, Process number: 032398/2016), and all the patients signed the in-
formed consent form. This investigation was conducted in accordance with the Declaration
of Helsinki and national and institutional standards.

HIV-negative and HIV-positive subjects who were diagnosed with TB (TB-HIV—
group, n = 15; TB-HIV+ group, n = 18) were enrolled after they had started the second
month of the standard of care therapy. The TB-HIV— and TB-HIV+ groups consisted of
4 female/11 male and 1 female/17 male subjects, respectively. Their age ranged between
18 to 60 years, whereas the body weight of the TB-HIV+ group (range: 38.5 to 65 kg)
was lower than the TB-HIV— group (range: 43 to 85.5 kg) (p < 0.05; t-test). None of the
participants were considered obese. Further details on the participants” demographic data
can be found elsewhere [41]. All the subjects were treated with FDC tablets containing
rifampicin (150 mg), isoniazid (75 mg), pyrazinamide (400 mg), and ethambutol (250 mg)
(Lupin LTD A-28/1, MIDC, Chikalthana, Aurangabad, India and imported by Fundacao
Osvaldo Cruz-Farmanguinhos, Rio de Janeiro, Brazil). The FDC tablets were administered
under fasting conditions based on weight bands: 2 tablets (20-35 kg), 3 tablets (36-50 kg),
or 4 tablets (>50 kg) according to the World Health Organization guidelines [5,6]. In
addition, the TB-HIV+ subjects were receiving lamivudine, tenofovir (or zidovudine), and
raltegravir (or efavirenz). Serial blood samples were collected over the 24 h dose interval at
times zero, 0.25,0.5,1,1.5,2,2.5,3,3.5,4,5,6,9,12, 15, 18, 21, and 24 h after antibiotics
administration. The plasma aliquots were stored at —80 °C until analysis and then analysed
by UPLC-MS/MS as previously described [41].

2.2. Population Pharmacokinetic Models

The population pharmacokinetics of RIF and desRIF was evaluated by nonlinear
mixed-effects modelling. To account for the effect of differences in the mass balance,
the concentration data of the parent drug and its metabolite were converted into molar
units. Evaluation of desRIF as a contributor to the interindividual differences in the
pharmacokinetics of RIF was implemented assuming that the parent-metabolite model (RIF-
desRIF) is a nested model, including the effect of body weight based on an allometrically
function with fixed exponents (0.75 for CL/F and 1 for Vd/F).

Fixed and random effects were included in a stepwise manner. Parameters were
estimated using the first-order conditional estimation with interaction method (FOCE-
I). One- and two-compartment structural models were considered with first-order or
saturable elimination, including autoinduction [18,19]. RIF absorption was modelled
considering zero- or first-order absorption, whilst the lag-time was parameterised using a
transit compartment [42,43]. Interindividual variability (IIV) was evaluated assuming a
log-normal distribution. The residual variability was described by a proportional model
with an additive error term [44,45]. As inclusion of covariates and stochastic parameters
describing interindividual variability did not fully explain the observed interindividual
variation in drug concentrations, random variables were used to characterise the random
deviations from the variance of ¢, which is assumed to be the same for all subjects. This
term allowed different individuals to have residual variability of varying magnitude.
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Further details on the model parameterisation are included in the control stream file
(Supplementary Materials).

The model-building criteria included the following: (i) successful minimisation and
covariance step, (ii) acceptable values of relative standard error (RSE) and shrinkage of
each estimate, (iii) number of significant digits, and (iv) acceptable gradients at the last
iteration [45,46]. The comparison between hierarchical models was based on graphic and
statistical methods that included (1) reduction of the objective function value (OFV) and AIC
(Akaike information criteria) [47], (2) goodness of fitting plot (GOF) [45,48] and (3) visual
predictive checks (VPCs) [45,48,49], posterior predictive checks (PPC) [50], normalised
predictive distribution errors (NPDE) [51] and mirror plots.

The influence of continuous (age and C reactive protein) and categorical (HIV co-
infection, antiretroviral treatment and SLCO1B1 genotype) covariates other than body
size on the pharmacokinetic parameters of RIF and desRIF was explored by the stepwise
forward inclusion (p = 0.05) backward elimination (p = 0.01) approach according to the
likelihood ratio, with that being that the difference of the -2 log-likelihood value (OFV)
between two models is approximately x? distributed with degrees of freedom equal to the
difference in the number of parameters between the hierarchical models [52,53]. Attention
was also paid to the correlation between the stochastic parameters describing the metabolite
formation rate and variability in individual RIF concentrations. Further details on the model
evaluation procedures are described in the Supplementary Materials.

The maximum plasma concentration (Cmax), AUCp4 (trapezoidal rule), and steady

state plasma concentration (Css = AUCo24 /4 osing interval ) were derived from the plasma

concentrations over time.

Finally, to assess the effect of formulation-related differences on systemic RIF exposure,
we compared the AUCy.4 and bioavailability obtained with the final model with those
reported previously in the literature [13-15,17]. This was performed by including the
parameter estimates of previous RIF models as priors, as implemented in the $PRIOR
NWPRI subroutine. The priors were non-informative, with the exception of RIF CL/F and
V /F values, which were kept as informative priors.

All the analyses were implemented in NONMEM v. 7.5.0 (ICON Development So-
lutions, Ellicott City, MD, USA) [46], using PsN v. 5.3.0 [54,55]. Data formatting and the
graphical and statistical summaries were performed using R v 4.2.2 [56]. A copy of the
control stream files and a summary of the model building process are presented in the
Supplementary Materials.

3. Results

Figure 1 presents the observed individual concentration vs. time profiles of RIF
and desRIF, as stratified by HIV co-infection. Of note was the finding that the ratio
between the area under the concentration vs. time (AUC) curves between desRIF and RIF
was comparable across the two groups and did not differ between individuals receiving
different doses (i.e., 450 vs. 600 mg RIF).

The RIF and desRIF pharmacokinetics were characterized by a one-compartment
model with first-order elimination. The RIF absorption was best described by the transit
compartment (Nn = 3) model (Figure 2 and Table 1). The effect of body weight on the
clearance and volume of distribution was implemented similarly to that outlined in previ-
ous reports, i.e., it was described by an allometric function with fixed exponents for both
moieties. None of the other demographic, clinical and genotypical factors included in the
covariate analysis were found to be significant.
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Rifampicin 25-0O-desacetyl-rifampicin

Plasma concentration (ng/mL)
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Figure 1. Observed rifampicin (RIF) and 25-O-desacetyl-rifampicin (desRIF) plasma concentra-
tion vs. time profiles in subjects with pulmonary tuberculosis with and without HIV co-infection
(n = 33). The solid black line describes the median profiles. The red and blue lines depict TB-HIV —
and TB-HIV+ subjects, respectively.

CLm/(F-Fm)
desRIF
Vvm/(F-Fm)
Oral ry
RIF
dose (CL/F) - Fm
Ktr | absorption | Ka RIF
Nn=3 | site - V/F
R—
MTT
CL/F- (1 — Fm)
v

Figure 2. Diagram describing the structural pharmacokinetic model for rifampicin (RIF) and its
metabolite 25-O-deacetyl-rifampicin (desRIF). CL/F and CLm/(F-Fm): apparent clearance of RIF
and desRIF, respectively; V/F and Vm/(F-Fm): apparent volume of distribution of RIF and desRIF,
respectively; Fm: fraction of CL/F converted into desRIF; Nn: number of transit compartments;
Ka: RIF absorption rate constant; Ktr: transit absorption rate constant describing the transit time for
the absorption of RIF in each compartment, MTT: mean transit time for the absorption of RIF, being:
Ka=Ktr=(Nn+1)/MTT.
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Table 1. Final pharmacokinetic parameters of rifampicin (RIF) and desacetyl-rifampicin (desRIF) in
subjects with pulmonary tuberculosis, with and without HIV co-infection.

Fixed Effects Random Effects
Parameters Typical Value (RSE%) CV% (RSE%)

CL/F (L/h) 35.2(10.1) 26.9 (10.6)
V/F (L) 108.0 (9.4)
MTT (h) 1.13 (9.0) 53.2(7.8)
F 46.9 (10.7)
Nn 3 (fix)
Fm - 38.8 (15.8)
CLm/(F-Fm) (L/h) 368 (9.8)
Vm/(F-Fm) (L) 226 (15.2) 63.3 (22.0)
Correlation CL/F-Fm 715 (2.2)
Residual variability (e)
RIF proportional 45.6 (8.5)
RIF additive (nmol/mL)? 1.85 x 1072 (38.6)
n ¥ 20.4 (37.7)
desRIF proportional 35.5(10.1)
desRIF additive (nmol/mL)? 321 x 107° (15.7)
m* 35.1 (28.5)

CV% = v/exp(w?) — 1-100 or = /exp (¢2) — 1-100. * 1 and 1, are random deviations of

individual i from the variance of €, which is assumed to be the same for all subjects. RSE: relative
standard error.

Model parameterisation:
Ka =Ktr = (Nn + 1)/MTT
Weight \ 075
CL/F = CL/Fripicat vatue: ( "85~ ) !
Weight
V/F = V/FTipical Value® (%) el
Weight 0.75 7
CLm/(F-Fm) = CLm/ (F-Fm)ipica1 value® (755.7 ) e
Weight
Vm/(F-Fm) = Vm/ (F-Fm) g5 Value'< 55 )-3’7
F=1-e"
Fm = 1-¢7

CL/F and CLm/F-Fm: apparent clearance of RIF and desRIF, respectively; Fm: fraction of RIF that is converted
into desRIF; Ka: RIF absorption rate constant; Ktr: RIF transit rate constant; MTT: mean transit time; Nn: number
of transit compartments; V/F and Vm/F-Fm: apparent volume of distribution of RIF and desRIF, respectively;
WT: weight; 1 and ¢ are random variables with mean 0 and variance w? and o2.

The population estimates of the apparent clearance and volume of distribution were,
respectively, 35.2 L/h and 108.0 L for RIF and 368 L/h and 226 L for desRIF (Table 1). All
the parameters have been estimated with good precision; however, there was no significant
reduction in the interindividual or residual variability, as indicated by the stochastic model
parameters describing the pharmacokinetics of RIF. Notably, the interindividual variability
in bioavailability was essential to accurately describe the individual concentration vs. time
profiles of RIF and desRIF.

The VPCs of RIF and desRIF are depicted in Figure 3. As can be seen from the data
scattering, the model adequately describes both moieties. Similarly, the model perfor-
mance was deemed appropriate based on different diagnostic criteria, including the GOF
(Figure S1). Posterior predictive checks (PPC) based on the AUCy 54 and Cpax showed
the accurate prediction of exposure to RIF and desRIF (Figure 52). The NPDE revealed
acceptable, normally distributed errors (Figure S3). In addition, the mirror plots suggest
that the variance—covariance structure was well characterised, as the simulated datasets
reproduced the dispersion pattern observed in the original data (Figure S4).
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Figure 3. Prediction-corrected visual predictive check (VPC) of rifampicin (upper panel) and 25-O-
desacetyl-rifampicin (lower panel). Dots: observed plasma concentrations. Lines: 2.5th, 50th and
97.5th percentiles of the observed concentrations vs. time profiles. Shaded areas: 2.5th, 50th and
97.5th percentiles of the simulated concentration vs. time profiles (n = 1000).

Given the identification of interindividual variability in the oral bioavailability and the
relatively low exposure as compared with previous studies, an assessment of the average
relative bioavailability revealed marked differences across studies (Tables 2 and S2-S5),
making it evident that the RIF concentrations achieved with the current formulation were
significantly lower than those reported elsewhere [13-15,17].

Figure 4 shows how the different metrics of exposure (AUCq 24, Cmax, and Css) vary
with body weight, and how our results compare to those of published studies including TB
patients with and without HIV co-infection.
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Table 2. Comparison of the area under plasma concentration vs. time curve from 0 to 24 h (AUC(_p4)

and the relative bioavailability of the rifampicin (RIF) formulation used in the current study and

estimates obtained in previous reports (n = 33).

Median AUC()_24

Priors Included Frel * (25th75th Percentiles) AUC_»4 Ratio
Schipani et al., 2016 [14] FDC 0.678 30.83 (10.94-75.77) 0.620
Seng et al., 2015 [17] FDC 0.292 51.26 (16.87-143.27) 1.031
Wilkins et al. 2008 [15] FDC 0.499 28.50 (9.91-72.22) 0.573
Milan-Segovia et al., 2013 [13] Formulation A FDC 0.497 23.28 (9.42-43.11) 0.468
Milan-Segovia et al., 2013 [13] Reference FDC 0.232 49.74 (20.14-92.12) 1
Current study, FDC tablets - 19.94 (7.15-25.36) 0.330

AUC(_24: Area under the plasma concentration vs. time curve from 0 to 24 h obtained from the simulated
plasma concentration using the models parameter estimates from the cited references as compared to the current
study; AUC(_p4 ratios: AUC(_p4 by each model/AUC 54 of the reference FDC by Mildn-Segovia et al., 2013 [13];
Frel *: relative bioavailability estimates for the generic formulation used in the current study using priors
from parameter estimates obtained previously in [13-15,17], which include a reference FDC tablet and different
generic formulations. FDC: fixed-dose combination. Mildn-Segovia et al., 2013 [13] reference FDC: Rifater,
Sanofi-Aventis, Mexico City, Mexico (rifampicin + isoniazid + ethambutol + pyrazinamide). Mildn-Segovia
et al., 2013 [13] formulation A FDC: rifampicin + isoniazid + ethambutol + pyrazinamide FDC (unknown
brand /manufacturer). Seng et al., 2015 [17]: RIF + Isoniazid FDC (unknown brand /manufacturer). Wilkins et al.
2008 [15]: RIF + isoniazid + ethambutol + pyrazinamide FDC (unknown brand /manufacturer). Current clinical
trial and Schipani et al., 2016 [14]: RIF + isoniazid + ethambutol + pyrazinamide FDC (Lupin Pharmaceutical Ltd.,
Chikalthana, Aurangabad, India).

200 2004
-
£ 150+ 150
£~
2
= 100 100
N
3 ]
g 504 50
S | ]
0 0
2035 36.49 50-69 70-80 80 < 2035 36.49 50-69 70-80 80 <
604 604
. 504 50
|
£ 40- 40 1
(@)]
Z 304 30 -
x
g 20 20
o
104 | ,_l_, ,_|_, | I 10+ | | |
0l B 5 T = B 0-
2035 3649 50.69 70-80 80 < 2035 3649 50-69 70-80 80 <
9.0+ 9.0
75+ 751
T 60+ 6.0-
S 451 4.5+ |
& 3.0 3.0
O | |
151 ! ! 154 |_|_| | I | |
0.0 == 0.0
2035 3649 50-69 70-80 80 < 2035 3649 50.69 70-80 80 <
Weight (Kg)

Figure 4. Simulated area under the plasma concentration vs. time curve 0-24 h (AUCy_54), maximum

plasma concentration achieved (Cmax) and average steady-state concentration (Css) of rifampicin stratified
by body weight (1000 replicates) using the final model (right, generic FDC formulation, Lupin LTD A-28/1,
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MIDC, Chikalthana, Aurangabad, India) and the one by Milan-Segovia et al., 2013 [13] (left, reference
FDC product, Rifater, Sanofi-Aventis, Mexico City, Mexico). FDC: fixed-dose combination. Blue
line: RIF AUC.p4 threshold (13 mg-h/mL) below, which a previous report suggests to be a poor
outcome [57]. FDC: fixed-dose combination. Simulations were performed using the final model and
reflect the study population (1 = 33). The weight bins were arbitrarily selected for description of
the covariate effect: 20-35 kg (n = 5; 2 FDC tablets), 36—49 kg (n = 6; 3 FDC tablets), 50-69 kg (1 = 9;
4 FDC tablets), 70-80 kg (n = 8; 4 FDC tablets), and >80 kg (1 = 5; 4 FDC tablets).

4. Discussion

Despite mounting evidence showing the implications of HIV/TB co-infection for
treatment outcomes, there has been limited attention paid to the role of interindividual
differences in exposure to anti-tubercular drugs in this group of patients. A previous
report by our research group [42] showed that HIV did not influence the pharmacokinetics
of RIF in TB patients. Here, we have used a model-based approach to characterise the
pharmacokinetics of RIF and its active metabolite, desRIF. First, it is important to high-
light that the use of a joint model including the metabolite formation and disposition
did not explain the observed interindividual variability in systemic exposure to RIF. In
addition, variable exposure cannot be assigned to variable adherence to treatment, as drug
administration was ensured through directly observed therapy (DOT). Fasting conditions
were also strictly maintained, considering that all the participants were hospitalised (in-
ward period), excluding variability due to potential drug—food interaction. Thanks to the
selected group of subjects with HIV/TB co-infection, it was possible to disentangle the
potential confounding due to antiretroviral therapy from the intrinsic effect of disease
(i.e., the underlying controlled viral infection, with viral load below 50 copies/mL). It is
noteworthy that the TB-HIV+ patients had no gastrointestinal disorders such as diarrhoea,
vomiting, opportunistic bowel infection, gastric hypoacidity, enteropathy, or comorbidities
that may predispose to malabsorption [7,28,41]. None of the antiretroviral drugs showed
the potential to impact systemic exposure to RIF.

The median AUC(_»4 desRIF/RIF ratio was approximately 0.1, a value that is very
close to previously reported data [58,59]. It is also worth mentioning that given the
differences in the pharmacological activity of the metabolite, the increased metabolite
formation in HIV /TB co-infected subjects could have clinically relevant implications. On
the other hand, it became evident that the relatively low concentration vs. plasma profiles
of desRIF do not contribute appreciably to explaining the interindividual variability in
RIF disposition. Even though these results may not be generalised to other metabolites,
such as rifampicin glucuronide and N-demethyl rifampicin, it is unlikely that differences in
metabolic clearance explicate the residual, random variability in the systemic exposure to
RIE.

By contrast, our study reveals that the observed variation in systemic exposure be-
tween subjects is unlikely to be caused by first-pass mechanisms. Rather, it may be associ-
ated with the dosage form, with significant interindividual differences in the extent of the
absorption. These differences do not seem to correlate with the baseline characteristics of
the patient population, including geographical ancestry.

Clinical studies in tuberculosis often use distinct RIF formulations from different
manufactures [17,18,60,61], either as a single tablet or as an FDC [13-15,19,39,62]. The
variation in exposure due to differences across formulations has not been evaluated, as to
date no meta-analysis has been performed to assess the impact of the variation between
generic formulations on systemic exposure. In addition, as bioequivalence studies are
performed in healthy subjects, the interaction with other covariates has been disregarded.
Unsurprisingly, disposition parameter estimates show large variation across studies and
population pharmacokinetic models, including those observed in the current study. As
shown in Table 1, the estimates of apparent clearance (CL/F = 35.2 L/h) and volume
of distribution (V/F = 108.0 L) are significantly higher than previously reported. The
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CL/F was found to vary between 4.0 and 23.9 L/h, whereas the V/F between 13.8 and
77.4 1. [13-15,20,34,41].

It is important to emphasise that a previous pharmacokinetic analysis by Schipani
et al., 2016 [14], whose subjects received the same FDC tablet brand as that used in our
study (Lupin Pharmaceutical Ltd., India), found relatively lower exposure and clearance
estimates (CL/F = 23.9 L/h) that were already beyond the upper range reported to date
(i.e., CL/F between 4.0 and 22.8 L/h) [34]. Interestingly, Mildn-Segovia et al., 2013 [13]
also reported that the bioavailability of RIF in Mexican subjects receiving a generic FDC
tablet was only 46.8% as compared to those receiving the reference (Rifater, Sanofi-Aventis,
Mexico). Previously, Mildn-Segovia et al., 2010 [63] had also shown that the AUCy_
test/reference ratio of a generic FDC tablet vs. the reference formulation (Rifater, Sanofi-
Aventis, Mexico) was as low as 22.08%. More recently, Medellin-Garibay et al., 2020 [39]
reported that a generic FDC formulation showed bioavailability below the range required
for bioequivalence (i.e., 0.85-1.25). This pattern seems to persist across different studies,
which suggests that FDC formulations have lower bioavailability than RIF single tablets. It
also implies that the formulation quality does not seem to be continuously monitored [15].

The issue of variable bioavailability represents a serious concern, as major efforts
are being undertaken to optimise dosing regimens and reduce treatment failure in more
vulnerable patients, such as those living with HIV. Yet, such an objective cannot be achieved
without quality control of the standard of care medicines that are used so widely [64].

The relative bioavailability estimates (Table 2) in the current study were 32.2%, 50.1%,
70.8%, 50.3%, and 76.8% lower than that those, respectively, reported by Schipani et al.,
2016 [14] (Malawian subjects taking the same FDC tablets brand as in this study; Table
S2), Wilkins et al., 2008 [15] (South African subjects taking FDC tablets; Table S3), Seng
et al., 2015 [17] (Asian (mainly Chinese; Table S1) subjects taking RIF + isoniazid FDC
tablets), and Milan-Segovia et al., 2013 [13] (Mexican subjects taking a generic and the
reference (Rifater, Sanofi-Aventis, Mexico) FDC tablets; Table S4). These differences in
bioavailability have direct implications for systemic exposure, including the AUCy_24, Cmax
and Css (Figure 4). For instance, median estimates of the AUC(_p4 (10.39 mg-h/mL) in
individuals with body weight <50 kg are likely to result in poor long-term outcomes,
according to Pasipanodya et al. [57], who showed that RIF exposure in patients following
retreatment weas <13 mg-h/mL.

From a clinical pharmacology perspective, it becomes clear that any attempt to opti-
mise regimens, so as to ensure achievement of the target exposure across the overall patient
population, irrespective of differences in body weight, is pointless if the formulation quality
is not warranted. For the sake of completeness, as shown in Figure 4, the effect of body
weight on systemic exposure following the currently recommended weight-banded dosing
regimen is minor compared to the discrepancies between formulations.

Whilst microbiological and clinical evidence points to the importance of administering
higher doses of RIF (e.g., 600 mg) to subjects who have low body weight [27], our study
undoubtedly shows that a bigger issue exists, namely the consistency in bioequivalence
claims supporting the commercialisation of essential medicines. In the worldwide fight
against the threat of TB, and given the vulnerability of subjects living with HIV, there
seems to be a gap in policy making, which offsets the advances clinical research has
achieved. Accessible, cheaper medicines are crucial in the fight against TB, but medicinal
products must comply with regulatory and quality standards. This requirement seems to
be overlooked when considering RIF.

5. Conclusions

HIV co-infection does not impact plasma exposure to RIF and the desRIF formation
does not contribute to the observed variability in RIF disposition. Surprisingly, our anal-
ysis allowed further investigation of the differences in the relative bioavailability, which
appeared to be variable across different studies and populations, highlighting a potential
quality issue for the most important component of the standard of care therapy for TB.
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These findings deserve further attention, as interindividual variability in exposure due to
what appears to be a formulation quality issue is clinically unacceptable.
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rifampicin (RIF) and 25-O-desacetyl-rifampicin (desRIF) by the final model. Observed concentra-
tions (ug/mL) over population and individual predictions (right). Conditional weighted residuals
(CWRESs) over population predictions and time (left). Red line: trend line, dashed lines in right
plots: identity, and 2- and 0.5-times identity. Dashed lines in left plots: —2, 0 and 2 CWRESs. Figure
S2: Posterior predictive check (PPC) of rifampicin pharmacokinetics model. Frequency histograms
show the predicted distribution of the simulated AUCy_p4 and Cmax values (n = 1000 simulations).
Red lines: 5th, 50th and 95th percentiles of the observed AUC(_p4 and Cmax. Blue lines: 5th, 50th and
95th percentiles of the individual predicted AUCy p4 and Cax. Figure S2 (continuation): Posterior
predictive check (PPC) of 25-O-desacetyl-rifampicin pharmacokinetics model. Frequency histograms
show the predicted distribution of the simulated AUCy 54 and Cmax values (1 = 1000 simulations).
The red lines depict the 5th, 50th and 95th percentiles of the observed AUCy 54 and Cpax; and blue
lines depict the 5th, 50th and 95th percentiles of the individual predicted AUCy 4 and Cmay. Figure
S3: Normalised predictive distribution errors (NPDE) of the model describing the pharmacokinetics
of rifampicin and 25-O-desacetly-rifampicin. NPDE vs. predicted concentrations (top left) and
time (top right). NPDE histogram (bottom left), NPDE normal quantile-quantile plot (bottom right).
Figure S4: Mirror plots of rifampicin with the final model. Individual observed concentrations
vs. population and individual predicted concentrations. Conditional weighed residuals (CWRESs)
vs. population predicted concentrations and time. Figure S4 (continuation): Mirror plots of 25-
O-desacetly-rifampicin with the final model. Individual observed concentrations vs. population
and individual predicted concentrations. Conditional weighed residuals (CWRESs) vs. population
predicted concentrations and time. Table S1: Pharmacokinetic parameters of rifampicin (RIF) and
25-O-desacetyl-rifampicin (desRIF) using the model from Seng et al., 2015 [17] as priors. Table S2:
Pharmacokinetic parameters of rifampicin (RIF) and 25-O-desacetyl-rifampicin (desRIF) using the
model from Schipani et al., 2016 [14] as priors. Table S3: Pharmacokinetic parameters of rifampicin
(RIF) and 25-O-desacetyl-rifampicin (desRIF) using the model from Wilkins et al., 2008 [15] as priors.
Table S4: Pharmacokinetic parameters of rifampicin (RIF) and 25-O-desacetyl-rifampicin (desRIF)
using the model from Mildn-Segovia et al., 2013 [13] as priors.
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Abstract: Background: GSK3 is an intracellular regulatory kinase that is dysregulated
in multiple tissues in Type 1 myotonic dystrophy (DM-1). Tideglusib inhibits GSK3[3
activity in preclinical models of DM-1 and promotes cellular maturation, normalising
aberrant molecular and behavioural phenotypes. It is currently in clinical development
for the treatment of paediatric and adult patients affected by congenital and juvenile-onset
DM-1. Here, we summarise the development of a population pharmacokinetic model
and subsequent characterisation of influential demographic and clinical factors on the
systemic exposure to tideglusib. The availability of a population PK model will allow
further evaluation of age-and weight-related changes in drug disposition, supporting the
dose rationale and implementation of a paediatric extrapolation plan. Methods: Given the
sparse pharmacokinetic sampling scheme in patients receiving tideglusib, model devel-
opment was implemented in two steps. First, data from Phase I studies in healthy elderly
subjects (i.e., 1832 plasma samples, n = 54) were used to describe the population phar-
macokinetics of tideglusib in adults. Then, pharmacokinetic model parameter estimates
obtained from healthy subjects were used as priors for the evaluation of the disposition
of tideglusib in adolescent and adult DM-1 patients (51 plasma samples, n = 16), taking
into account demographic and clinical baseline characteristics, as well as food intake. Sec-
ondary pharmacokinetic parameters (AUC, Cpax and Tmax) were derived and summarised
by descriptive statistics. Results: Tideglusib pharmacokinetics was described by a two-
compartment model with first-order elimination and dose-dependent bioavailability. There
were no significant differences in disposition parameters between healthy subjects and DM-
1 patients. Body weight was a significant covariate on clearance and volume of distribution.
Median AUCg_12) and Cax were 1218.1 vs. 3145.7 ng/mL-h and 513.5 vs. 1170.9 ng/mL,
following once daily doses of 400 and 1000 mg tideglusib, respectively. In addition, the
time of food intake post-dose or the type of meal appeared to affect the overall exposure to
tideglusib. No accumulation, metabolic inhibition, or induction was observed during the
treatment period. Conclusions: Even though clearance was constant over the dose range
between 400 and 1000 mg, a less than proportional increase in systemic exposure appears
to be caused by the dose-dependent bioavailability, which reflects the solubility properties
of tideglusib. Despite large interindividual variability in the tideglusib concentration vs.
time profiles, body weight was the only explanatory covariate for the observed differences.
This finding suggests that the use of weight-banded or weight-normalised doses should be
considered to ensure comparable exposure across the paediatric population, regardless of
age or body weight.
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1. Introduction

Myotonic dystrophy type 1 (DM-1) is an autosomal dominant, monogenetic disorder
caused by expansion repeats of a cytosine-thymine-guanine trinucleotide in the noncod-
ing region of the myotonic dystrophy protein kinase gene on chromosome 19q13.3 [1,2].
Although symptoms most commonly appear in early adulthood, DM-1 can also manifest
during childhood (juvenile DM-1) or, in its most severe form, at birth (congenital DM-1),
where reduced foetal movements and polyhydramnios can appear already during the pre-
natal period [3-5]. At birth the main features are severe generalised weakness, hypotonia,
and respiratory compromise. Surviving infants experience gradual improvement in motor
function during the first decade of life, however they may develop typical features of DM-1,
including weakness, myotonia, cataracts, and cardiac complications [6,7].

Tideglusib is a brain penetrant orally administered new chemical entity from the thiadi-
azolidindione chemical family. It acts as a selective adenosyl triphosphate non-competitive
inhibitor of glycogen synthase kinase 3 (GSK-3), an enzyme which has fundamental roles
for these protein kinases in memory, behaviour, and neuronal fate determination [8,9].
Dysregulation of signalling pathways involving GSK-3 has been associated with several
neurological and psychiatric disorders. These findings offered insights into potential
therapeutic interventions for DM-1 patients, in whom intellectual disability affects vari-
ous cognitive domains, including social cognition, memory, language, and visuospatial
functioning is also observed [10].

Tideglusib is currently in clinical development for the treatment of adult and paedi-
atric patients affected by congenital or juvenile DM-1. Recently, a Phase II study aimed at
the evaluation of the safety and efficacy of tideglusib in adolescent and adult patients (n =
16) has been completed [11]. Whilst this study provided insight into the potential clinical
benefits of tideglusib in the target patient population, relatively large variation has been
observed in the systemic exposure to tideglusib, which could be associated with its solubil-
ity profile, food effect, metabolic polymorphism or individual patient characteristics, such
as body weight. However, to date the determinants of intra- and interindividual variability
in pharmacokinetics have not been characterised. The aim of the current investigation
was therefore to assess the effect of potential covariate factors on the pharmacokinetics of
tideglusib using non-linear mixed effects modelling.

Given the limited pharmacokinetic data available from the Phase II study, which relied
on sparse blood sampling, a Bayesian meta-analytical approach was used to characterise
the pharmacokinetics of tideglusib. First, data from a Phase I study, in healthy elderly
subjects, in which a frequent blood sampling scheme was used, were analysed to ensure the
identification of the appropriate pharmacokinetic model structure and relevant parameter
distributions. Subsequently, parameter estimates and model structure were used as priors
for the assessment of the pharmacokinetics in the DM-1 patients along with an allometric
function, describing the effect of developmental growth, including age and body weight
on the disposition properties of tideglusib. This approach has been successfully used in
previous investigations in children [12-15]. It relies on similar concepts and assumptions
applied to historical borrowing, which involves leveraging information from control arms
in previous relevant clinical trials, which in turn may further enhance a clinical trial’s
efficiency [16,17]. The availability of a population pharmacokinetic model will provide the
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basis for the dose rationale for younger paediatric patients in future clinical studies. It will
also support the implementation of a paediatric extrapolation plan.

2. Materials and Methods
2.1. Study Population and Study Design

Phase I Study in Elderly Healthy Subjects:

NP031112-07A03 was a double blind, randomised, parallel-group, placebo-controlled,
multiple ascending dose study to assess the safety, tolerability, and pharmacokinetics of
tideglusib in elderly male and female healthy subjects. The study population consisted of
six treatment groups each containing twelve participants, with nine of them randomised
to receive tideglusib and three subjects to receive placebo (ratio 3:1). An overview of the
inclusion and exclusion criteria of the study is included in the Supplementary Materials.

In total, seventy-two subjects (60 years or older) were allocated into one of the fol-
lowing dose groups and administered 300 mg b.i.d., 400 mg b.i.d., 600 mg q.d., 800 mg
q.d., 1000 mg q.d. and 1200 mg q.d tideglusib. Repeat dosing of tideglusib or placebo over
14 days was preceded by single-dose administration followed by a wash-out period of
48 h. The investigational product was administered p.o. as a suspension in water of the
formulation FO6-037F. Blood samples for the evaluation of tideglusib pharmacokinetics
were taken on days 1 and 16 at pre-dose (two samples on day 1), at 20 and 40 min, 1,
15,2,25,3,4,6,8,12, 16, 24, 30, 36, and 48 h post-dose. Trough samples were collected
pre-dose at days 5, 7, 9, 11, 13, and 15. During dose escalation, progression to the next
treatment group was determined following a review of all safety, tolerability, and available
exposure data from the previous treatment group. This included assessments of increased
levels of ALAT, ASAT, GGT, or alkaline phosphatase exceeding 2.5 times the upper limit
of normal (ULN), total bilirubin increases greater than 1.5 times the ULN, or any other
safety, tolerability, or exposure concerns. All reported adverse events (AEs) were of mild to
moderate severity and transient. No severe AEs or deaths occurred during this study and
no SAEs were recorded.

Phase II Study in DM-1 Patients:

AMO-02-MD-2-001 was designed as a Phase II, single-blind, placebo-controlled, fixed-
dose study of the safety, pharmacokinetics and efficacy of oral treatment with tideglusib
(400 mg or 1000 mg q.d.), in which adolescent and adult patients, aged between 13
and 34 years, with congenital or juvenile onset DM-1 were dosed with tideglusib for
12 weeks [11]. An overview of the inclusion and exclusion criteria can be found in the
Supplementary Materials.

Subjects were assigned to either 400 mg or 1000 mg q.d. doses of tideglusib according
to a 1:1 ratio. In total, 16 subjects were enrolled in the study. All subjects were treated for
2 weeks with single-blind placebo before starting the single-blind active phase, during
which they received the assigned dose and dosing schedule for 12 weeks. Subjects in the
400 and 1000 mg cohorts were combined for the main efficacy analysis. Blood samples
for the evaluation of tideglusib pharmacokinetics were taken pre-dose, and between 2-
and 4 h post-dose at weeks 2 and 12 after the start of the active treatment. Throughout
the study, tideglusib was administered following overnight fasting and food intake was
restricted for at least one hour after each daily administration. Compliance with food
restriction was monitored through a daily diary. Dosing, blood sampling, and food intake
times were recorded for each patient. The primary objective of the study was to investigate
the safety and tolerability of tideglusib in this patient population. The secondary objectives
were to investigate the pharmacokinetics and efficacy of tideglusib, as assessed by the
improvement in clinical endpoints between baseline and end-of-treatment.

108



Pharmaceutics 2025, 17, 1065

2.2. Data and Demographic Characteristics

A total of 1832 plasma samples from 54 healthy elderly subjects enrolled in study
NP031112-07A03 were included in the pharmacokinetic analysis. The subjects were equally
distributed between the six dose groups (nine subjects for each active treatment group). The
age of the subjects ranged from 60 to 74 years [mean: 64.3, s.d. = 3.5 years], whereas body
weight ranged from 50.7 to 98.1 kg [mean: 74.5, s.d. = 9.9 kg]. Twenty-four subjects were
female while 30 were male (Table 1). The observed tideglusib plasma concentration versus
time profiles stratified by dose levels are shown in Figure S1 (Supplementary Materials).

From study AMO-02-MD-2-001, a total of 51 evaluable plasma samples from 16 ado-
lescent and adult DM-1 patients were available for the data analysis. Nine samples were
found to be below the lower limit of quantification (LLOQ), two of which showed no
peak. All these samples were pre-dose (i.e., trough) measurements. As shown in Figure S2
(Supplementary Materials), the observed tideglusib plasma concentration versus time pro-
files showed large interindividual variability, but with proportionally higher concentrations
in patients receiving the 1000 mg q.d. dosing regimen.

The age of patients included in the analysis ranged from 13.8 to 34.9 years [mean: 20.9,
s.d. =5.9 years], whereas body weight ranged from 36.8 to 122.6 kg [mean: 63.6, s.d. = 19.6].
Six of the 16 subjects were female (Table 1).

Table 1. Demographic baseline characteristics of the population included in the pharmacoki-
netic analysis.

Dose Do.sing Subjects Vg:i‘gii’lt Height Age
Group (mg) Regimen  (n/Female) (ks) (cm) (Years)
300 bid. 9/4 (62;%903.7) (15%280) (606—168)
% 400 bid. 9/5 (59.?38.1) (15%?88) (626—872)
g 600 q.d- 9/4 (662;8.9) (16136-9i%2) (606—471)
g 800 q.d. 9/5 (64.Z§§7.6) (15;?1382) (616—574)
8 1000 q.d- 9/2 (57.76%57.5) (1521)80) (606—365)
1200 q.d- 9/4 (50.?2—'972.7) (15;281) (606—470)
=
g § 400 q.d- 8/1 (36.68(}51.4) (15122579) (13.139—;12.6)
z g 1000 q.d. 8/5 (45.15f1€2.6) (14:86—05;8) (17.22(1';,54.9)

Values are summarised by median (minimum-maximum). Summary statistics, including means and standard
deviations, are presented in Table S1 (Supplementary Materials).

2.3. Bioanalytical Method

The bioanalysis of the human plasma samples was based on a high-performance
liquid chromatography with tandem mass spectrometry (HPLC-MS/MS). The method
was validated in a previous Phase I study (501091) and revalidated in Study 529871 in
terms of specificity, linearity and intra-assay accuracy and precision, using an UPLC®
(Waters) -MS/MS API4000 (AB SCIEX, Marlborough, MA, USA) system. The lower and
upper limits of quantification (LLOQ and ULOQ) in human plasma were set at 1 and
2000 ng/mL, respectively. Linearity was evaluated using nine concentrations (spiked
plasma samples from calibration standards) ranging between LLOQ and ULOQ. The
processing of the chromatograms, the calculation of correlation coefficients (r) and values
for the calibration curve slope and intercept were performed using the Analyst® Processing
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Manager (Analyst® Version 1.4.2, AB SCIEX, Marlborough, MA, USA). The linear regression
used a 1/x? weighting factor. The precision of the bioanalytical procedure was evaluated
calculating the intra-assay coefficient of variation, expressed as CV%.

2.4. Population Pharmacokinetic Modelling
2.4.1. Model Development Using Phase I Adult Data

Given the aims of the current investigation, an initial exploratory analysis included
data from three Phase I studies (CL031112-05A01, CL031112-06A02 and NP031112-07A03)
in which different formulations (Labrasol® /water, F05-052, and F06-037F) were used. These
data indicated that formulation differences had an important effect on the pharmacokinetics
and overall safety profile of the compound. Labrasol® formulation used in the first two
studies was found to be unsuitable for longer studies in animals. In addition, it was
also found to produce throat irritation in human volunteers. F05-052 was developed
as a powder intended to be orally administered following reconstitution in water. In
study NP031112-07A03 formulation F06-037F, an evolution of the F05-052 formulation,
demonstrated better dispersibility and organoleptic properties. This finding led to further
assessment of its pharmaceutical properties and subsequent development for future clinical
trials with tideglusib. Consequently, only data from study NP031112-07A03 were used for
the development of a population pharmacokinetic model for tideglusib.

Pharmacokinetic modelling was implemented using a non-linear mixed effects ap-
proach. First, a base model was built testing different compartments to describe the
observed disposition characteristics. Then, the appropriate stochastic components describ-
ing the inter-individual variability were identified and added to the base model. Inter-
individual variability in pharmacokinetic parameters was assumed to be log-normally
distributed. The residual error was characterised using a proportional error model.

Given the anticipated use of the model as a prior for parameter estimation in subse-
quent studies including sparse blood sampling in paediatric and/or adult subjects, model
development was based on allometric principles, assuming body weight as a significant
covariate factor on the pharmacokinetics of tideglusib. This effect was parameterised
using a reference body weight of 70 kg and fixed allometric exponents on clearance (0.75)
and volumes (1). Even so, a covariate analysis was implemented to explore measurable
sources of variability in the pharmacokinetics of tideglusib. In addition to body weight,
several factors were considered (e.g., age, BMI, dose, and food intake, i.e., fasting or fed
state). In situations in which collinearity exists between covariates, such as age and weight,
the choice of covariates to be selected was guided by a careful review of the factors that
are most likely to be the primary cause of interindividual differences in pharmacokinetic
parameters. A standard forward inclusion backward deletion procedure was used to select
the covariates [18]. Statistically significant covariates as well as those considered clinically
relevant were added to the base model, with one covariate into one parameter at a time.

Briefly, a comparison between hierarchical models was based on the difference in
—2 log likelihood, which is assumed to be approximately x?-distributed, with degrees of
freedom equal to the difference in the number of parameters between two tested models.
A reduction in the OFV > 3.84, x> < 0.05 for 1 degree of freedom (df) using the FOCE-I
estimation method was considered statistically significant. The significance test as well
as the inclusion steps were repeated until all significant covariates were evaluated, and
the final model was defined. During the final modelling steps, only the covariates which
resulted in an OFV reduction of >7.88 (p < 0.005) were kept in the model. After the full
model was identified, the significance of each covariate was tested individually by removal
one at a time from the full model (backward deletion). A covariate was retained in the
model if, upon removal, the OFV increased by more than 6.64 points (x% <0.011 df) [18].
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2.4.2. Parameter Estimation in DM-1 Patients

The use of a rich sampling scheme in study NP031112-07A03 has allowed the identifi-
cation of the model structure along with relevant parameter distributions describing the
inter-and intraindividual variability in pharmacokinetic parameters (Figure 1). These esti-
mates were subsequently used as prior information for the characterisation of the systemic
exposure in DM-1 patients. The analysis was performed according to the $PRIOR NWPRI
subroutines in NONMEM. When using NWPRI, fixed-effect parameters are assumed to be
normally distributed, whereas the random effects (w? and ¢?) are assumed to be described
by an inverse Wishart distribution [19,20].

Inter-compartmental

! ) Clearance
: o Absorption Central > Peripheral
I P Compartment  [¢ Compartment
I\ ___________ v J \.
Clearance

Figure 1. Schematic representation of the pharmacokinetic model structure of tideglusib in elderly
healthy subjects. Tideglusib pharmacokinetics was described by a two-compartment model with
first-order elimination and dose-dependent bioavailability. The full model included additional terms
describing the effect of body weight as a covariate on clearance (CL), intercompartmental clearance
(Q), and volumes of distribution (V2 and V3), as well as a dose-dependent effect on the absorption
rate constant (KA) and bioavailability (F1).

Both informative and non-informative priors have been tested. Informative prior dis-
tributions for fixed-effect parameters were implemented using the full variance-covariance
matrix from the pharmacokinetic model in healthy elderly subjects. For informative priors
on random effects, the degree of freedom was calculated with the formula:

df = 2-[w?/(SE of w?)]*> + 1 (1)
Empirical Bayesian post hoc estimates were then derived for DM-1 patients.

2.4.3. Model Evaluation

Model performance was assessed by numerical, graphical, and statistical procedures,
including standard goodness-of-fit plots, visual predictive check (VPC), bootstrapping,
normalised prediction discrepancy error (NPDE) and mirror plots. In detail, goodness-
of-fit was assessed by graphical methods, including population and individual predicted
vs. observed concentrations, conditional weighted residuals vs. observed concentration
or time, correlation between parameters. Further evaluation of the variance-covariance
structure and overall random effects in the model was based on NPDE diagnostics [21].

VPCs were used to evaluate the adequacy of the final model parameter estimates,
including the effects of statistically significant covariates [22]. One thousand replicates of
the original data set were simulated, and the 90% prediction interval was computed. The
observed concentration versus time data were plotted along with the prediction intervals
to visually assess the concordance between predicted and observed data.

Bootstrapping was performed to assess bias, model stability, generate standard errors
and confidence intervals for the parameter estimates [23]. For bootstrapping, 1000 new
data sets were generated by sampling individuals with replacement from the original data
set and then fitting the model to each new data set [24].

Subsequently, to generate mirror plots, the parameter estimates of the final model were
used to simulate plasma concentrations in patients with similar demographic characteristics,
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dosing regimens, and sampling schemes as those in the original clinical study. Mirror plots
of individual predicted versus observed concentration were created to evaluate the variance-
covariance structure, which can be assessed by the degree of similarity between the original
fit and the pattern obtained from the simulated datasets.

The same model validation procedures have been applied for the analysis of the
pharmacokinetic data in healthy adult elderly subjects and DM-1 patients.

2.5. Secondary Pharmacokinetic Parameters

The final parameter estimates were used to simulate individual concentration vs.
time profiles based on 6 min sampling intervals. Secondary metrics of exposure were
then derived by non-compartmental methods, namely: peak concentration (Cpmax), trough
concentration (Cpn), area under the concentration vs. time curve (AUCg_p4) or AUC(o_12)),
time at which peak concentration occurs (Tmax), elimination half-life (T; /) and average
steady-state concentration (Csg).

2.6. Exploratory Analysis of the Effect of Food Intake on the Systemic Exposure in DM-1 Patients

Throughout the Phase II clinical study (AMO-02-MD-2-001), tideglusib was adminis-
tered to DM-1 patients following overnight fasting. Food intake was then restricted for at
least one hour after each administration. Food intake times as well as type of meal were
recorded, according to the following categories: light, standard or other.

In total, 30 evaluable records, collected from two different visits were used for the
purpose of this analysis. Thus, to explore the effect of food on the extent and rate of
absorption of tideglusib, AUC g_15), AUC(g_24), and Cmax values on visit 4 and visit 9 were
compared by stratifying the results by meal type. Results were summarised by median
and range.

2.7. Effect of Body Weight on the Pharmacokinetics of Tideglusib and Dose Rationale for the
Paediatric Population

Simulation scenarios were implemented to explore the implications of age/weight-
related changes in the systemic exposure to tideglusib. As there is limited information
in vivo on the metabolism of tideglusib, scaling of disposition parameters was based on
allometric principles, with total body weight as the primary determinant of changes
in pharmacokinetics.

Given the importance of minimising dispensing errors and ensuring a child-friendly
dosing regimen, fixed dose weight-banded regimens were prioritised during this evaluation.
Scenarios consisted of a virtual population of 71 patients per weight band, and dose level,
considering a uniform distribution of weight ranging from 5 to 75 kg. For each dose group,
1000 iterations have been performed. Simulated steady state profiles were generated using
a rich sampling scheme (every 0.1 h) with fixed dosing intervals (once daily, every 24 h).

The adequacy of the proposed dosages has been evaluated by comparing the pre-
dicted exposure measures, AUC(_p4 and Cpax, with the corresponding reference values
in adult subjects with a body weight between 70 and 75 kg receiving 1000 mg dose of
tideglusib under fasting conditions. Reference values [median (90% prediction interval)]
were 2560.8 (1282.5-5286.7) ng/mL-h and 929.6 (446.4-1834.4) ng/mL for AUC(_»4 and
Crax, respectively. In addition to summary statistics, the proportion of subjects exceeding
the 95th percentile of the exposure range in adults was also calculated. Even though a mat-
uration function cannot be defined in absence of further data, the proposed dosing regimen
does take into account the implications of interindividual variability and time-dependent
changes in metabolic clearance (i.e., CYP3A4 metabolism, as initially suggested by in vitro
data). It also considers dose-dependent solubility and its effect on the bioavailability
of tideglusib.
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2.8. Software

Clinical and demographic baseline data as well as dose and drug concentrations
were imported into R (version 4.4.0, R Core Team, 2021) [25] for exploratory analysis and
formatted for subsequent modelling and simulation in NONMEM version 7.5.1 (ICON
Development Solutions, Baltimore, MD, USA). The analysis was conducted in combina-
tion with PsN 5.3.1. All required data manipulation, including graphical and statistical
summaries were performed in R.

3. Results
3.1. Tideglusib Pharmacokinetics in Elderly Healthy Subjects and DM-1 Patients

Tideglusib pharmacokinetics in elderly healthy subjects was adequately described
by a 2-compartment model. Despite linear pharmacokinetics, the concentration vs. time
profiles of tideglusib were found to be dose-dependent, with systemic exposure probably
being affected by the limited solubility of the compound. This phenomenon was described
by the different estimates for the first-order absorption rate constant (KA) and relative
bioavailability (F1). Weight was the only covariate to have a significant effect on CL, V2,
V3 and Q. In addition, interindividual variability (IIV) was estimated for CL, V2, V3, Q
and KA. Residual variability was parameterised using a proportional error model (Table 2),
but a separate parameter was required for doses lower and higher than 400 mg. All
parameters were well estimated without significant correlations between them. Fixed-effect
parameters were estimated with good precision (%RSE < 27.4%) as were the inter-individual
variabilities (%RSE < 41.1%). The VPC (Figure 2) showed that the observed tideglusib
concentrations fall within the 90% confidence interval of the simulated values for oral
dosing. The non-parametric bootstrap estimates of the model parameters indicated model
stability, with acceptable confidence intervals for all parameter estimates.

The diagnostic plots did not reveal any bias or significant deviation between predicted
and observed data. This was corroborated by the NPDE plots, which displayed normally
distributed prediction errors and did not show any specific bias in model predictions
(Supplementary Materials, Figures S3-S5). The final model was therefore deemed to have
acceptable predictive performance to be used as priors in conjunction with sparse blood
sampling (Table 2).

In fact, tideglusib exposure in adolescent and adult patients with congenital and
juvenile-onset DM-1 was adequately described by the model. Similarly to the differences
observed in healthy subjects, dose (strength) was found to have a statistically significant
effect on residual variability in the patient population, with different parameter estimates
for doses higher than 400 mg. Weight was the only covariate to have a significant effect
on the disposition of tideglusib. All parameters were well estimated with good precision
(%RSE < 23%) as were the IIV (%RSE < 32%). A VPC (Figure 3) shows that the observed
tideglusib concentrations fall within the 90% prediction interval. The predictive accuracy
and the stability of the final model is corroborated by NDPE and mirror plots. Finally,
diagnostic plots indicate that the model adequately describes the data and produces
unbiased population and individual predictions (Supplementary Materials, Figures S6—
S11). Therefore, the final model was deemed to have acceptable predictive performance for
simulation purposes.
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Figure 2. Visual predictive checks describing the performance of the final model of tideglusib
in elderly healthy subjects (n = 54), stratified by dose level. The solid circles are the observed
concentrations; solid black lines represent the median of the simulated data. The shaded areas depict

the 90% prediction intervals for the simulated profiles.

3.2. Secondary PK Parameters

Using the final population model, predicted plasma concentration vs. time profiles

were derived using a serial sampling scheme. Median estimates for adolescent and adult

DM-1 patients receiving doses of 400 mg and 1000 mg were, respectively, 1218.1 and
3145.7 ng/mL-h for AUC(_17 and 513.5 and 1170.9 ng/mL for Cpax. The median elimination

half-life (Ty /») ranged between 1.7 h and 2.0 h.

These results show that administration of fixed doses irrespective of interindividual

differences in body weight leads to higher exposure in the younger subjects, who have

lower body weight. The summary statistics for the secondary pharmacokinetic parameters

are shown in Table 3.

Table 3. Statistical summary of the secondary pharmacokinetic parameters of tideglusib in elderly
healthy subjects (n = 54) and in adolescent and adult DM-1 patients (n = 16).

Cimax Chnin Css Trmax T2 AUC(g-12)
Study Dose (mg) (ng/mL) (ng/mL) (ng/mL) (h) (h) (ng/mL-h)
e 400 bid 504.7 9.8 79.2 0.7 1.5 949.7
) L. (312.0-624.9) (7.2-22.4) (57.3-126.4) (0.4-1.0) (1.0-2.8) (687.9-1516.1)
§ g 1000 a.d 702.0 18.5 78.3 0.7 4.0 1749.8
£8 q-d- (550.3-1453.3) (7.0-37.8) (59.4-219.0 (0.3-1.3) (1.8-6.7) (1376.7-4947.7)
o 5135 41 56.9 0.75 2.0 1218.1
gz 400 q.d.
38 (342.9-615.4) (2.1-11.3) (30.7-74.4) (0.3-1.0) (1.3-5.4) (660.3-1713.8)
s N 1000 a.d 1170.9 5.6 141.6 0.7 1.7 3145.7
< % q-c- (573.3-1450.1) (3.4-16.2) (68.8-220.3) (0.6-1.2) (1.0-2.5) (1571.4-5109.4)

Data are medians and (5th-95th percentiles). # For study NP03112-07A03, secondary pharmacokinetic parameters
have been derived at day 16. ® For study AMO-02-MD-2-001, secondary pharmacokinetic parameters have been

derived from Visit 4.
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Figure 3. Visual predictive check for the final model of tideglusib in DM-1 patients (n = 16). The
black circles are observed concentrations, and the solid black line represents the median of the
simulated data. The shaded area indicates the 90% prediction interval of the simulated profiles. Data
are stratified by dose group and treatment visit. Time in the x-axis is the time after the last dose.
Observed concentrations at or before t = 0 are trough samples collected prior to the last dose.

3.3. Influence of Type and Time of Food Intake on the Systemic Exposure to Tideglusib

In the 400 mg dosing group, three patients had a standard meal, seven had a light
meal and five had another type of meal. In the 1000 mg dosing group, six patients had a
standard meal while three had a light meal and six had other types of meals. Food intake
took place at different times after drug administration under fasting conditions. There was
no evidence of an effect of food or meal type on the predicted exposure to tideglusib. As
shown in Figure 4, there are no clear differences in AUC and Cpax across dose levels for
the different meal types. The intake of food at different times after dosing does not seem
to affect systemic exposure; no trends are observed even after stratification of the data by
body weight. In Table 4, the secondary PK parameters of interest, AUC g_p4), AUC(g_12) and
Crnax are stratified by meal type.

3.4. Influence of Body Weight on Systemic Exposure to Tideglusib

Body weight was identified as a covariate on the clearance and volume of distribution
of tideglusib. This effect is also observed when exploring the correlation between sec-
ondary pharmacokinetic parameters and body weight in both healthy elderly subjects and
adolescent and adult DM-1 patients. Despite the relatively large interindividual variability,
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it seems that higher exposure is expected to occur in subjects with lower body weight

(Figure 5).
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Figure 4. Effect of type of meal on exposure to tideglusib administration in DM-1 patients. Upper
and bottom panels show, respectively, AUC 24 and Cmax vs. the time of the first meal post dose.
Data are stratified per dose level (rows) and into two body weight groups, i.e., below or above the
population median (60 kg). Points depict the individual predicted parameter values. Each meal type

is depicted by a different symbol.

Table 4. Statistical summary of the secondary pharmacokinetic parameters per type of meal.

Dose ) Coe AUC, AUC
(mg ~ Weight(kg)  n (ng/mL) (ng/mL-h) (ng/mi-h)
<60 1 3179 590.8 669.2
400 >60 1 4548 11435 11758
Light Meal L & (11671.5%.2127.8) (3135.115—?;2162.7) (339:111(123555.8)
1oLy e ) 602.1 1586.6 16727
2 (557.8-723.6) (1563.2-1743.7) (1640.7-1810)
0 s 566.8 1402.3 147722
(514.3-628.7) (1237.3-1560.0) (1473.0-1631.5)
400 o 5 1838 11713 1216.9
Standard Meal (454.8-512.7) (1143.5-1199.1) (1175.7-1258.1)
0 ) 11709 31458 33987
1000 (1167.8-11741)  (3138.1-3153.4) (3394.5-3402.9)
>60 1 7236 17438 1810.0
5715 14811 15543
L 2 (514.3-628.7) (1402.3-1560.0) (1477.2-1631.5)
400 o ; 2901 12931 1367.3
= (389.4-590.8) (789.4-1796.7) (863.5-1871.2)
St 0 5 13135 38175 40094
1000 (1227.8-13992)  (3462.7-4172.4) (3555.8-4463.0)
e ) 10177 3588.6 3685.8

(557.8-1477.6)

(1563.2-5614)

(1640.7-5730.8)

Data are summarised by median (range); n is the number of subjects.

117



Pharmaceutics 2025, 17, 1065

400 mg 1000 mg
6000 A ®
[ )
= 5000 -
3 °
£ 4000 -
£.3000 - B
8 °
2000+ . . s o L
° ’-.. ° ° ° o
1000 A Lo .
40 50 60 70 80 90 100 110 120 40 50 60 70 80 90 100 110 120
Body weight [kg]
400 mg 1000 mg
1600 .
[ )
—_ °
-
£ 1200 «®
g’ o
< o
(0] o
S 800 3 s
O ¢ (] ° ° L] ® o°
.-‘ [ ] ° [
400 A °
[} o ®
40 50 60 70 80 90 100 110 120 40 50 60 70 80 90 100 110 120

Body weight [kg]

Reference study population ® DM-1 Patients @ Healthy Volunteers

Figure 5. Effect of body weight on systemic exposure (AUC) and peak concentration Cmax) of
tideglusib in elderly healthy subjects and DM-1 patients. Solid circles depict the predicted values
while dashed lines are a general linear function describing the trends in the data.

3.5. Dose Rationale for Paediatric Patients

The final pharmacokinetic model in DM-1 patients was used to support prediction
and extrapolation of the pharmacokinetic properties of tideglusib across different age
groups, assuming that the exposures observed in adults and adolescents following 1000
mg q.d. dose are clinically relevant and can be considered as a target for efficacy. Based
on the putative mechanism of action of tideglusib, the approach also assumes a similar
pharmacokinetic-pharmacodynamic relationship for tideglusib in adults and children
affected by DM-1, despite the heterogeneity in the onset and clinical presentation of the
condition in children. Simulation scenarios enabled the identification of suitable dosing
regimens that maximise the proportion of subjects who achieve the observed exposure
range in adult and adolescent patients receiving 1000 mg dose of tideglusib (Table 5). This
scenario provided the highest proportion of patients meeting the target exposure range.

Table 5. Overview of the proposed weight-banded dosing regimen for tideglusib in paediatric and
adult patients with DM-1.

Weight-Banded Dosing Regimen (mg/kg)

Weight-

>5-<10 >10-<15 >15-<20 >20-<35 >35-<45 >45-<60 60+
band (kg)
Maintenance 100 200 300 400 600 800 1000
Dose (mg)

Figure 6 depicts, the predicted AUCy_p4 and Cax in a paediatric population stratified
by dose and body weight. These results are summarised per median (90% prediction
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intervals) and mean (£SD) in the Supplementary Tables S2 and S3. For completeness, to
address potential tolerability concerns in the youngest subjects, a weight-banded regimen
has been explored considering the 400 mg as the reference dose in adults (Table S4). This
scenario could be implemented as a run-in phase at the start of treatment prior to the use
of a higher (maintenance) dose. The results from this simulation scenario are summarised
in the Supplementary Materials Tables S5 and S6 and presented graphically in Figure S12.
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Figure 6. Predicted Cmax (upper panel) and AUCy 4 (lower panel) in children and adults stratified
by bodyweight. Shaded green area depicts the reference exposure range (5th-95th and 25th-75th
percentiles) predicted in adults with body weight equal to 70-75 kg and receiving 1000 mg. The
horizontal line in the whisker-box plots represents the median, bottom and top edge of the box are
the 25th and 75th percentiles. The vertical line (whiskers) represents the 5th and 95th percentiles of
the data distribution. Each box refers to a specific weight group.

Whilst the current modelling and simulation study relies primarily on allometric
principles, the age/weight-related changes in exposure reflect the well-established role of
developmental growth (size and organ function) on drug disposition. Implementation of
a protocol including interim steps and protocol inclusion based on a staggered approach
would allow assessment of potential age-related changes, and further refinement of the
recommended weight bands and doses for children affected by congenital and juvenile
onset DML1.
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4. Discussion

Under the EU Paediatric Regulation and US Best Pharmaceuticals for Children Act
(BPCA) and the Pediatric Research Equity Act (PREA) amendments of 2007, pharmaceutical
companies are expected to conduct clinical studies in the paediatric population. Evidence
from these studies does not only support the regulatory approval of the medicinal product
but also provides the basis for prescribing information.

Whilst evidence generation in paediatric diseases with relatively high incidence and
prevalence should not represent a challenge for the implementation of a paediatric de-
velopment plan, this is not the case for orphan drugs developed for rare diseases. As a
matter of fact, four main issues thwart the drug development process: 1. poor diagnostics
and assessment of disease progression; 2. the large heterogeneity in disease pathophys-
iology and treatment effects; 3. lack of treatment-sensitive endpoints and biomarkers to
predict and quantify treatment outcomes, and 4. paucity of patients and data availability to
draw robust conclusions regarding the efficacy and safety profile of a medicinal product
based on standard statistical approaches. Our investigation focuses on the latter point,
highlighting the application of modelling, simulation and extrapolation approaches as a
tool to maximise the use of data, thereby optimising evidence generation during the early
stage of development of an orphan drug [26-28]. In a setting in which the lack of data
constitutes the main burden to be overcome, the use of quantitative clinical pharmacology
concepts allow the implementation of the learning vs. confirming paradigm, providing
insight into issues that are critical for the implementation of conclusive study protocols,
such as the dose rationale, and understanding of the determinants of variability in drug
exposure [29,30].

As shown in the current study, the availability of Phase I data in elderly healthy
subjects provided the basis for the characterisation of the population pharmacokinetics
of tideglusib. These data allowed for parameter estimates describing the absorption,
distribution and elimination processes with adequate accuracy and precision. Parameter
estimates were subsequently used as priors for the assessment of systemic exposure in
DM-1 patients, taking into account the effect of body weight as an important covariate
affecting the disposition characteristics of tideglusib. This effect has been identified for
most drugs used in children and reflects the effect of developmental growth on metabolic
processes [13,26]. Eventually, this effect can be parameterised together with a maturation
function, describing the impact of ontogeny on drug biotransformation (clearance) [12-15].

The main finding from our model is that tideglusib shows dose-dependent bioavail-
ability across the dose range evaluated in healthy elderly subjects as well as in congenital
and juvenile onset DM-1 patients. This effect is likely to be caused by the limited solubility
of the compound, even though other factors, such as variable first-pass metabolism may
also play a role. Our parameterisation suggests that oral bioavailability decreases with
increasing doses, even though we have not been able to quantify these changes in a contin-
uous manner. Instead, bioavailability and absorption rate constant were dichotomized into
two levels, with exposure data following a 400 mg dose as reference. Accurate description
of the individual concentration vs. time profiles at higher dose levels required the use of
lower estimates for the oral bioavailability and absorption rate constant.

From a pharmacokinetic perspective, there was no accumulation, metabolic inhibition,
or induction observed during treatment. Despite the evidence of dose-dependent bioavail-
ability, the population estimate for the apparent volume of distribution at steady state (i.e.,
sum of the volumes of distribution for the central and peripheral compartments) was 1140
L, which suggests that tideglusib distributes into tissues well beyond total body water.
Mean population estimates for the apparent systemic clearance of 341 L/h likely indicate
drug elimination taking place at a rate close to the hepatic blood flow [31]. In addition,
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whilst no formal comparison or pooled analysis was performed including healthy elderly
subjects and congenital and juvenile onset DM-1 patients, model parameter estimates reveal
that the disease does not affect the pharmacokinetics of tideglusib. This is in line with
previous reports indicating no significant disease-related changes in hepatic metabolism,
haemodynamics or vascular permeability [31].

Time of food intake post dose did not affect the pharmacokinetics of tideglusib,
suggesting a favourable safety profile of tideglusib in terms of altered liver enzymes when
administered using the selected F06-037F formulation. Thus, in addition to its better
dispersibility and organoleptic properties compared to the previous dosage forms, these
findings confirm the decision to use this formulation in the subsequent development in
DM-1 patients. Indeed, in studies CL031112-05A01 and CL031112-06A02 a marked effect
of food was observed in healthy young and elderly volunteers dosed with 200 mg or
400 mg of formulation F05-052 following a high-fat or a normal breakfast within 30 min
before drug administration. In detail, plasma levels were substantially increased, and
peak concentrations were delayed in fed conditions. Administration with a meal also
resulted in a higher frequency of transaminase elevations than administration in fasting
conditions. Abnormalities in serum transaminases have been observed, particularly in
a twice-daily dosing regimens, when the drug was administered with food and at the
highest doses. However, it is worth noting that the increase in liver enzymes observed
with previous formulations may be associated with GSK-3 {3 inhibition for the induction
of liver repairing and regeneration process. Evidence from in vitro protocols shows that
numerous GSK-3 3 inhibitors (LY 2090314, AR-A(014418, tideglusib, solasodine, CHIR99021,
9-ING-41, SB-216763) play an important role in stimulating the liver regeneration process
through Wnt/ 3-catenin signalling pathway [31]. Given the chronic nature of this treatment,
further evaluation of the administration of lower doses of tideglusib with food should be
considered. An exposure range comparable to that observed following administration of
tideglusib under fasting conditions may be achieved with the use of lower doses with food.
Slower gastric emptying may also allow for lower peak concentrations.

The identification of body weight as a covariate on the parameters describing the
disposition of tideglusib is not unexpected, as such an effect is often observed with drugs
showing similar distributional properties, especially when considering adolescents or other
groups with different demographic characteristics [32-34]. In fact, the use of allomet-
ric principles to extrapolate pharmacokinetics from adult subjects to children is widely
accepted [32-34]. Based on the available data, no other source of variability has been iden-
tified that would further contribute to improving model performance and consequently
support the optimisation of the dose level to be used in future trials.

We acknowledge some limitations of our investigation. First, it should be recognised
that as there is incomplete data on the primary route of metabolism in vivo, neither a
maturation function nor an age-dependent allometric exponent were included in the
simulated scenarios [32-34]. In addition, given potential safety concerns, the magnitude of
food-drug interaction has not been characterised in the target population. Our approach
focused therefore on the time window of food intake after drug administration. Similarly,
we have not been able to retrieve detailed information on meal caloric content, which
prevented us from exploring these factors as potential covariates. Consequently, they were
excluded from the dosing optimisation process, with the assumption that all individuals
were in a fasting state. Nevertheless, the use of priors based on the pharmacokinetics
in adults has been successfully implemented for several products [32-34]. It has proved
to be very effective in a situation that reflects early clinical development of drugs for
rare diseases, such as transfusion-dependent haemoglobinopathies, anthrax infection,
eosinophilic oesophagitis [32-34].
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In conclusion, tideglusib shows dose-dependent bioavailability, with systemic ex-
posure increasing less than proportionally with increasing doses. Despite the relatively
high intra- and interindividual variability in plasma concentrations, body weight was
found to be a covariate on clearance and volume of distribution, with higher AUCs and
Chmax Values observed in subjects with decreasing body weight. Moreover, the availability
of a population pharmacokinetic model allowed for extrapolation and prediction of the
pharmacokinetics in the paediatric population, supporting the dose rationale for future
clinical trials in children affected by myotonic dystrophy.
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Abstract: Background: This study aimed to develop a population pharmacokinetic (PK)
model that characterized the plasma concentration-time profiles of the total and unbound
pamiparib, a PARP inhibitor, in glioblastoma patients and identified patient factors influ-
encing the PK. Methods: The total and unbound pamiparib plasma concentration data
were obtained from 41 glioblastoma patients receiving 60 mg of pamiparib twice daily.
Nonlinear mixed-effects modeling was performed using Monolix (2024R1) to simultane-
ously fit the total and unbound drug plasma concentration data. The covariate model
was developed by covariate screening using generalized additive modeling followed by
stepwise covariate modeling. Model simulations were performed following oral doses
of 10-60 mg BID. Results: The total and unbound pamiparib plasma concentration—time
profiles were best described by a one-compartment model with first-order absorption and
elimination. Creatinine clearance and age were the significant covariates on the apparent
volume of distribution (V/F) and apparent clearance (CL/F), respectively, explaining ~22%
and ~5% of IIV of V/F and CL/F. Population estimates of the absorption rate constant
(Ka), V/E CL/E and unbound fraction for the total drug were 1.58 h=1,441,259L/h,
and 0.041. Model simulations suggested that doses as low as 20 mg BID may be adequate
for therapeutic effects in a general patient population, assuming that a target engagement
ratio (i.e., unbound Cgg min/IC50) of 5 or above is sufficient for full target engagement.
Conclusions: The total and unbound pamiparib plasma PK are well characterized by
a linear one-compartment model, with creatinine clearance as the significant covariate
on V/F. Model simulations support further clinical investigation into dose reduction to
optimize the benefit-to-risk ratio of pamiparib, particularly in combination therapies.

Keywords: population pharmacokinetic model; pamiparib; PARP inhibitor; unbound
plasma concentrations; dosing optimization; glioblastoma

1. Introduction

Pamiparib is a selective, orally bioavailable inhibitor of Poly (ADP-ribose) polymerase-
1 (PARP1) and PARP2, enzymes that play a crucial role in DNA damage repair [1,2]. PARP
enzymes detect and repair single-strand DNA breaks (S5Bs) through the base excision repair
(BER) pathway. Pamiparib binds to the catalytic domain of PARP1/2, preventing them
from synthesizing Poly (ADP-ribose) (PAR) chains, which are essential for recruiting DNA
repair proteins [1,2]. In addition, pamiparib traps PARP1/2 on damaged DNA, leading to
the accumulation of double-strand breaks, which are particularly lethal to cancer cells with

Pharmaceutics 2025, 17, 524 https://doi.org/10.3390 / pharmaceutics17040524
125



Pharmaceutics 2025, 17, 524

defective homologous recombination (HR) repair mechanisms [1]. Tumors with mutations
in BRCA1 or BRCA2 (key HR repair genes) are unable to repair double-strand breaks
effectively. As such, pamiparib exploits synthetic lethality to selectively target cancer cells
with DNA repair deficiencies while sparing normal cells, making it a potential therapeutic
option for tumors with BRCA mutations and other DNA damage repair defects [1,3].

Pamiparib has been extensively evaluated in clinical trials for treating a variety of
cancers, particularly those associated with DNA damage repair deficiencies such as BRCA-
mutated malignancies. A phase I study demonstrated that pamiparib was well tolerated
and exhibited preliminary antitumor activity in patients with high-grade epithelial non-
mucinous ovarian cancer [4]. A phase II trial demonstrated the significant clinical benefit
of pamiparib [3], leading to its approval in China for the treatment of germline BRCA
mutation-associated recurrent advanced ovarian, fallopian tube, or primary peritoneal
cancer in patients previously treated with two or more lines of chemotherapy. In addi-
tion, pamiparib, as a monotherapy or in combination with chemotherapy or checkpoint
inhibitors, has been evaluated in other solid tumors, including triple-negative breast cancer,
prostate cancer, and advanced gastric cancer [5-8].

Notably, unlike some other PARP inhibitors, pamiparib is not a substrate of P-
glycoprotein (P-gp), which enhances its ability to cross the blood-brain barrier (BBB),
making it a promising candidate for treating brain tumors, such as glioblastoma [1,9].
In a phase 0/11 trial, pamiparib demonstrated good central nervous system (CNS) pen-
etration, achieving potentially therapeutic concentrations in both enhancing and non-
enhancing tumors of glioblastoma patients [10]. Leveraging its ability to cross the BBB
and potentiate DNA damage in cancer cells, pamiparib is under clinical evaluation in
combination with temozolomide and radiation therapy for patients with newly diagnosed
or recurrent gliomas.

The recommended dose of pamiparib is 60 mg twice daily, which is administered
continuously until disease progression or unacceptable toxicity. However, due to significant
interindividual pharmacokinetic (PK) variability, a one-size-fits-all dosing approach may
lead to suboptimal treatment outcomes. Tailored dosing regimen for pamiparib is crucial to
maximizing its therapeutic efficacy while minimizing toxicity in individual patients. Popu-
lation pharmacokinetic (PK) modeling can aid in dose optimization by quantifying patient
variability in drug disposition and identifying key factors influencing this process. This
study aimed to develop a population PK model to characterize the plasma concentration—
time profiles of total and unbound pamiparib in glioblastoma patients and to identify
patient characteristics (such as demographics, renal and hepatic function, and combination
therapy) that contribute to PK variability. The findings provided critical insights into the
drug disposition and have clinical implications for guiding the optimization of dosing
strategies in patients with glioblastoma and other cancers.

2. Materials and Methods
2.1. Clinical Study and PK Data

The total and unbound pamiparib plasma concentration data used in the population
PK analysis were obtained from a phase 0/1I study (ClinicalTrials.gov ID: NCT04614909),
which enrolled 41 patients with newly diagnosed or recurrent glioblastoma. The protocols
were approved by the Institutional Review Board of the Barrow Neurological Institute.
Written informed consent was obtained from all participants.

Eligible patients were required to have newly diagnosed or recurrent glioblastoma and
meet the following criteria: age >18 years, Eastern Cooperative Oncology Group (ECOG)
performance status <2, and adequate bone marrow and organ functions. Adequate bone
marrow function was defined as an absolute neutrophil count >1.5 x 10°/L,a platelet count
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>100 x 10%/L, and hemoglobin > 9 g/dL. Adequate liver function was defined as serum
transaminase (AST and ALT) levels < 3 times the institutional upper limit of normal (ULN)
and total bilirubin < 1.5 x ULN. Adequate kidney function was defined as a glomerular fil-
tration rate (eGFR) > 30 mL/min/1.73 m? estimated by the Chronic Disease Epidemiology
Collaboration (CKD-EPI) equation, and either serum creatinine < 1.5 x ULN or creatinine
clearance >60 mL/min for those with serum creatinine levels above 1.5 x ULN. Patients
were required to have discontinued any prior anticancer treatment for at least 21 days
before study entry. Patient demographic and characteristic data are summarized in Table 1.

Table 1. Patient demographic and characteristic data.

Median (Range) or
Number of Patients

Baseline characteristics

Race (white/non-white) * 38/3

Sex (male/female) * 20/21

Age (years) * 60 (31-80)
Weight (kg) * 80 (45-129)
Height (cm) * 173 (155-193)
BSA (m?) * 1.99 (1.41-2.53)
Liver function *

Predose total bilirubin (mg/dL) 0.5 (0.3-1.8)
Post-operation total bilirubin (mg/dL) 0.5 (0.2-1.5)
Predose AST (IU/L) 19 (9-44)
Post-operation AST (IU/L) 23 (9-106)
Predose ALT (IU/L) 24 (8-135)
Post-operation ALT (IU/L) 45 (14-193)
Predose plasma albumin (mg/dL) 4.1 (3.5-5)
Post-operation plasma albumin (mg/dL) 3.9 (3-4.5)
Kidney function *

Predose serum creatine (mg/dL) 0.83 (0.56-1.34)
Post-operation serum creatine (mg/dL) 0.75 (0.41-1.3)
Predose creatine clearance (mL/min) 98 (39-154)
Post-operation creatine clearance (mL/min) 111 (59-169)
Predose GFR (mL/min) 92 (48-116)
Post-operation GFR (mL/min) 101 (48-117)

Concomitant drugs

Coadministered drugs during the trial (yes/no) ¥ 36/5
Dexamethasone (given/not given) * 34/7
Total dexamethason dose (mg) * 19 (0-66)

* Values are shown as median (range). © Data indicate the number of patients. Abbreviations: AST, aspartate
aminotransferase; ALT, alanine aminotransferase; GFR, glomerular filtration rate.

The patients received oral pamiparib (60 mg twice daily) for three days before un-
dergoing surgical tumor resection. Blood samples were collected at predose and at 0.5, 1,
2,4,7,and 24 h following the 9th oral dose. Plasma was separated from whole blood by
centrifugation at 1000x g and 4 °C for 10 min and then stored at —80 °C until analysis. The
total and unbound pamiparib concentrations in plasma samples were quantified using a
validated liquid chromatography coupled with tandem mass spectrometry (LC-MS/MS)
method [11].

2.2. Population PK Modeling Analysis

The population PK model was developed in two steps: (1) basic (structural) model
development and (2) covariate model development. All analyses were performed us-
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ing the nonlinear mixed-effects modeling program MONOLIX version 2024R1 (Lixoft,
Antony, France).

2.2.1. Structure Model Development

The structural model was developed to simultaneously characterize total and unbound
pamiparib plasma concentration—time profiles following an oral administration of 9 doses
(60 mg, twice daily) in individual glioblastoma patients. A one-compartment model with
first-order absorption (without lag time) and first-order elimination was selected to describe
the multiple-dose plasma concentration—time data. The primary PK parameters included
apparent oral clearance (CL/F), apparent volume of distribution (V/F), absorption rate
constant (Ka), and fraction of unbound drug in plasma (Fu). The relationship between
total (Cp) and unbound (Cu) drug concentrations was incorporated into the model using
the equation Cu = Cp x Fu. All concentration data were log-transformed to stabilize
variance and improve model fitting. Population mean PK parameters, interindividual
variability, and residual error were assessed in the population PK model. Interindividual
variability was modeled using an exponential function, assuming log-normal distribution
for all PK parameters.

Various residual error models, including constant, proportional, and combined error
models, were evaluated. The combined model, incorporating both proportional and
additive error components, was selected as the optimal error model (Equation (1)).

Yij = f(tij i) +8(ti i, 8)ei @)

Here, 1; is the parameter vector of the structural model f for individual i, and the residual
error model is defined by the function g that depends on an additional parameter vector
¢. The residual errors ¢; ; are standardized Gaussian random variables with a mean of 0
and a standard deviation of 1. In this analysis, the combined error model was defined as
g = (a+bf°), where the function g consists of a constant term, a, and a term proportional
to the structural model f, with b as the proportionality constant. The parameter vector ¢
includes a and b, while c is fixed at 1 by default.

Population mean PK parameters were estimated using the Stochastic Approximation
Expectation-Maximization (SAEM) algorithm, a robust method for handling complex
nonlinear mixed-effects models. Individual patients” PK parameter estimates were obtained
through post hoc Bayesian estimation, utilizing the conditional distributions derived from
the Markov Chain Monte Carlo (MCMC) procedure.

2.2.2. Covariate Model Development

The covariate model was developed using a stepwise approach to systematically iden-
tify and incorporate significant covariate effects. Initial screening for potential covariates
was conducted using generalized additive modeling (GAM) with R version 4.4.1. The
candidate covariates, listed in Table 1, were evaluated based on their relationship with
Bayesian-estimated individual pharmacokinetic (PK) parameters from the structural model,
including CL/F, V/F Ka, and Fu. For patients with missing covariate data, values were
imputed using the population median, as the proportion of missing data was low (<2%).
Continuous covariates (e.g., body surface area [BSA]) were centered around their median
values, while categorical covariates were encoded as binary variables (e.g., male = 1 and
female = 0). Potentially significant covariates identified via GAM were further assessed
in the stepwise covariate modeling (SCM) procedure, where covariate relationships were
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explored using linear, exponential, or power functions. The exponential function (as shown
in Equation (2)) was identified to best describe the covariate effects.

0; = gpop « ePcovxCOV; (2)

Here, 0; represents the PK parameter for the i’ patient, Opop is the mean population
value of the parameter, By, is the estimated covariate effect coefficient, and COV/; is the
identified covariate.

Discrimination between hierarchical models was based on both statistical and graphi-
cal criteria. First, model comparisons were conducted using the likelihood ratio test, where
a reduction in OFV (-2 log-likelihood, —2LL) was used to assess model improvement. Co-
variates were retained if the addition of the covariate resulted in a reduction in OFV > 3.875
(p < 0.05) during forward selection and if the removal of the covariate led to an increase in
OFV > 10.828 (p < 0.001) during backward elimination. In addition, model improvement
was visually assessed through diagnostic goodness-of-fit plots, including observed vs. pre-
dicted concentrations to check for bias and weighted residuals vs. predicted concentrations
to ensure random scatter around zero. Additional criteria for covariate inclusion were the
increased precision in parameter estimates (i.e., reduced relative standard error [RSE]) and
a reduction in interindividual variability of key PK parameters. Collectively, by integrating
statistical selection criteria with graphical diagnostics, the final covariate model was refined
to optimize predictive performance and biological plausibility.

2.3. Model Evaluation

The precision and stability of parameter estimates were assessed by bootstrap analysis
with R (version 4.4.1) [12-14]. This nonparametric resampling method involves generating
multiple datasets by randomly sampling, with replacement, from the original dataset. Each
resampled dataset was used to re-estimate the model parameters, and this process was re-
peated 500 times to construct an empirical distribution of parameter estimates. The median
and 95% confidence intervals (ClIs) of the bootstrap-derived estimates were computed to
evaluate the robustness of the parameter estimates. The agreement between the original
parameter estimates and the mean of the bootstrap replicates was checked to confirm model
stability and ensure that parameter uncertainty was adequately captured [12-14].

The predictive performance of the model was assessed by visual predictive checks
(VPCs), which involve simulating 500 datasets using the estimated population parameters
and then comparing the simulated concentration—time profiles to the observed data [15,16].
The 50th percentile (median) and the 5th and 95th percentiles (forming the 95% prediction
interval) of the predicted concentrations were plotted alongside the observed concentra-
tions. If most observed data points fall within the 95% prediction interval and align well
with the simulated percentiles, it indicates that the model can adequately capture the central
trend and variability in the data. A systematic deviation between observed and simulated
percentiles may suggest model misspecification or the need for further refinement.

In addition, prediction distribution plots were constructed to compare observed
concentration data with the theoretical distribution of model-predicted data [17]. Unlike
standard VPCs, these plots rely on multiple simulations of the individuals in the dataset
without residual error, focusing on the variability arising from structural and random-
effects components alone [17]. These simulations use the estimated fixed and random effects
from the population model while ignoring parameter uncertainty. By doing so, prediction
distribution plots help identify potential systematic deviations between observed data and
model predictions, particularly in the presence of model misspecification, overdispersion,
or unexplained variability.
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2.4. Model Simulations

To guide dose optimization, the developed population PK model was utilized to
predict the unbound pamiparib plasma concentration—time profiles following twice-daily
oral administration at doses of 10, 20, 30, 40, and 60 mg. Simulations of 200 datasets
were performed using the estimated population parameters along with their respective
interindividual variability. The median (50th percentile) and 5th and 95th percentiles of
the predicted concentration—time profiles were generated. All simulations were executed
using R (version 4.4.1).

3. Results
3.1. Population PK Model

The total and unbound pamiparib plasma concentration—time profiles following
multiple-dose oral administration were well described by a one-compartment model with
first-order absorption (with no lag time) and first-order elimination. Stepwise covariate
model development identified creatinine clearance as a significant covariate on the V/F
of both the total and unbound drug, explaining ~23% and ~22% of the respective 11V,
and age as a significant covariate on the CL/F of the total and unbound drug, explaining
~ 6% and ~4% of the respective IIV. As such, the final covariate model consisted of a one-
compartment model with first-order absorption and first-order elimination, incorporating
creatine clearance as a covariate on pamiparib V/F and age as a covariate on the CL/F.

The population PK parameters for the total and unbound pamiparib along with their
respective interindividual variability (IIV) estimates, from the structural and final covariate
models, are summarized in Table 2. The population mean absorption rate constant (Ka) was
1.58 h~!1, with substantial ITV (~400%), indicating rapid but variable oral absorption. The
population mean CL/F for total pamiparib was 2.59 L/h, with an IIV of 50%. The inclusion
of age as a covariate on CL/F accounted for only 6% of the unexplained IIV, suggesting that
other factors, which were not assessed in this study, may contribute more significantly to
variability in pamiparib clearance. The estimated population mean V/F for total pamiparib
was 44 L, suggesting a distribution volume exceeding blood volume. The addition of
creatinine clearance as a covariate on V/F explained approximately 23% of the IIV. The pop-
ulation mean elimination half-life (T; /,) was estimated to be ~12 h, which is consistent with
the estimated Ty /, of 13 h in the first in-human study (BGB-290-AU-002; NCT02361723) [4]
and supporting a twice-daily dosing regimen. The population mean fraction of unbound
pamiparib in plasma was 0.041, indicating high plasma protein binding.

Table 2. Population PK parameters for the total and unbound pamiparib estimated from the base
(structure) model and final covariate model.

Parameter * Total Pamiparib Unbound Pamiparib

Base Model Final Model Base Model Final Model
OFV 9226 9210 9226 9212
TV_KA (h™1) 1.64 1.58 1.55 1.7
TV_V/F (L) 44 44t 1017 1060 *
TV_CL/F (L/h) 2.73 259 % 65.0 62.5%
TV_Fu 0.042 0.041 0.042 0.042
01 (Ka) 1.64 (42) 1.58 (42) 1.55 (51) 1.7 (44)
0, (V/F) 44 (9.7) 15 (28) 1017 (9.1) 402 (28)
03 (CL/F) 2.73 (8.0) 6.76 (38) 65.0 (8.2) 163 (39)
04 (Fu) 0.042(2.8) 0.041 (2.8) 0.042 (2.7) 0.042 (2.6)
B; (PCCon V/F) - 0.0094 (25) - 0.0087(26)
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Table 2. Cont.

Parameter * Total Pamiparib Unbound Pamiparib

Base Model Final Model Base Model Final Model
B, (Age on CL/F) - —0.016 (37) - —0.016 (38)
IV of Ka (%) 397 (18) 410 (20) 612 (21) 380 (20)
1TV of V/F (%) 53 (16) 41 (17) 50 (17) 41 (19)
IV of CL/F (%) 53 (11) 50 (11) 54 (11) 52(11)
IIV of Fu (%) 12 (22) 12 (20) 112 (24) 11 (28)

* PK parameter estimates are expressed as the population mean (% relative standard error of estimation).
FTV_V = 0, % ef1*PCC, with the population median PCC being 111.5. ¥ TV_CL = 65 * ef2*48¢, with the pop-
ulation median age being 60. Abbreviations: 8, population mean PK parameter estimate from the final covariate
model; TV, typical population mean PK parameter; Ka, elimination rate constant; CL/F, apparent volume of
distribution; V/F, apparent volume of distribution; Fu, fraction of unbound drug in plasma; PCC, post-operation
creatine clearance; IIV, interindividual variability.

3.2. Model Evaluation

The prediction performance of the final population PK model was evaluated using
goodness-of-fit plots, nonparametric bootstrap analysis, visual predictive check, and pre-
diction distribution plots. The goodness-of-fit plots (Figures 1 and 2) demonstrated a good
correlation between the model-predicted total or unbound pamiparib concentrations and
the observed data, and the residual plots showed randomly scattered residuals around the
horizontal zero line. These data collectively indicated no systematic prediction bias.

The robustness of the parameter estimates was assessed via bootstrap analysis. Table 3
summarizes the population mean PK parameter estimates of the final model alongside the
mean and 95% confidence intervals of the bootstrap-derived estimates. The agreement
between the population mean PK parameter estimates and the mean of bootstrap replicates,
with both falling within the 95% confidence intervals of bootstrap replicates, confirmed the
stability of parameter estimation from the final population PK model.

Table 3. Population PK parameters estimated from the final covariate model and bootstrap analysis.

Total Pamiparib Unbound Pamiparib
Parameter Population Bootstrap Bootstrap Population Bootstrap Bootstrap
Mean Mean 95% CI Mean Mean 95% CI
0, (Ka) (h™1) 1.58 1.71 (0.64, 4.15) 1.7 1.86 (0.67,4.07)
6, (V/F) (L) 15 17 (8, 30) 402 441 (219, 787)
03 (CL/F)(L/h) 6.76 7.76 (3.6,15.9) 163 185 (83, 454)
04 (Fu) 0.041 0.041 (0.039, 0.044) 0.042 0.041 (0.039, 0.044)
B, (PCC) 0.0094 0.0089 (0.0035, 0.015) 0.0087 0.0083 (0.0027, 0.014)
B, (Age) —0.016 —0.017 (—0.03, —0.0054) —0.016 —0.016 (—0.032, —0.0053)
Ka_SD 1.7 1.6 (1.0,2.3) 1.66 1.66 (1.1,2.34)
V/F_SD 0.39 0.35 (0.16, 0.5) 0.39 0.35 (0.16,0.5)
CL/F_SD 0.47 0.46 (0.35,0.56) 0.49 0.46 (0.37,0.37)
Fu_SD 0.12 0.11 (0.06, 0.16) 0.11 0.11 (0.059, 0.15)

Abbreviations: 6, population mean PK parameter estimate; Ka, elimination rate constant; CL/F, apparent volume
of distribution; V/F, apparent volume of distribution; Fu, fraction of unbound drug in plasma; PCC, post-operation
creatine clearance; SD, standard deviation.
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Figure 1. Goodness-of-fit plots for the total plasma pamiparib concentration—time course data fitted
by the final covariate model. (A) The relationship between the observed and population parameter-
predicted total drug concentrations. The solid line is the line of identity. (B) The relationship between
the observed and individual parameter-predicted total drug concentrations. The solid line is the line
of identity. (C) Individual weighted residues (IWRESs) versus time. The dashed line is the mean
IWRES. (D) Individual weighted residues (IWRESs) versus the individual parameter-predicted total

drug concentrations. The dashed line is the mean IWRES.

Model predictive performance was evaluated through visual predictive checks
(Figure 3A,B). The observed total or unbound pamiparib concentrations fell within the
95% prediction interval and aligned well with the simulated percentiles (50th, 5th, and
95th percentiles), demonstrating that the model adequately captured both the central trend
and variability of the observed data. Prediction distribution plots (Figure 3C,D) further
assessed predictive accuracy, detecting potential systematic deviations due to model mis-
specification, overdispersion, or unexplained variability. As shown in Figure 3C,D, >95%
of the observed data fell within the 95% prediction intervals and aligned well with the
simulated percentiles, indicating no model misspecification.
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Figure 2. Goodness-of-fit plots for the unbound plasma pamiparib concentration—time course data
fitted by the final covariate model. (A) The relationship between the observed and population
parameter-predicted unbound drug concentrations. The solid line is the line of identity. (B) The
relationship between the observed and individual parameter-predicted unbound drug concentrations.
The solid line is the line of identity. (C) Individual weighted residues (IWRESs) versus time. The
dashed line is the mean IWRES. (D) Individual weighted residues (IWRESs) versus the individual
parameter-predicted unbound drug concentrations. The dashed line is the mean IWRES.

Collectively, the goodness-of-fit plots, bootstrap analysis, visual predictive checks,
and prediction distribution plots provided a comprehensive assessment of parameter
stability and model predictive performance. These results confirmed that the developed
one-compartment population PK model with a combined residual error model adequately
well characterized the observed total and unbound pamiparib plasma concentration-time

profiles in glioblastoma patients.
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Figure 3. Model evaluation. (A,B) Visual predictive check of the final covariate model for the total
and unbound pamiparib plasma concentrations. The dashed lines represent the 50th, 5th, and 95th
percentiles of the model-predicted concentration-time profiles. The shaded areas represent the 95%
confidence intervals of the percentiles. Symbols represent the observed drug concentration data.
(C,D) Prediction distribution plots for the total and unbound pamiparib plasma concentration-time
profiles following multiple-dose oral administration (60 mg BID). The solid lines represent the model-
predicted population mean drug concentration-time profile, and the shaded areas represent the 95%
confidence intervals. Dot symbols represent observed concentration data.

3.3. Model Simulation

Figure 4 shows the population PK model-predicted unbound pamiparib plasma
concentration-time profiles (including the 50th, 5th, and 95th percentiles) following
5 days of twice-daily oral administration at doses of 10, 20, 30, 40, and 60 mg in a general
patient population. Table 4 summarizes the model-predicted steady-state peak, trough, and
average plasma concentrations of the unbound pamiparib following twice-daily oral doses
of 10-60 mg. When doses increased from 10 to 60 mg BID, the median trough steady-state
unbound drug concentrations (Cgs min) ranged from 29 to 175 nM, with the 5th percentile
ranging from 3 to 16 nM and the 95th percentile ranging from 97 to 581 nM. Given pami-
parib’s potent PARP inhibition (IC50, ~1 nM) and strong PARP trapping ability, a target
engagement ratio (i.e., unbound Cgs min /IC50) of 5 or above was considered sufficient for
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full target engagement and pharmacological activity. Model predictions suggested that
doses as low as 20 mg BID may be adequate for therapeutic effects, even in patients with

rapid clearance, where the unbound pamiparib Cgs min Was approximately 5 nM (i.e., 5th
percentile) (Table 4).
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Figure 4. Model-predicted unbound pamiparib concentration—time profiles following oral admin-
istration of pamiparib at different dosing regimens: (A) 60 mg BID, (B) 60 mg QD, (C) 40 mg BID,
(D) 30 mg BID, (E) 20 mg BID, and (F) 10 mg BID. The red, green, and blue lines represent the 50th,
5th, and 95th percentiles of the predicted concentration profiles. The dashed lines represent the target

engagement ratio of 5, which is assumed to be the threshold for therapeutic efficacy.
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Table 4. Population PK model-predicted steady-state plasma concentrations of the unbound pami-
parib at the 5th, 50th, and 95th percentiles in a general patient population following 5 days of
treatment at different dosing regimens.

Dosing Regimen Css,max Css,min Css,ave

5th 50th 95th 5th 50th 95th 5th 50th 95th
60 mg BID 105 302 774 16 175 581 47 233 673
60 mg QD 63 193 485 0.6 61 253 14 115 357
40 mg BID 68 201 515 11 117 388 31 155 448
30 mg BID 53 151 387 8 88 291 24 116 336
20 mg BID 35 101 258 5 58 194 16 78 224
10 mg BID 18 50 129 3 29 97 8 39 112

Abbreviations: Css max, steady-state peak concentration; Css min, steady-state trough concentration; Css ave, average
steady-state drug concentration; BID, twice-daily dosing; QD, once-daily dosing.

4. Discussion

Due to its strong PARP-DNA trapping ability, favorable PK properties, CNS penetra-
tion, and therapeutic potential, pamiparib was evaluated, as a monotherapy or in combina-
tion with other therapies, for the treatment of various cancers, particularly BRCA-mutated
or homologous recombination-deficient tumors [1,3-6,18]. In this study, we developed
a population PK model that well characterized the plasma PK profiles of both total and
unbound pamiparib in glioblastoma patients. The model provides a robust framework for
optimizing dosing regimens to enhance the clinical development and therapeutic success
of this novel PARP inhibitor in oncology.

The pamiparib plasma pharmacokinetic profile following oral administration is char-
acterized by rapid absorption (population mean Ka, 1.58 h™!), low apparent clearance
(population mean CL/F, 2.59 L/h), which is significantly lower than human hepatic blood
flow (~ 80 L/h), extensive distribution (population mean V/F, 44 L), and high plasma pro-
tein binding (population mean Fu, 0.041). These PK parameters align well with pamiparib’s
physicochemical properties and metabolic characteristics. Pamiparib is a small-molecule
drug (molecular weight: 298.3) with moderate lipophilicity (LogP: 2.03), enabling good pas-
sive permeability across biological membranes. Notably, it is not a substrate for the efflux
transporters ABCB1 and ABCG2, which may contribute to its extensive tissue distribution,
including good penetration into the brain [1,9]. Consistent with its low intrinsic clearance
determined in human liver microsomes, a mass balance study in patients with solid tu-
mors demonstrated that unchanged pamiparib is the primary circulating component in
plasma, comprising 67% of total radioactivity, indicating limited metabolic conversion in
humans [18]. Collectively, these observations, in line with our estimated population PK
parameters, support that pamiparib exhibits high oral bioavailability (driven by efficient
passive permeability and an insignificant first-pass effect), low systemic clearance (due to
limited liver metabolism), and extensive tissue distribution.

The population PK analysis suggests that pamiparib exhibits a large interindividual
PK variability in patients, with > 50% IIV observed in Ka, V/F, and CL/F (Table 2). While
creatinine clearance and age were identified as statistically significant covariates influencing
V/F and CL/F for both total and unbound drug, they account for only about 22% and
5% of the respective IIV (Table 2). This suggests that other unassessed patient factors
contribute substantially to the interindividual PK variability of pamiparib. One potential
factor is the activity of liver enzymes, such as CYP3A4 and CYP2C8, which play key roles
in pamiparib metabolism [18]. Potential drug—drug interactions should be considered,
particularly with strong CYP3A4 inhibitors or inducers, although the present population
PK analysis did not identify any concomitant drugs as significant covariates on pamiparib
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PK. A mass balance study in patients revealed that pamiparib metabolites contribute to
approximately 33% of the total radioactivity in plasma [18]. The major metabolic pathways
involve the oxidation and, to a lesser extent, phase II conjugation of oxidative metabolites.
M3 (oxy-dehydro pamiparib) is the most abundant metabolite in human plasma, urine, and
feces [18]. Pamiparib and its metabolites undergo both renal and fecal excretion, accounting
for approximately 58% and 27% of total radioactivity, respectively [18]. The present study
enrolled patients with adequate liver and renal functions. However, given the critical roles
of liver metabolism and renal excretion in pamiparib disposition, the impact of severe liver
impairment or severe renal dysfunction (creatinine clearance < 30 mL/min) on pamiparib
PK remains to be investigated.

Pamiparib is a potent and selective inhibitor of PARP1 and PARP2 enzymes, with a half-
maximal inhibitory concentration (IC50) of approximately 1 nM [2]. In addition, it exhibits
strong PARP trapping potency, surpassing olaparib and rucaparib but slightly weaker than
niraparib and much weaker than talazoparib (the most potent PARP trapper, ~100-fold
stronger than olaparib) [19]. PARP trapping is a key mechanism underlying the cytotoxicity
of PARP inhibitors, particularly in BRCA-mutated and homologous recombination-deficient
cancers [20,21]. Trapped PARP-DNA complexes were more cytotoxic than unrepaired
single-strand breaks caused by PARP inactivation, positioning PARP inhibitors as agents
that not only inhibit enzyme activity but also act as poisons by trapping PARP on damaged
DNA [20,21].

Pamiparib monotherapy has demonstrated clinically meaningful antitumor activity in
patients with platinum-sensitive ovarian cancer harboring germline BRCA mutations [3].
However, its efficacy is limited in patients with recurrent ovarian cancer previously treated
with PARP inhibitors [22]. In general, PARP inhibitor monotherapy (e.g., olaparib, ruca-
parib, niraparib, and pamiparib) is most therapeutically effective in maintenance settings
for tumors (e.g., breast and ovarian cancer) with BRCA mutations or homologous recombi-
nation deficiency [23]. However, broader patient populations or aggressive tumors often re-
quire combination therapy for improved clinical efficacy [24]. Combining a PARP inhibitor
and a chemotherapeutic agent can lead to synergistic effects, as PARP inhibition prevents
DNA repair following DNA damage caused by chemotherapy (e.g., platinum-based drugs
and alkylating agents) [24,25]. Additionally, combination strategies may help overcome
resistance mechanisms that can develop with monotherapy [24,25]. The efficacy and tox-
icity of pamiparib-based combination therapies with DNA-damaging agents, radiation,
targeted therapies, and immunotherapy are under clinical investigation across multiple
cancer types [7]. While pamiparib monotherapy has a manageable safety profile, with
primarily hematologic toxicities such as anemia and neutropenia, combination regimens
often increase the risk of hematologic and gastrointestinal toxicities. Therefore, optimizing
pamiparib dosage or scheduling in combination therapies is critical for balancing efficacy
and tolerability to maximize clinical benefit.

The dose- or exposure-response relationships for PARP inhibitors have been explored
in preclinical and clinical studies [26,27]. In general, these drugs exhibit a plateau effect,
meaning that increasing the drug dose beyond a certain threshold does not significantly
enhance efficacy but does increase toxicity [26]. For instance, rucaparib has a threshold
dose where higher concentrations do not improve efficacy but increase toxicity; olaparib
shows a nonlinear dose-response relationship; and niraparib exhibits dose-dependent
hematologic toxicity [26]. Additionally, an imaging study of olaparib in SCLC PDX models
demonstrated that olaparib achieved 50% target engagement at the dose of 3.17 mg/kg
(ED50) and complete target engagement at 15 mg/kg (~ 5-fold of ED50), with no further
benefit beyond 15 mg/kg [27]. These findings align with the observed plateau effect in
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clinical settings. While the exact dose— or exposure-response relationship for pamiparib is
yet to be fully established, a similar plateau effect is expected.

The current standard pamiparib dose (60 mg BID), established as the maximum tol-
erated dose in monotherapy [4], may exceed the optimal biological dose required for
therapeutic efficacy while minimizing toxicity. Given pamiparib’s excellent tissue dis-
tribution (including brain penetration), its unbound plasma concentrations could serve
as a surrogate for pharmacologically active concentrations at the target site. The target
engagement ratio, defined as the unbound drug trough steady-state plasma concentration
(Css,min) relative to the IC50 for PARP inhibition (1 nM), can be used as an indicator of
potential therapeutic effects. Model simulations following twice-daily oral administration
at doses of 10, 20, 30, 40, and 60 mg suggest that pamiparib achieves the target engage-
ment ratio (Cgs min /1C50) of 29-175 (50th percentile) in patients with a typical population
mean apparent clearance (CL/F), 97-581 (95th percentile) in patients with low CL/F, and
3-16 (5th percentile) in patients with high CL/F (Figure 4 and Table 4). Assuming that
a target engagement ratio of 5 or above is sufficient for full target engagement and phar-
macological activity, doses as low as 20 mg BID may be adequate for therapeutic effects
even in patients with rapid clearance, where the target engagement ratio is 5 (i.e., 5th
percentile) (Figure 4 and Table 4). These findings support further clinical investigation into
dose reduction to optimize pamiparib’s benefit-to-risk ratio, particularly in maintenance
settings for BRCA-mutated or homologous recombination-deficient tumors, which may
respond to lower PARP inhibitor doses. Furthermore, in combination therapies, where
dose-response dynamics may shift due to synergistic effects, lower pamiparib doses would
enhance tolerability while maintaining efficacy. Continued clinical investigation into the
optimization of the pamiparib dosing regimen is essential for refining its clinical application
and maximizing therapeutic benefit.

In conclusion, the total and unbound pamiparib plasma PK are well characterized
by a linear one-compartment model, with creatinine clearance as the significant covariate
on V/F. Model simulations support further clinical investigation into dose reduction to
optimize the benefit-to-risk ratio of pamiparib, particularly in combination therapies.
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Abstract: Background/Objectives: Palbociclib, an oral CDK 4/6 inhibitor, was evaluated in a
Pediatric Brain Tumor Consortium (PBTC) phase 1 (NCT02255461; PBTC-042) study to treat children
and young adults with recurrent, progressive, or refractory brain tumors. The objectives of this study
were to characterize the palbociclib population pharmacokinetics in children enrolled on PBTC-042,
to conduct a population pharmacodynamic analysis in this patient population, and to perform a
simulation study to assess the role of palbociclib exposure on neutropenia and thrombocytopenia.
Methods: The palbociclib population pharmacokinetics and pharmacodynamics were characterized
in this patient population (n = 34 patients; 4.9-21.6 years old). Population pharmacokinetics were
modeled using a one-compartment model with first-order absorption and elimination. Covariate
analysis was performed, evaluating demographics, laboratory values, and concomitant medications.
A pharmacodynamic model was used to describe the relation between palbociclib plasma exposure
and changes in the ANC and platelet counts. Results: The population estimates for the apparent
oral volume, apparent oral clearance, and absorption rate constant were 664.5 L/ m2,36.8L/h/m?2,
and 0.48 h~1, respectively. The palbociclib apparent oral clearance was decreased in patients with
higher AST values (p = 0.0066). The ANC and platelet pharmacodynamic models estimated that the
median (5th-95th percentile) time individuals had grade 3 or greater neutropenia was 4 (0, 21) days.
Simulations showed that given 75 mg/m? palbociclib, 49% of the individuals were expected to have
grade 3 or greater neutropenia. Conclusions: Palbociclib pharmacokinetics and pharmacodynamics
were adequately characterized in this patient population, no unexpected adverse reactions were
noted, and the drug was well tolerated.

Keywords: palbociclib; CDK4/6; pharmacokinetics; pharmacodynamics; pediatrics; brain tumors;
special populations; PK/PD models; nonlinear mixed-effects modeling

1. Introduction

Approximately 4000 new cases of pediatric central nervous system (CNS) tumors
occur in the United States per year [1]. The current therapy for pediatric CNS tumors
such as medulloblastomas, high-grade gliomas, and ependymomas includes maximal
surgical resection and radiation alone or in combination with chemotherapy. Although this
approach will lead to excellent outcomes in these tumors, some of these patients will recur
or relapse, leading to poor overall survival. For these populations, alternative approaches
including molecularly targeted agents are needed [2].

Recent studies at the genomic level have revealed numerous specific molecular alter-
ations that drive the progression of these tumors, but these also may serve as the basis
for the design of molecularly targeted drugs, which can control tumor proliferation and
spread and, in contrast to cytotoxic therapy, cause less damage to normal tissues [3-5].
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Specifically, studies have shown that a significant subset of pediatric CNS tumors harbor
mutations in the cyclin-D cyclin-dependent kinase 4 and 6 (CDK4/6)-retinoblastoma (Rb)
pathway that is a key regulator of the cell cycle. CDK4/6 inhibitors prevent progression
from the G1 phase to the S phase of the cell cycle by inhibiting the phosphorylation of the
retinoblastoma protein (RB1), thereby preventing replication [6,7].

Palbociclib is an oral, potent, and highly selective reversible inhibitor of cyclin-
dependent kinases CDK4 and CDK6, which prevents RB1 phosphorylation and stops
abnormal cellular replication. In children with recurrent or refractory solid or primary
CNS tumors, the average time of the maximum observed concentration (Tmax) after oral
palbociclib administration was between 5 and 8 h, and the average half-life was 11.3 to
19.5 h. The palbociclib systemic exposure (i.e., the maximum plasma concentration (Cmax)
and area under the plasma concentration—time curve (AUC)) increased in a proportional
manner; however, a large inter-individual variability in pharmacokinetic parameters was
reported [8,9].

Myelosuppression, primarily neutropenia, has been the most common adverse event
associated with palbociclib administration in both adult breast cancer studies and the
pediatric literature [8,10]. This neutropenia is likely on-target since preclinical studies have
shown that palbociclib inhibits neutrophil maturation through an effect on early myeloid
progenitor cells [11]. The extent of neutropenia is associated with palbociclib systemic
exposure in clinical trials in adults and in children with relapsed brain tumors; higher
palbociclib systemic exposures (AUC and Ciax) were associated with severe (grade 3 or 4)
neutropenia [8].

Although numerous adult population pharmacokinetic and pharmacodynamic stud-
ies have been published, no comprehensive analysis has been performed in children with
cancer. Thus, the objectives of this study were to characterize the palbociclib population
pharmacokinetics in children with recurrent, progressive, or refractory brain tumors en-
rolled on PBTC-042, to conduct a population pharmacodynamic analysis in this patient
population, and to perform a simulation study to assess the role of palbociclib exposure on
neutropenia and thrombocytopenia.

2. Patients and Methods
2.1. Clinical Trial Design

The patients included in this palbociclib population pharmacokinetic/pharmacodynamic
analysis were treated in the phase I clinical trial PBTC-042 (NCT02255461), which eval-
uated single-agent oral palbociclib therapy in children and young adults with recurrent,
progressive, or refractory brain tumors. Details of this clinical trial have been reported
elsewhere [8]. In adults treated with palbociclib, myelosuppression has been the main
dose-limiting toxicity (DLT) reported, and the toxicity is greater in more heavily pretreated
patients [12,13]. Thus, patients in this pediatric trial were divided into two strata: stratum
Iincluded patients who were not heavily pretreated, while stratum II included heavily
pretreated patients [8]. The starting dosage for stratum I was 50 mg/m?, with planned
dose escalations to 75 mg/m? and 95 mg/m?. The planned starting dosage for stratum
II was one dosage level below the MTD for stratum I. The Institutional Review Board
approved this trial and written informed consent was obtained from patients, parents,
or legal guardians before the onset of any study procedures. Assent was obtained from
patients as appropriate based on local institutional guidelines.

2.2. Pharmacokinetic Sampling and Bioanalysis

Pharmacokinetic studies of oral palbociclib (PD-0332991) were performed on course 1,
day 1 and day 21 to evaluate the population pharmacokinetics of palbociclib. On day 2
of course 1, the palbociclib dose was held. On day 1 of course 1, palbociclib single-dose
serial blood samples were drawn pre-dose and 0.5, 1, 2, 4, 8 (£1), 24 (+4), and 48 (£4)
hours (immediately prior to the day 3 dose) after the oral dose. On day 21 of course 1,
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palbociclib steady-state serial blood samples were collected pre-dose and 1, 2, 4, 8 (1),
and 24 (+4) hours (immediately prior to the day 22 dose) after the dose.

At each time point, whole blood (2 mL) was collected in K,EDTA tubes, spun to
plasma within one hour of collection, and stored at —20 °C until analysis. Palbociclib
plasma concentrations were measured using a validated liquid chromatography-mass
spectrometric assay method with a lower limit of quantitation (LLOQ) of 1 ng/mL [14].

2.3. Population Pharmacokinetic Analysis

Palbociclib serum concentration—time data from course 1, day 1 and day 21 were ana-
lyzed using nonlinear mixed-effects modeling implemented in Monolix software version
2023R1 (Lixoft, Antony, France) using the Stochastic Approximation Expectation Maximiza-
tion (SAEM) algorithm. Inter-individual and inter-occasion variabilities were assumed to
be log-normally distributed. A proportional residual error model was used to quantify the
unexplained variability of the model. Error terms were assumed to be normally distributed.
A one-compartment model with first-order absorption, the absorption lag time, and first-
order elimination was used [15,16]. Specifically, the PK parameters estimated included the
absorption lag time (Ty,z), absorption rate constant (ka), apparent oral volume (V/F), and
apparent oral clearance (CL/F), where F was the bioavailability, which was not identifiable
given only oral dosing was used. The inter-individual variability was estimated for all
parameters. Additionally, the inter-occasion variability was estimated for the CL/F. The
palbociclib dosage (i.e., the palbociclib dosage normalized to the patient body surface area
(BSA)) was used as the model input. Data below the limit of quantitation (BLQ) were
censored according to the Beal method M3 [17], as implemented in Monolix.

2.3.1. Covariate Analysis

The following covariates were evaluated for their effects on the apparent oral palboci-
clib clearance: age, body weight, body surface area (BSA), gender, serum creatinine, serum
albumin, estimated glomerular filtration rate (eGFR), aspartate aminotransferase (AST),
total bilirubin, and concomitant medications reported in at least 10% of the total patients.
The eGFR was calculated using a simplified two-covariate equation based on the patient
height and serum creatinine, which was developed specifically for pediatric oncology pa-
tients [18]. Concomitant medications were tested as categorical variables (i.e., yes/no) and
included dexamethasone, ranitidine, famotidine, granisetron, ondansetron, levetiracetam,
lacosamide, lorazepam, levothyroxine, gabapentin, and trimethoprim/sulfamethoxazole.
Continuous covariates were modeled using a power model scaled to the population median
covariate value. Categorical covariates were modeled according to an exponential model.

A stepwise forward inclusion method was used to identify significant covariates. Each
covariate was added univariately to the parameter of interest and selected based upon
a decrease in the OFV by at least 3.84 units (corresponding to p < 0.05 based on the x?
test), a decrease in the inter-individual variability, and improved model fits. The covariate
displaying the highest change in the OFV was retained in the model and the process was
repeated until no covariates were statistically significant.

2.3.2. Population Pharmacokinetic Model Evaluation

The population pharmacokinetic model fit was evaluated using various goodness-of-
fit plots including observed vs. population predicted, observed vs. individual predicted,
weighted residuals vs. time, and visual predictive checks. The predictive performance
of the final model was evaluated using approaches previously employed [19,20]. The
precision of the parameters estimated from the final population model was evaluated using
a non-parametric bootstrap resampling method. A total of 500 replicates of the original
dataset were generated using random sampling with replacement. The model was applied
to each replicate dataset. Summary statistics for each parameter were calculated based upon
the model runs (i.e., the mean and 90% bootstrap confidence interval). Non-parametric
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bootstrapping was performed with the MonolixSuite R-based package Rsmlx 2.0.4 package
(Lixoft, Antony, France).

2.4. Pharmacodynamic (PD) Methods

A complete blood count (CBC) with differential was performed pre-therapy, weekly
during course 1, and then weekly during courses 2 to 26. The CBC provided platelet and
absolute neutrophil counts (ANCs). If an individual only had a single platelet count or
ANC observation collected before palbociclib administration, the patient was not included
in the pharmacodynamic analysis.

2.4.1. Pharmacodynamic Model

The model describing the ANC and platelet dynamics has been previously described [21].
The model for the ANC consisted of a bone marrow compartment with proliferating
neutrophils, three transient compartments that represent the maturation process of the
neutrophils from blasts to circulating neutrophils, and a circulating neutrophil compart-
ment. The model included the negative feedback effects of endogenous G-CSF, which
affected the growth rate of proliferating cells in a manner inversely proportional to the
concentration of circulating neutrophils. We assumed that palbociclib only affected the
proliferating neutrophils in the bone marrow compartment. We used a similar structural
model for platelet dynamics. The model describing the neutrophil dynamics is shown in
Equations (1)-(5) and Figure S1.

N, ki K ICE
Zl:M - KM”; ]I:/;Circ IC5 + C;?:)lblociclib A @
dl;ltﬂ = kypp(Npem — Nr11) ?)
dl;ll:z = kpp(N11 — Nr2) 3)
d%ﬁ = kup(Nr2 — Nr3) 4)
% = kpbNr3 — Kout Neire ()

The model parameters were as follows: Nppy;: proliferating bone marrow stem cells;
Nr1, N12, and Nr3: transient compartments describing the maturation phases of the
neutrophils; N;.: circulating neutrophils. Note that we were only able to observe this
compartment. The model parameters were defined as follows: k;, (1/days): the stem cell
proliferation rate; ky, (1/days): the transition rate between transient compartments (the
mean transition time from the bone marrow to the circulating neutrophils is 4/ kbp) 5 Kout
(1/days): the elimination rate of circulating neutrophils; Ky, (103 / uL): the half-saturation
effect of the G-CSF negative feedback; IC5y (nM) and n; the half-saturation effect and
Hill coefficient of the palbociclib effects on the bone marrow; and Cpgpociciiv (NM): the
concentration of palbociclib in the plasma. Prior to treatment, the system was assumed to
be steady-state, where N_;,.o was the steady-state circulating neutrophil level. The following
relationship between the model parameters was needed for the system to maintain steady
state prior to treatment (Equation (6)).

kyp

Ky=—"°
M7 K — Ky

NcircO (6)

For this relationship to be positive, k;; > k. To ensure this requirement, we defined
kyp = fkpp-kin where fky, € [0, 1] and estimated fky,. In addition, the initial conditions for
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the system at steady state (i.e., the steady-state solution to the system in the absence of the
drug) are (Equation (7))

kout kout kout kout
rNcircOr rNcircOr rNcirCOI rNcirCOI NcircO (7)
bp bp bp bp

2.4.2. Parameter Estimation

The parameters for the pharmacodynamic model were estimated using nonlinear
mixed-effects modeling with the SAEM algorithm as implemented in the Monolix® software
version 2023R1 (Lixoft, Antony, France). The palbociclib pharmacokinetics were fixed
to each individual’s post hoc estimated parameters (as determined above). The inter-
individual and inter-occasion variability were assumed to be log-normally distributed for
all parameters except fk;,, which was assumed to be a logit distribution, so its value will be
between 0 and 1. A proportional residual error model was used to quantify the unexplained
variability of the model. Error terms were assumed to be normally distributed.

2.4.3. Pharmacodynamic Model Simulations

To assess the extent of neutropenia and thrombocytopenia expected at clinically
relevant dosages and the effect of prior myelosuppressive therapy on neutropenia and
thrombocytopenia, simulations were performed with three fixed dosages (50, 75, or 95
mg/m?/day for 21 days) using the individual estimated PK (conditional mode) and
PD parameters (samples from the conditional distribution). The median and 5th-95th
percentiles for the measurements of neutropenia and thrombocytopenia were calculated
using the individual PD profiles (based on the individual estimated PD parameters sampled
from the individual conditional distribution) of the ANC and platelet dynamics. We
evaluated bias in residuals (measured vs. estimated ANC or platelets) between courses
(1 and 2 vs. 3 and 4) using the Kruskal-Wallis test. Comparisons of neutropenia and
thrombocytopenia between strata were evaluated using the Kruskal-Wallis test.

3. Results
3.1. Summary of Population Pharmacokinetic Data

Pharmacokinetic studies were conducted on the 34 participants enrolled in the study
who were assigned oral palbociclib at 50, 75, and 95 mg/m?/day. One patient who
deviated from the protocol by taking concomitant medications of phenytoin (a strong
CYP3A inducer) and omeprazole (a proton pump inhibitor) was excluded from the analysis.
The remaining 33 patients participated in course 1, day 1 pharmacokinetic studies, and
of them, 26 patients participated in course 1, day 21 studies. Among the seven patients
who did not participate in course 1, day 21 pharmacokinetic studies, one patient withdrew
consent, four patients went off study, one patient was taken off treatment due to progressive
disease, and samples from one patient were not collected because of that patient’s clinical
condition. Patients ranged from 4.9 to 21.6 years old, and over half were Caucasian. All the
patient characteristics, including the clinical covariates and concomitant medications of
interest, are summarized in Table 1.

This study included 397 samples from these 33 individuals. We excluded 10 samples
from three patients, so a total of 387 samples were included in the pharmacokinetic analysis.
The 10 samples were excluded for the following reasons: the 24 h sample was higher than
the 8 h in two individuals, suggesting that these patients may have taken a dose prior to the
sample at 24 h. Therefore, the 24 and following 48 h samples in these two individuals were
excluded. One patient had four course 1, day 21 samples that were BLQ (pre-dose and 1, 2,
and 4 h post-dose), followed by two samples well above BLQ at 7 and 24 h post-dose. These
samples BLQ were spurious given the individual received 21 days of dosing. Therefore,
these six samples on day 21 were excluded.
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Table 1. Characteristics of patients included in the pharmacokinetic study (n = 33).

Female/male n (%) 12 (36)/21 (64)
* Race n (%)

Caucasian 19 (58)

Black 4(12)

Other 10 (30)
Stratum I/II n (%) 21 (64)/12 (36)
Palbociclib dosage n (%)

50 mg/m? 6 (18)

75 mg/m? 21 (64)

95 mg/m? 6 (18)
Age (y) 12.8 (4.9-21.6)
Height (cm) 147.8 (109-185.1)
Weight (kg) 52.5(23.8-110.4)
Body surface area (m?) 1.5 (0.8-2.4)
Albumin (g/dL) 4.2 (3.24.9)
Aspartate aminotransferase (AST; U/L) 25 (11-93)
Bilirubin (mg/dL) 0.4 (0.1-1.2)
Creatinine (mg/dL) 0.5 (0.2-1.2)
Concomitant medication: Day 1 n (%); Day 21 n (%)

Ranitidine 3(9);2(8)

Famotidine 1(3); 1(4)

HT-3 inhibitors (ondansetron/granisetron) 5(15)/2(6); 3 (12)/2 (8)

Dexamethasone 8 (24); 5 (19)

Data are reported as the frequency or median (range). * Self-declared ethnicity. Other includes Asian (n = 3),
Hispanic (4), American Indian/Alaskan (1), and unknown (n = 2).

3.2. Population Pharmacokinetic and Covariate Analysis

The base population pharmacokinetic estimates for the Tj,g, ka, V/F and CL/F were
0.8 h, 0.48/h, 664.5 L./m?, and 36.8 L/h/m?, respectively. A summary of all the population
parameters and measures of variability is shown in Table 2. Covariate analysis showed that
the palbociclib CL/F was significantly decreased with increasing AST (from 48.2 L/h/m?
at AST =10 U/L to 24.1 L/h/m? at AST = 100 U/L; p = 0.0066; Table S1; Figure 1). With
the inclusion of AST, the inter-patient variability of the palbociclib CL/F decreased by 10%
(from 0.29 to 0.26) (Table 2). None of the concomitant drugs considered as covariates were
significant (Table S1).
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Figure 1. Scatterplot of palbociclib apparent clearance and aspartate aminotransferase levels
(Corr: 0.98, p = 0.0066).
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Table 2. Final pharmacokinetic population parameter estimates.

Parameters * Base Model Est. Non-Parametric Bootstrap
(RSE%) * AST Mean 90% CI

Population estimates

Absorption lag time Ty, (h) 0.8 (12.3) 0.8 (12.1) 0.81 0.65; 0.97

Absorption rate constant k, (/h)  0.48 (17.9) 0.46 (17.6) 0.51 0.39; 0.70

Volume V/F (L/m?) 664.5 (4.1) 653 (3.5) 668.5 617.1;757.1

Clearance CL/F (L/h/m?) 36.8 (5.8) 36.5(5.2) 33.5 30.5;37.9

Covariates

AST on CL/F —0.3(39.3) —0.24 —0.12; —0.36

Inter-patient variabilities (IIV) *

Absorption lag time Tag 0.68 (14.4) 0.67 (14.1) 0.69 0.54; 0.88

Absorption rate constant k, 0.88 (16) 0.87 (14.8) 0.86 0.34; 1.19

Volume V/F 0.076 (58) 0.04 (86) 0.06 0.02; 0.26

Clearance CL/F 0.29 (16.7) 0.26 (16.3) 0.24 0.15; 0.30

Inter-occasion variabilities (IOV)

Clearance CL/F 0.13 (28) 0.12 (25.4) 0.13 0.09; 0.18

Residual proportional error 0.32 (4.7) 0.32 (4.7) 0.32 0.26; 0.39

2 x Log-likelihood value (OFV) 3198 3191.6

* RSE%, relative standard error; IIV and IOV are reported as a standard deviation.

The diagnostic plots of the final pharmacokinetic model are shown in Figure 2. The
goodness-of-fit plots based on the model observations and predictions did not show any
significant bias or model misfits (Figure 2a-d). In addition, the prediction-corrected visual
predictive checks based on model simulations showed that the central tendency and the
variability of the palbociclib data both after a single dose and at steady state were accurately
described by the final population pharmacokinetic model (Figure 2e,f).

The precision of the population parameter estimates for the final model was further
assessed using non-parametric bootstraps. The estimated population parameters were
close to the mean of the bootstrap estimates, and none of the 90% confidence intervals
included a value of zero (Table 2).
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1000

Figure 2. Diagnostic plots for the population pharmacokinetic model. (a) Observed concentration—
time data vs. population, (b) individual model predictions, (c) individual weighted residuals IWRES)
vs. time, and (d) model predictions. In panels (a,b), solid lines represent the unity line and red crosses
are data below the limit of quantification. The bottom plots show (e) the prediction-corrected visual
predictive checks for single-dose and (f) steady-state data. Circles are observed data, stars in a red
color are data below the limit of quantification, the solid lines depict the model-predicted 5th, 50th,
and 95th percentiles, respectively, and the shaded areas represent the 90th confidence interval around
the model-predicted percentiles.

3.3. Summary of Pharmacodynamic Data

Of the 33 patients used for the population PK model, 2 individuals were not included
in the pharmacodynamic analysis as they only had a single ANC and PLT observation
collected before the administration of the palbociclib dose. A total of 190 ANCs and 189 PLT
observations from 31 individuals were available during course 1 (until the beginning of
course 2, day 1). A total of 99 ANCs and PLT observations from 21 individuals were
available during course 2 (until the beginning of course 3, day 1). A total of 54 ANCs
and 55 PLT observations from six individuals were available during courses 3 and 4. An
average of 11 ANC and PLT data points were collected for each patient over all courses.

3.4. Population Pharmacodynamic Parameter Estimation—ANC

We used the ANC data for the first two courses of palbociclib to evaluate the popu-
lation pharmacodynamic parameters. A summary of the population pharmacodynamic
parameters is shown in Table 3A, the goodness-of-fit plots are shown in Figure 3a,b, and
individual ANC vs. time plots of the model fits are shown in Figure S2. Based on the
individual model estimates, the estimated median (5th-95th percentile) time below an ANC
of 1.5 x 103/uL (i.e., grade 2 neutropenia), 1.0 x 10%/uL (i.e., grade 3 neutropenia), and
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0.5 x 103/uL (i.e., grade 4 neutropenia) was 15 (0, 35), 4 (0, 21), and 0 (0, 11) days/ course for
the first two courses, respectively. In addition, the estimated median (5th-95th percentile)
nadir based on data from the first two courses was 1.0 (0.4, 3.3) x 103/ uL.

Using the six individuals who also had course 3 and 4 ANC data, we determined
the ability to predict these next two courses of treatment given the PKs from course 1 and
the PD estimates based on data from courses 1 and 2. Figure S2 shows the individual
ANC vs. time plots for all four courses for these six individuals, visually indicating that
courses 3 and 4 are described well by the individual model fits to the first two courses.
Additionally, we evaluated the residuals (the percent difference between the observed
and estimated ANC) during courses 1 and 2 vs. 3 and 4. We observed no bias in the
residuals in either group (median [5th-95th percentile]: —1.5% [—41%, 38%], p = 0.16, and
—6.1% [—69%, 55%], p = 0.22, respectively), and the difference in the bias between the two
groups was not significant (p = 0.1).
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Figure 3. Pharmacodynamic model goodness-of-fit plots for ANC: (a) Actual vs. individual predicted
ANC. (b) Individual weighted residuals for ANC. Pharmacodynamic model goodness-of-fit plots for
PLT: (c) Actual vs. individual predicted PLT. (d) Individual weighted residuals for PLT.
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Table 3. (A) Population PD parameter estimates for ANC model. (B) Population PD parameter

estimates for PLT model.

(A)
Parameter Population RSE v RSE 10V RSE
Estimate (%) (CV%) (%) (CV%) (%)
Neirco (103 /L) 3.95 8.7 47.0 13.9
kin (1/days) 0.90 8.6 29.4 50.2 14.3 54.3
kbp (1/days) 0.78 3.5 1.5 203.4 5.8 123.7
kout (1/days) 4.80 Fixed Fixed
ICso (nM) 3835 17.8 25.6 53.0 242 149.4
n 1 Fixed Fixed
Residual error
b 0.29 6.0
(B)
Parameter Population RSE v RSE 10V RSE
Estimate (%) (CV%) (%) (CV%) (%)

Nireo (107/1) 267.40 4.2 21.4 14.4
kin (1/days) 0.93 3.3 7.6 39.4 4.1 43.8
kbp (1/days) 0.52 5.9 7.6 99.1 5.9 57.2
kout (1/days) 4.80 Fixed Fixed
ICsy (nM) 559.14 11.2 33.0 33.6 19.6 72.8
n 1 Fixed Fixed
Residual error
b 0.20 6.0

3.5. Population Pharmacodynamic Parameter Estimation—Platelets

We then used the PLT data for the first two courses of palbociclib to evaluate the
population pharmacodynamic parameters. A summary of the population parameters is
shown in Table 3B, goodness-of-fit plots are shown in Figure 3c,d, and individual PLT vs.
time plots of the model fits are shown in Figure S3. Based on the individual model estimates,
only three individuals had grade 1 (<100 x 107 /uL) or greater thrombocytopenia (one grade
1, one grade 2, and one grade 3). In addition, the estimated median (5th-95th percentile)
nadir was 169 (59, 240) x 107 /uL.

Using the six patients who also had course 3 and 4 PLT data, we determined the ability
to predict these next two courses of treatment given the PKs from course 1 and the PD
estimates based on data from courses 1 and 2. Figure S3 shows the individual PLT vs. time
plots for all four courses in these six individuals, visually indicating that courses 3 and 4
are described well by the individual model fits to the first two courses. Additionally, we
evaluated the residuals (the percent difference between the observed and estimated PLT)
during courses 1 and 2 vs. 3 and 4. We observed no bias in the residuals in courses 1 and 2
(median [5th-95th percentile]: —1.9% [—26%, 28%], p = 0.08), though there was some bias
(over-predicting the PLT depletion) in courses 3 and 4 (—8.0% [—37%, 18%], p = 4 x 107%).
The difference in the bias between the two groups was also significant (p = 0.006).

3.6. Pharmacodynamic Simulations

To assess the extent of myelosuppression expected at clinically relevant dosages, we
simulated the effects of a fixed palbociclib dosage of either 50, 75, or 95 mg/m?/day for
21 days on the duration and extent of ANC and PLT depletion. In these simulations, we
used PD parameters sampled from each patient’s conditional distribution (n = 10 per
individual). These results are summarized in Figure 4 and Table 4. These simulations
show that given a 50 mg/m? dose, 19% of the individuals are expected to have grade 3 or
greater neutropenia and none are expected to have grade 3 or greater thrombocytopenia.
Furthermore, the median (5th-95th percentile) duration of grade 3 or greater neutropenia
was 0 (0, 16) and 12 (0, 30) days for a 50 and 95 mg/m? dose, respectively. In addition, given
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a95 mg/m? dose, 69% of the individuals are expected to have grade 3 or greater neutropenia
and 6% of the individuals are expected to have grade 3 or greater thrombocytopenia, and
the median (5th-95th percentile) duration of grade 3 or greater thrombocytopenia was 0 (0,

0) and 0 (0, 11) days for a 50 and 95 mg/m? dose, respectively.

To assess the effect of prior myelosuppressive therapy on myelosuppression, we
simulated patients subdivided by stratum, and our simulations show that given a dosage
of 75 mg/m?, more grade 3 neutropenia would be expected in a heavily pretreated patient
(i.e., stratum 2) than a patient who was not heavily pretreated (i.e., stratum 1) (75% vs.
35%; p =2 x 10718; Figure S4) and more grade 3 thrombocytopenia would be expected in
stratum 2 vs. 1 (15% vs. 0%; p =3 x 10-13; Figure S5).

Table 4. Estimated nadir and duration of ANC and PLT depletion when given palbociclib 50, 75, or
95 mg/m?/day for 21 days.

Nadir of ANC 50 mg/m?/day 75 mg/m?/day 95 mg/m?/day
% <1.5 x 103/puL 45 72 79

% <1.0 x 103/uL 19 49 69

% <0.5 x 103/uL 3.1 13 32

Duration of ANC depletion (days); median (5th-95th percentile)

Days < 1.5 x 103/ul. 0(0,28) 15 (0, 34) 20 (0, 39)
Days < 1.0 x 103/ul.  0(0, 16) 0(0,24) 12 (0, 30)
Days < 0.5 x 103/uL. 0(0,0) 0(0,11) 0(0,19)
Nadir of PLT 50 mg/m?/day 75 mg/m?/day 95 mg/m?/day
% <100 x 107 /L 6 8 12

% <50 x 10° /L 0 6 6

% <25 x 10° /L 0 0 3

Duration of PLT depletion (days); median (5th-95th percentile)

Days < 100 x 10°/L  0(0, 1) 0(0,13) 0 (0, 16)

Days <50 x 107/L 0(0,0) 0(0, 6) 0(0,11)

Days < 25 x 10°/L 0 (0, 0) 0 (0, 0) 0 (0, 0)

Dose: 50 mg/m?

0 14 28

Time (Days)

(A)

Figure 4. Cont.
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Figure 4. Pharmacodynamic simulations: (A): Simulated ANC vs. time for 50 mg/m?/day pal-
bociclib for 21 days. (B): Simulated ANC vs. time for 75 mg/m?/day palbociclib for 21 days.
(C): Simulated ANC vs. time for 95 mg/m?/day palbociclib for 21 days. (D): Simulated PLT vs.
time for 50 mg/m?/day palbociclib for 21 days. (E): Simulated PLT vs. time for 75 mg/m?/day
palbociclib for 21 days. (F): Simulated PLT vs. time for 95 mg/m?/day palbociclib for 21 days. For
all panels of Figure 4—blue bar: dosing interval; black solid line, green dashed line, and red dotted
line: mild neutropenia or thrombocytopenia (100 x 10°/L), moderate neutropenia (1.0 x 10%/uL) or
thrombocytopenia (50 x 10?/L), and severe neutropenia (0.5 x 103/uL) or thrombocytopenia (25 x
10 /L); black curve: median ANC or PLT; blue shaded region: 25th-75th percentiles; gray shaded
region: 5th-95th percentiles.

4. Discussion

The population pharmacokinetics and pharmacodynamics of palbociclib, a CDK4/6
inhibitor, were characterized for the first time in children and young adults with recurrent,
progressive, and refractory brain tumors. The results of the covariate analysis showed
that the apparent oral clearance of palbociclib was influenced by baseline AST values.
Specifically, a 2.5-fold increase in the baseline AST was associated with a 2-fold lower
apparent oral palbociclib clearance. Additionally, the ANC and PLT data during the first
two courses were well described. Based on the individual model estimates for the ANC
and PLT for the first two courses, we predicted the ANC data for six patients for courses 3
and 4 without bias, but the PLT data were biased and slightly over-predicted.
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Prior to the current report, only one study had published pharmacokinetic data for
palbociclib in pediatric oncology patients. Raetz and colleagues studied the disposition of
palbociclib in 12 children with acute lymphoblastic leukemia or lymphoma enrolled in a
phase I study [22]. They obtained serial samples on days 1 and 11 for up to 24 h after the
oral dose. Both capsule (n = 3) and liquid formulations (n = 9) were used in this study, and
a noncompartmental pharmacokinetic analysis approach was used. They reported a mean
(range) steady state apparent oral clearance of 40.4 (21.1-102.0) L/h/m? and a half-life of
27.9 (4.5-86.8) hours [22].

In adult patients, the results of several population pharmacokinetic studies have been
published. Royer and colleagues published the first population pharmacokinetic study of
palbociclib utilizing retrospective data collected from therapeutic drug monitoring [15].
Although they studied 124 patients, they only had 151 samples for model building. A
one-compartment model with a first-order absorption (Ka), an absorption lag time, and
a combined error model was used to describe their data. The noise in the real-world
data limited their ability to estimate the parameters of their model (e.g., the absorption);
however, their estimate of a palbociclib apparent oral clearance of 58 L/h (34 L/h/m?)
compares well with the one from the present study. They found that the creatinine clearance
(CrCl) estimated using the Cockcroft-Gault method, which includes the variables of age,
gender, weight, and serum creatinine, was a significant covariate. As the CrCl decreased,
the palbociclib apparent oral clearance decreased, and the AUC increased.

That same group conducted a population pharmacokinetic/pharmacodynamic study
of palbociclib using therapeutic drug monitoring data for 143 patients, which were retrieved
retrospectively from the patient record management software [16]. Similarly to Royer, these
authors used a one-compartment model with a first-order absorption (Ka), an absorption
lag time, and a combined error model to describe their data. They estimated the palbociclib
apparent oral clearance as 57 L/h (34 L/h/m?), which is remarkably similar to that of
Royer and not unexpectedly compares to the one from the present study. As with the study
by Royer, these authors also found that CrCl was a significant covariate for the palbociclib
apparent oral clearance. However, these authors also found that a hepatic biomarker
(alkaline phosphatase; ALP) was a significant covariate for the palbociclib apparent oral
clearance with increasing ALP associated with a decreasing palbociclib clearance and
increased systemic exposure.

Lastly, Courlet and colleagues conducted a population pharmacokinetic study in
adults using data from a clinical trial aimed at optimizing oral targeted anticancer therapies
(OpTAT; NCT04484064) [23]. The authors obtained blood samples at routine visits and
serial sampling up to 12 h in 45 women with metastatic breast cancer receiving palbociclib.
Differently from the Royer analysis, these authors used a two-compartment model with
first-order absorption, a lag-time, and a proportional error model to describe their data.
The palbociclib apparent oral clearance from their analysis was 67 L/h (39 L/h/ mz), which
was similar to both Royer and the current analysis. In this analysis, the palbociclib apparent
oral clearance was increased by 56% when taken under fasting conditions along with
concomitant proton pump inhibitors; however, the authors never specify exactly which
PPIs these patients were administered nor the exact palbociclib formulation used.

The results of our covariate analysis showed that aspartate aminotransferase (AST) was
a significant covariate for the palbociclib apparent oral clearance. Our covariate analysis
included a measure of renal function (i.e., the estimated GFR) as well as age and BW, but
none of these covariates had a significant impact on the palbociclib apparent oral clearance
as found by Royer or Marouille in their analyses [15,16]. We did find that a marker of
hepatic function, AST, was associated with the palbociclib apparent oral clearance, similarly
to that of Royer. Moreover, as reported by those authors, an increase in AST was associated
with a decrease in the palbociclib apparent oral clearance and an increase in the palbociclib
systemic exposure.

The results of the first phase I studies in adults showed that myelosuppression
was the primary dose-limiting toxicity for palbociclib. Thus, investigators performed
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exploratory pharmacokinetic and pharmacodynamic analyses of the relation between pal-
bociclib systemic exposure and the ANC and platelet levels during the first two courses
of treatment [24,25]. Using a simple Emax model, they established a relationship be-
tween the change in the ANC and platelet levels versus the palbociclib plasma exposure
with increasing exposures resulting in a saturable decrease from the baseline for both
the ANC and platelets. Subsequent studies used a more mechanistic population pharma-
cokinetic/pharmacodynamic modeling approach based on a previously described semi-
mechanistic physiological model developed to describe the effects of cytotoxic chemother-
apy agents on neutrophils but not platelets [26]. Although the Friberg approach initially
was intended to model the neutropenic effects of cytotoxic chemotherapy, these investiga-
tors found that it performed well at modeling the cytostatic effects of palbociclib [16,27,28].
This model has also been used to model the cytostatic effects of other CDK4/6 inhibitors
such as ribociclib [29] and trilaciclib [30].

Similarly to the results observed in the adult phase I studies, the recent pediatric phase
I study of palbociclib also reported myelosuppression as the most common dose-limiting
toxicity [8]. A preliminary regression analysis demonstrated that higher values of the pal-
bociclib Cmax and AUC were associated with more severe (grade 3 or 4) neutropenia and
leukopenia [8]. These observations prompted this more thorough analysis of the relation
between palbociclib systemic exposure and the ANC and platelet levels. We modeled both
the ANC and PLT data in the current study using our previously developed mechanistic
mathematical model originally developed to quantify temozolomide myelosuppression [31]
and later modified to quantify topotecan neutropenia and thrombocytopenia in neuroblas-
toma [21]. The results of our current analysis compare closely to several other studies. For
example, the baseline ANC (CIRC) for our model was 3.95 x 10 /uL, which compares
favorably with 3.63 x 103/uL from Sun [27], 2.94 x 103/pL from Marouille [16], and
3.36 x 10%/uL from Jian [28]. In addition, the MTT (the time for committed stem cells to
pass through the maturation compartments before entering the circulation) in the three
published adult PK/PD studies ranged from 4.33 to 8.25 days, which was similar to the
5.12 days estimated from our current study.

Since six patients had ANC data from the third and fourth courses, we determined
the ability of our pharmacodynamic model to use course 1 and 2 individual PD and PK
estimates to predict the PD profile for courses 3 and 4. The lack of bias in the residuals
indicated that our model was capable of predicting course 3 and 4 ANC values well and
that the decreases in ANCs were not cumulative. This observation was consistent with that
made in the early phase I study of Schwartz and colleagues [24]. In a larger population
PK/PD analysis, Sun and his group also noted neutropenia associated with palbociclib
administration was reversible and not cumulative [27].

Using our pharmacodynamic model, we simulated the extent of myelosuppression
expected at clinically relevant palbociclib dosages (between 50 and 95 mg/m?). The
simulations provide a quantitative and mechanistic approach to predict the ANC and PLT
concentrations expected at any clinically relevant palbociclib dosage. For example, the
model predicted that given a palbociclib dosage of 75 mg/m?, approximately half the
patients would have grade 3 or greater neutropenia.

The present study had several limitations. First, as with many pediatric population
pharmacokinetic and pharmacodynamic studies, the number of patients studied was
relatively small on course 1, day 1, and the number of patients with repeat studies on
course 1, day 21 was even smaller. Another limitation of our study is the lack of external
model validation. Due to the small patient population, the sample size was not large
enough to derive an external validation group to further validate the model. Regardless,
our pharmacokinetic and pharmacodynamic findings for this patient population agree
with previously published adult results, and our PK/PD model could be very useful for
predicting expected ANC- and PLT-related toxicities at relevant doses with the caveat that
it will require prospective validation in an independent patient population.
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5. Conclusions

This is the first population pharmacokinetic and pharmacodynamic study of palbo-
ciclib in children and adolescents with progressive brain tumors. Significant covariates
associated with palbociclib disposition identified in our analysis included a decreased
apparent oral clearance in patients with increased AST values. The ANC and PLT data
during the first two courses were well described. Based on their individual model estimates
for the ANC and PLT for the first two courses, we estimated the ANC data for six patients
for courses 3 and 4 without bias, but the PLT data were biased and slightly over-predicted.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ pharmaceutics16121528 /s1, Table S1: Comparison of the base
pharmacokinetic model’s objective function value (OFV) with models including single covariates on
apparent clearance (Cl/F); Figure S1: Depicted below is the pharmacodynamic model scheme describ-
ing the ANC and platelet dynamics. The model for ANC consists of a bone marrow compartment
with proliferating neutrophils, three transient compartments that represent the maturation process
of the neutrophils from blasts to circulating neutrophils, and a circulating neutrophil compartment.
The model included the negative feedback effects of endogenous G-CSF, which affected the growth
rate of proliferating cells in a manner inversely proportional to the concentration of circulating
neutrophils. We assumed that palbociclib only affected the proliferating neutrophils in the bone
marrow compartment. We used a similar structural model for platelet dynamics; Figure S2_1: ANC
vs Time Plots for patient #1. Right Axis: ANC (103 /uL), black curve, model estimated curve; black
dots measured ANC levels. Left Axis: palbociclib concentration (nM), red dotted curve, model
estimated concentration. Horizontal black solid, green dashed, and red dotted lines: ANC thresholds
of 1.5, 1.0, and 0.5 x 10%/uL, respectively; Figure S2_5: ANC vs Time Plots for patient #5. Right
Axis: ANC (10%/puL), black curve, model estimated curve; black dots measured ANC levels. Left
Axis: palbociclib concentration (nM), red dotted curve, model estimated concentration. Horizontal
black solid, green dashed, and red dotted lines: ANC thresholds of 1.5, 1.0, and 0.5 x 103/uL,
respectively; Figure S2_14: ANC vs Time Plots for patient #14. Right Axis: ANC (103/uL), black
curve, model estimated curve; black dots measured ANC levels. Left Axis: palbociclib concentration
(nM), red dotted curve, model estimated concentration. Horizontal black solid, green dashed, and
red dotted lines: ANC thresholds of 1.5, 1.0, and 0.5 x 103/ uL, respectively; Figure S2_21: ANC vs
Time Plots for patient #21. Right Axis: ANC (103 /uL), black curve, model estimated curve; black dots
measured ANC levels. Left Axis: palbociclib concentration (nM), red dotted curve, model estimated
concentration. Horizontal black solid, green dashed, and red dotted lines: ANC thresholds of 1.5,
1.0, and 0.5 x 103/ uL, respectively; Figure S2_22: ANC vs Time Plots for patient #22. Right Axis:
ANC (103/ uL), black curve, model estimated curve; black dots measured ANC levels. Left Axis:
palbociclib concentration (nM), red dotted curve, model estimated concentration. Horizontal black
solid, green dashed, and red dotted lines: ANC thresholds of 1.5, 1.0, and 0.5 X 10%/uL, respectively;
Figure S2_25: ANC vs Time Plots for patient #25. Right Axis: ANC (10%/uL), black curve, model
estimated curve; black dots measured ANC levels. Left Axis: palbociclib concentration (nM), red
dotted curve, model estimated concentration. Horizontal black solid, green dashed, and red dotted
lines: ANC thresholds of 1.5, 1.0, and 0.5 x 103/ uL, respectively; Figure S3_1: PLT vs Time Plots for
patient #1. Right Axis: PLT (109 /L), black curve, model estimated curve; black dots measured PLT
levels. Left Axis: palbociclib concentration (nM), red dotted curve, model estimated concentration.
Horizontal black solid, green dashed, and red dotted lines: PLT thresholds of 100, 50, and 25 x 10%/L,
respectively; Figure S3_5: PLT vs Time Plots for patient #5. Right Axis: PLT (109 /L), black curve,
model estimated curve; black dots measured PLT levels. Left Axis: palbociclib concentration (nM),
red dotted curve, model estimated concentration. Horizontal black solid, green dashed, and red
dotted lines: PLT thresholds of 100, 50, and 25 x 10%/L, respectively; Figure S3_14: PLT vs Time
Plots for patient #14. Right Axis: PLT (109/ L), black curve, model estimated curve; black dots
measured PLT levels. Left Axis: palbociclib concentration (nM), red dotted curve, model estimated
concentration. Horizontal black solid, green dashed, and red dotted lines: PLT thresholds of 100,
50, and 25 x 10°/L, respectively; Figure S3_21: PLT vs Time Plots for patient #21. Right Axis: PLT
(109 /L), black curve, model estimated curve; black dots measured PLT levels. Left Axis: palbociclib
concentration (nM), red dotted curve, model estimated concentration. Horizontal black solid, green
dashed, and red dotted lines: PLT thresholds of 100, 50, and 25 x 10° /L, respectively; Figure S3_22:
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PLT vs Time Plots for patient #22. Right Axis: PLT (10? /L), black curve, model estimated curve;
black dots measured PLT levels. Left Axis: palbociclib concentration (nM), red dotted curve, model
estimated concentration. Horizontal black solid, green dashed, and red dotted lines: PLT thresholds
of 100, 50, and 25 x 10°/L, respectively; Figure S3_25: PLT vs Time Plots for patient #25. Right
Axis: PLT (10° /L), black curve, model estimated curve; black dots measured PLT levels. Left Axis:
palbociclib concentration (nM), red dotted curve, model estimated concentration. Horizontal black
solid, green dashed, and red dotted lines: PLT thresholds of 100, 50, and 25 x 10°/1, respectively;
Figure S4: Simulated ANC vs time given palbociclib dosages of 50, 75, and 95 mg/m?/day for
21 days for Stratum 1 and 2. Horizontal black solid, green dashed, and red dotted lines: ANC
thresholds of 1.5, 1.0, and 0.5 x 10%/uL, respectively. Black curve: median ANC; Blue shaded region:
25-75th percentiles; Grey shaded region: 5-95th percentiles; Figure S5: Simulated PLT vs time given
palbociclib dosages of 50, 75, and 95 mg/ m2/ day for 21 days for Stratum 1 and 2. Horizontal black
solid, green dashed, and red dotted lines: PLT thresholds of 100, 50, and 25 X 10°/L, respectively.
Black curve: median PLT; Blue shaded region: 25-75th percentiles; Grey shaded region: 5-95th
percentiles.
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Abstract: Efficacy to biologics in rheumatoid arthritis (RA) patients is variable and is likely influenced
by each patient’s circulating drug levels. Using modelling and simulation, the aim of this study
was to investigate whether adalimumab and etanercept biosimilar dosing intervals can be altered
to achieve therapeutic drug levels at a faster/similar time compared to the recommended interval.
RA patients starting subcutaneous Amgevita or Benepali (adalimumab and etanercept biosimilars,
respectively) were recruited and underwent sparse serum sampling for drug concentrations. Drug
levels were measured using commercially available kits. Pharmacokinetic data were analysed using
a population approach (popPK) and potential covariates were investigated in models. Models were
compared using goodness-of-fit criteria. Final models were selected and used to simulate alternative
dosing intervals. Ten RA patients starting the adalimumab biosimilar and six patients starting the
etanercept biosimilar were recruited. One-compartment PK models were used to describe the popPK
models for both drugs; no significant covariates were found. Typical individual parameter estimates
were used to simulate altered dosing intervals for both drugs. A simulation of dosing the etanercept
biosimilar at a lower rate of every 10 days reached steady-state concentrations earlier than the usual
dosing rate of every 7 days. Simulations of altered dosing intervals could form the basis for future
personalised dosing studies, potentially saving costs whilst increasing efficacy.

Keywords: rheumatoid arthritis; pharmacokinetics; population pharmacokinetics; simulation; bio-
logics; biosimilars

1. Introduction

Rheumatoid arthritis (RA) is a chronic, autoimmune arthritis with multisystem in-
volvement; permanent joint damage can occur if inflammation is not controlled promptly [1].
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Biologic disease-modifying anti-rheumatic drugs (P DMARDs) are commonly used in pa-
tients with moderately-to-highly active RA; their prescription in the UK has increased
since a reduction in thresholds to commence tumour necrosis factor inhibitors (TNFi, a
class of bDMARD) [2]. The TNFi agents adalimumab and etanercept are self-administered
by patients in pre-filled auto-injectors at set dosing intervals. Since 2013, a number of
biosimilar b(DMARDs have also been licensed for prescription for RA [3].

An inefficacy rate of <40% exists in TNFi [4]; one cause of inefficacy is sub-therapeutic
drug levels [5]. Research has consistently demonstrated a significant association between
adalimumab/etanercept drug levels and treatment response [5]. There is substantial
variability in circulating drug levels between patients [5], referred to as between-subject
variability (BSV) in drug exposure [6]. Pharmacokinetic (PK) models aim to describe how
drug concentrations vary over time. In basic compartmental analysis, many PK models are
structurally defined using “compartments”, with each representing a hypothetical part of
the body. A single compartment model represents a well-mixed and kinetically homoge-
neous body compartment, enabling the drug to be described with a single representative
concentration at any given time point [7].

Individual PK studies employ detailed drug concentration—time data, which are
typically analysed using non-compartmental models. By contrast, population (pop) PK
modelling incorporates concentration—time data from multiple individuals and does not
require rich or balanced drug concentration sampling [8]. PopPK modelling represents an
approach for analysing PK study data; it can be used to analyse sparse data where the stan-
dard approach of non-compartmental analysis cannot be used. Typically, popPK models
are used to quantify variability (e.g., BSV) in a population study and link this to sources
(covariates) that can influence PK (e.g., age, sex). A number of popPK studies have been
carried out in patients with RA starting the TNFi adalimumab [9,10] and etanercept [11-14].
However, only one popPK study has been published using an etanercept biosimilar in
healthy subjects only [15], and no adalimumab biosimilar studies have been published.

This study aimed to carry out PK studies in RA patients starting biosimilars to adal-
imumab and etanercept (Amgevita and Benepali, respectively) in a cohort of real-world
patients, analysing the data using a popPK modelling approach. Parameters from the
models were then used to simulate PK profiles using altered dosing intervals to achieve
maximal effect and /or steady-state at accelerated time points.

2. Materials and Methods
2.1. Study Aims and Design

1. Tocarry out PK studies in real-world patients with RA starting Amgevita and Benepali
(adalimumab and etanercept biosimilars, respectively) using a popPK modelling
approach.

2. To use parameters from the above popPK models to simulate PK profiles using altered
dosing intervals to determine whether maximal effect and/or steady-state plasma
drug levels can be attained at accelerated time points.

2.2. Study Setting

Patients with RA were recruited from rheumatology clinics in three centres based in
Greater Manchester, UK, into the Biologics in RA Genetics and Genomics Study Syndi-
cate [16] (BRAGGSS, Research Ethics Committee reference: 04/Q1403/37), a prospective
multi-centre observational study based in the UK.

2.3. Study Participants

Patients with RA, according to the 1987 American College of Rheumatology classifica-
tion criteria, were recruited to the Personalised Dosing sub-study of BRAGGSS (BRAGGSS-
PD) in compliance with the Declaration of Helsinki. All participants gave written informed
consent. As well as a clinical diagnosis of RA, inclusion criteria required participants to be
starting Amgevita or Benepali (adalimumab and etanercept biosimilars, respectively), be
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bDMARD-naive, have a pre-treatment Disease Activity Score of 28 Joints (DAS28) > 5.1
(indicating high disease activity) at the time of recruitment and be aged > 18 years. At
the time of the study, this DAS28 threshold was required by the National Institute for
Health and Clinical Excellence (NICE) in England and Wales for patients to qualify to start
a bDMARD. Patients were excluded if they did not fulfil all inclusion criteria. Participants
were recruited between January 2019 and August 2021 and were followed up for a total
of 12 weeks. The adalimumab and etanercept biosimilars were self-administered subcu-
taneously by patients at licensed doses of 40 mg every 14 days and 50 mg every 7 days,
respectively. These specific biosimilars were selected for study because they are the two
agents that have been approved locally for prescription by National Health Service (NHS)
rheumatology departments in Greater Manchester, UK, where this study was carried out.

2.4. Sampling Schedules

Optimal sampling time intervals were proposed using previously defined popPK
models from the literature in PopDes software v1, an application software that can be
utilised for determining optimal sampling times or windows for popPK studies [17]; further
information on this software is detailed in the Supplementary Methods. All samples were
collected by the same investigator, and all doses given at study visits were also witnessed
by that same investigator.

For the adalimumab biosimilar, a previous PK model derived for adalimumab origi-
nator [10] was used to simulate multiple dosing interval models. The optimal sampling
design was determined to be at baseline (pre-treatment), 1 hour post-first dose, then 2, 4, 6
and 12 weeks post-first dose. Samples subsequent to the second sample were taken directly
before the next dose in order to ensure true trough level sampling. For the etanercept
biosimilar, previous PK models derived for etanercept originator [12,13,18] were utilised
for simulation. The optimal sampling design was determined to be as for the adalimumab
biosimilar, with an additional sampling time point at 6 days post-first dose.

2.5. Sample Processing

All participant samples were processed and stored at the Centre for Musculoskeletal
Research (CfMR), the University of Manchester, Manchester, UK, and were processed by
CfMR laboratory staff. All sample blood tubes were spun at 1720 g for 10 min, then serum
was extracted into aliquots and stored in —150 °C freezers.

2.6. Measurement of Drug Levels

Drug level measurements were carried out by CfMR laboratory staff using commer-
cially available ELISA-based test kits produced by Grifols International, SA (Barcelona,
Spain). The Promonitor®-ADL-1DV kit was used to measure the adalimumab biosimi-
lar drug levels and the Promonitor®-ETN-1DV kit was used to measure the etanercept
biosimilar drug levels. Both had previously been validated [19,20]. Standard laboratory
equipment and a spectrophotometer (SpectraMax® Plus 384 Microplate Reader, Molecular
Devices, LLC, San Jose, CA, USA) were used during the experimental procedure. Samples
were defrosted for two hours at room temperature prior to thorough mixing before the
experimental procedure.

Serum drug levels were measured in triplicate using 96-microwell ELISA plates, which
were pre-coated with anti-adalimumab and anti-etanercept human monoclonal antibody
according to which drug was being measured. Patient samples were diluted to 1:50
concentration using a dilution buffer and were transferred to separate wells. Pre-diluted
calibration samples and positive and negative controls were also included for the purposes
of quantification of results and quality control; these were also transferred to separate wells.
Any drug present in the patient samples, calibration samples and controls became bound
to the immobilised anti-drug antibodies during an incubation period of one hour at room
temperature. Following incubation, any unbound material was removed by washing the
wells with a 20 x buffer containing phosphate-buffered saline and tween-20. Each well was
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then loaded with a second horseradish peroxidase-labelled anti-drug monoclonal antibody
to form a sandwich complex. The plate was incubated for a further one hour at room
temperature to allow the labelled antibody to bind to the drug attached to the microwells.
Unbound enzyme-labelled antibody was again washed away with wash buffer, and a
substrate of pre-diluted stabilised tetramethylbenzidine was added to measure enzyme
activity. After 15 min, a stop reagent of pre-diluted sulphuric acid solution was added to
halt the reaction. Colour intensity as a result of the enzymatic reaction was measured in
triplicate using a spectrophotometer at wavelength 450 nm. The generated optical density
values were proportional to the drug concentration in each sample.

Softmax Pro 7 software (compatible with the SpectraMax® Plus 384 Microplate Reader,
Molecular Devices, LLC, San Jose, CA, USA) was used to interpolate the optical density
values and determine drug level concentrations. Interpolated values were multiplied by
the dilution factor (x50) to obtain drug levels in patient samples.

2.7. PopPK Analysis

(i) Software

PK data were analysed using a population approach with Monolix v.2019R2 software
(Lixoft, Antony, France). This is a non-linear mixed-effects modelling software package
based on the stochastic approximation expectation maximisation (SAEM) algorithm. Mono-
lix works by optimising the maximum likelihood to produce optimal population parameter
values; final estimates maximise the likelihood of data, given the model. The default
simulated annealing option for SAEM was used in order to maintain a larger parameter
space. A maximum of 500 iterations was set to ensure the best possible convergence. For
medication doses that were self-administered by patients outside of study visits, nominal
dose timings were used for the purpose of modelling.

(ii) PopPK analysis

For each drug studied, one-, two- or three-compartment mammillary models assum-
ing first-order absorption and elimination were tested. Estimated PK parameters were
given as apparent values due to extravascular administration via the subcutaneous route.
PK parameters were parameterised as clearance (CL) and volume of distribution (Vp).
Structural models were compared using the Akaike information criterion (AIC). BSV in PK
parameters was described using an exponential model. For parameters where BSV could
not be estimated, this was removed from the analysis and, therefore, only typical individual
values were estimated. Correlations between parameters were tested. Additive, propor-
tional or combined additive and proportional models were tested for residual unexplained
variability (RUV). The following four covariates were investigated: age and body weight
(continuous covariates) and sex and concurrent conventional synthetic disease-modifying
anti-rheumatic drug (csDMARD) therapy (binary covariates). Covariate models were com-
pared using both —2 log-likelihood (—2LL) and AIC. Models with the lowest significant
—2LL value (assessed using a likelihood ratio x2 test, LRT) and the lowest AIC, with the
simplest combination of covariates and between-variable correlations, were selected.

Goodness-of-fit (GOF) was visually assessed using plots of:

e  Population-predicted (PRED) and individual-predicted (IPRED) measurements versus

observed measurements (DV).

IPRED and DV versus time.

Residuals, represented in plots of:

o Population weighted residual distributions (PWRES).

o Individual weighted residual distributions (IWRES).

o Normalised prediction distribution errors (NPDE). Distribution was tested

using the Shapiro-Wilk test at a level of « = 0.05.

(iii) Simulation of altered dosing intervals
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Using model parameters estimated from final popPK models for each drug, simula-
tions of altered dosing intervals were carried out in the R v.4.0.5 [21] base package. The
ggplot2 [22] package was used to visualise simulations. Simulations of altered dosing
intervals (with the same dose of pre-filled syringe as licensed) were carried out. For the
adalimumab biosimilar, dosing intervals of 40 mg every 7 days, 14 days (usual interval)
and 21 days were simulated. For the etanercept biosimilar, intervals of 50 mg every 5 days,
7 days (usual interval) and 10 days were simulated.

All methods above are described in more detail elsewhere [23].

3. Results
3.1. Cohort Characteristics

Ten RA patients commencing Amgevita (adalimumab biosimilar) were recruited
(Table 1); nine were female and one was male. All patients were white. The median age
was 50.5 years (interquartile range, IQR, 46-61) and the median pre-treatment DAS28 was
5.71 (IQR 5.20-6.09). Six RA patients commencing Benepali (etanercept biosimilar) were
recruited (Table 2); four were female and two were male. One patient was West African
and the remaining patients were white. The median age was 57.5 years (IQR 56-59) and the
median pre-treatment DAS28 was 5.33 (IQR 4.96-5.58). Participant numbers were below
those planned, as recruitment was curtailed due to the COVID-19 pandemic.

Table 1. Patient characteristics at baseline, prior to treatment with the adalimumab biosimilar (1 = 10).

Characteristic Statistic

Female sex, n (%) 9 (90.00)

Age (years), median [IQR] 50.5 [46-61]

Body weight (kg), median [IQR] 85.5 [66-111]

Body mass index (kg/ m?), median [IQR] 36.2 [28.7-43.4] (2 missing observations)
Concurrent csDMARD, 7 (%) 8 (80.00)

DAS28, median [IQR] 5.71 [5.20-6.09]

Abbreviations: Conventional synthetic disease-modifying anti-rheumatic drug (csDMARD), disease activity score
of 28 joint counts (DAS28), interquartile range (IQR).

Table 2. Patient characteristics at baseline, prior to treatment with the etanercept biosimilar (1 = 6).

Characteristic Statistic

Female sex, 1 (%) 4 (66.67)

Age (years), median [IQR] 57.5 [56-59]

Body weight (kg), median [IQR] 70.5 [69-84]

Body mass index (kg/ m?), median [IQR] 24.6 [22.8-28.2] (1 missing observation)
Concurrent csDMARD, n (%) 4 (100.00) (2 missing observations)
DAS28, median [IQR] 5.33 [4.96-5.58]

Abbreviations: Conventional synthetic disease-modifying anti-rheumatic drug (csDMARD), disease activity score
of 28 joint counts (DAS28), interquartile range (IQR).

3.2. PopPK Modelling

A total of 58 serum samples of the adalimumab biosimilar and 40 serum samples
of the etanercept biosimilar drug concentrations were available for analysis. Drug con-
centration values at each time point are available in Supplementary Tables S1 and S2.
One-compartment PK models were found to be sufficient to describe the data in popPK
modelling of participants initiating both the adalimumab and etanercept biosimilars. Com-
bined additive and proportional models were used to describe the residual errors in
the data.
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In the adalimumab biosimilar model, PK parameters estimated are presented in Ta-
ble 3. No covariates were included, as covariates tested only demonstrated a modest
improvement in -2LL and AIC whilst complicating the sparse-sampling model with redun-
dant variables. Due to a large percentage relative standard error (RSE%) from estimation
of ka (minimum 622%), this value was fixed to 0.01167 hour™!, as per Ternant et al. [10],
and the random effect (BSV) was not estimated for this parameter. Plots were generated of
predicted versus observed measurements for the adalimumab biosimilar serum concentra-
tions, demonstrating that PK parameters described the data adequately (Supplementary
Figure S1). Diagnostic plots are presented in Supplementary Figures S2 and S3.

Table 3. Population pharmacokinetic (popPK) model parameter estimates for the adalimumab

biosimilar.
Parameter (Units) Definition Estimate Relative Standard Error (RSE, %)

Vp (L) Apparent volume of distribution 9.19 12.7
CL (L/h) Apparent clearance 0.00283 233

ka (/h) Rate constant for absorption 0.1167 Fixed

o Coefficient of variation (CV) of

wVp (%) between-subject variability (BSV) on Vp 15.60 1410
wCL (%) CV of BSV on CL 68.90 24.8
oprop (%) ?éc:;:icila:lde;l;\ilatlon (SD) of proportional 26.00 15.7
cadd (mg/L) Standard deviation of additive residual error 10.80 16.0

The relative standard error (RSE, %) was calculated as: RSE = (estimate/standard error) x 100. Abbreviations:
Additive error (add), between-subject variability (BSV), clearance (CL), coefficient of variation (CV), proportional
error (prop), proportional rate constant for absorption (ka), standard deviation (SD), volume of distribution (Vp).

In the etanercept biosimilar model, the PK parameters estimated are presented in
Table 4. No covariates were included due to the same reasons as for the adalimumab
biosimilar model. Due to a large RSE% from estimation of ka (minimum 1.070%), this value
was fixed to 0.0396 hour-1, as per Korth-Bradley et al. [24], and the BSV was not estimated
for this parameter. Additionally, the model had a large RSE% for estimated Vp, so the BSV
estimation was removed from this parameter. Finally, the additive error standard deviation
(SD) was fixed to 0.0001 to ensure model stability. Plots were generated of predicted versus
observed measurements for the etanercept biosimilar serum concentrations, demonstrating
that PK parameters described the data adequately (Supplementary Figure S4). Other
diagnostic plots are presented in Supplementary Figures S5 and S6.

Table 4. Population pharmacokinetic (popPK) model parameter estimates for the etanercept biosimilar.

Parameter (Units) Definition Estimate Relative Standard Error (RSE, %)
Vp (L) Apparent volume of distribution 7.76 18.2
CL (L/h) Apparent clearance 0.0404 10.7
ka (/h) Rate constant for absorption 0.0396 Fixed
wCL (%) betaseen-subjoc variabily (55) on CL 0173 610
oprop (%) CV of proportional residual error 0.46 13.6

The relative standard error (RSE, %) was calculated as: RSE = (estimate/standard error) x 100. Abbreviations:
Between-subject variability (BSV), clearance (CL), coefficient of variation (CV), proportional error (prop), rate
constant for absorption (ka), volume of distribution (Vp).
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3.3. Simulation of Altered Dosing Intervals

Initially, simulations of 10,000 individuals were carried out using parameter estimates
and the final popPK models for the adalimumab and etanercept biosimilars. Typical
individual profiles, as well as the median, 5th and 95th percentiles, were simulated using
the usual dosing intervals of the adalimumab biosimilar 40 mg every 14 days (Figure 1) or
the etanercept biosimilar 50 mg every 7 days (Figure 2), respectively. Simulated profiles
were overlaid with observed plasma concentration data; these demonstrated visually that
simulated values agreed well with the data.

Log concentration + 1, mg/L

0 30 60 90
Time, days

Figure 1. Simulation of the adalimumab biosimilar PK profile for 10,000 individuals using the final
popPK model. Legend: Horizontal grey lines represent the adalimumab therapeutic window of
5-8 mg/L proposed by Pouw et al. [25]. The dark blue line represents the population median, the
light blue line represents the 5th percentile and the purple line represents the 95th percentile of the
population. The black dots represent actual population drug concentration values.
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Figure 2. Simulation of the etanercept biosimilar PK profile for 10,000 individuals using the final
popPK model. Legend: Horizontal grey lines represent the etanercept therapeutic window of
2.1-4.7 mg/L proposed by Jamnitski et al. [26]. The dark blue line represents the population median,
the light blue line represents the 5th percentile and the purple line represents the 95th percentile of
the population. The black dots represent actual population drug concentration values.

Once this had been established, alternative dosing regimens were additionally simu-
lated for typical individuals on the adalimumab biosimilar (Figure 3). Both the usual dose
rates of 40 mg every 14 days and the increased dose rate of 40 mg every 7 days achieved
steady-state drug concentrations within the therapeutic window of adalimumab, defined
as between 5-8 mg/L [25]. However, the reduced dose rate of 40 mg every 21 days from
initiation did not achieve steady-state concentrations within this proposed window. Time
to steady-state drug concentrations had negligible differences between the administration
of adalimumab biosimilar 40 mg every 7 or 14 days.

Alternative dosing regimens were also simulated for typical individuals on the etaner-
cept biosimilar (Figure 4). All simulated doses achieved steady-state drug concentrations
well above the therapeutic window of etanercept, defined as between 2.1-4.7 mg/L [26].
Time to steady-state drug concentrations had negligible differences between the three sim-
ulated dosing regimens of the etanercept biosimilar, although this was marginally quicker
with an interval of every 10 days on visual inspection.
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Figure 3. Simulated usual and alternative dosing intervals of the adalimumab biosimilar for a typical
patient. Legend: Horizontal grey lines represent the adalimumab therapeutic window of 5-8 mg/L
proposed by Pouw et al. [25]. The purple line represents the usual adalimumab biosimilar dosing interval
of 40 mg every 14 days, the orange line represents a dosing interval of 40 mg every 7 days and the pink
line represents 40 mg every 21 days.
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Figure 4. Simulated usual and alternate dosing intervals of the etanercept biosimilar for a typical
patient. Legend: Horizontal grey lines represent the etanercept therapeutic window of 2.1-4.7 mg/L
proposed by Jamnitski et al. [26]. The purple line represents the usual etanercept biosimilar dosing
interval of 50 mg every 7 days, the orange line represents a dosing interval of 50 mg every 5 days and
the pink line represents 50 mg every 10 days.
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4. Discussion

Using 58 drug concentration samples from ten patients starting the adalimumab
biosimilar Amgevita and 40 samples from six patients starting the etanercept biosimilar
Benepali, collected over a 12-week period for each patient, popPK models were devel-
oped for the study population. Parameter estimates were similar to those from previous
studies [10,24], and, alongside acceptable visual checks, this meant that the model fit was
determined to be satisfactory. Therefore, values were used to successfully simulate models
illustrating altered dosing intervals of both drugs compared to usual dosing in a typical
individual. A simulation of dosing Benepali at a lower rate of every 10 days showed drug
concentrations reaching steady-state quicker than the usual dosing rate of every 7 days
(Figure 4), which has potential cost-saving implications.

There is only one other popPK study of subcutaneously administered adalimumab
in RA patients, conducted by Ternant et al. [10], and this study was the basis for the
corroboration of estimated PK parameters. In contrast to the present study, Ternant’s was a
post hoc analysis of a single-centre observational study carried out over 52 weeks, and it
used adalimumab originator compound. No popPK analyses have been published for the
adalimumab biosimilar Amgevita prior to this study.

The current study is the first published popPK analysis of patients with RA starting
the etanercept biosimilar Benepali, and, furthermore, it is the first using the usual dosing
regimen of 50 mg subcutaneously every 7 days; other studies have used mixed dosing
regimens with a mixture of intravenous and subcutaneous administration [11-13]. The
findings of the current study broadly agree with those of Korth-Bradley et al., who carried
out popPK analysis in a cohort of healthy controls who received only a single dose of
etanercept 25 mg subcutaneously (non-standard dose) [24]. However, whilst subcutaneous
delivery of monoclonal antibodies, such as etanercept, is now being used widely, the varia-
tions in bioavailability between intravenous and subcutaneous routes and the mechanisms
of these variations remain poorly understood [27]. The finding that dosing intervals could
potentially be reduced to once every 10 days is interesting; however, given the small sample
size, this requires validation in a larger study. Furthermore, because of the size of the study,
BSV may not have been described adequately.

Interestingly, patients on the adalimumab biosimilar had an increased median body
weight compared with those on the etanercept biosimilar (85.5 kg versus 70.5 kg, re-
spectively). Simulation results for patients receiving the two different biosimilars could,
therefore, have been affected by the characteristics of the populations studied, as the
adalimumab biosimilar population may have experienced impaired subcutaneous drug
absorption secondary to increased adiposity. Furthermore, previous studies have demon-
strated that TNFi treatment response is reduced with increased BMI [28].

The majority of patients in the UK are commenced on a biosimilar version of TNFi;
therefore, it is important to explore the PK profile of these drugs in patients with RA
and how this may influence disease outcome. This study was designed specifically for
this purpose and was not carried out as part of a post hoc analysis. The patients were
real-world patients managed in UK NHS rheumatology departments, rather than clinical
trial participants, so the drug concentrations obtained are likely to be more reflective of
day-to-day clinical practice. All samples were collected by the same investigator and
delivered to the central processing laboratory within 24 h of blood draw. All blood draws
and witnessed dose administrations were documented to the nearest minute by that same
investigator, maximising the accuracy of the popPK models. Witnessing of doses at each
study visit ensured true trough drug concentrations. Furthermore, because sampling and
dose witnessing were all carried out by a single investigator, this ensured no deviations
from protocol and consistency of time reporting.

One limitation of this study is that samples were not tested for anti-drug antibodies.
Whilst anti-etanercept antibodies occur infrequently, anti-adalimumab antibodies are as-
sociated with decreased drug concentrations and reduced rates of treatment response [5].
Due to the low sample numbers, which were ultimately limited due to multiple UK lock-
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downs in response to the COVID-19 pandemic, recruitment was below the optimum total
of participants. Therefore, including anti-drug antibody seropositivity as a covariate, as
with the other covariates tested in this study, would have been unlikely to improve model
fit, and hence, was not tested.

Due to low participant numbers, ka had to be fixed in both the adalimumab and
etanercept biosimilar models and covariates were not identified, so popPK models may not
be completely representative of the study populations. Furthermore, covariate selection
can be problematic based on low participant numbers, i.e., although certain covariates can
appear as significant/non-significant in a given model, these findings remain uncertain due
to sample size [29]. For example, due to the skew between female and male participants,
we cannot distinguish between BSV and the effect of sex. Previous work has suggested
that a sample size of 20-30 participants per drug would provide a more accurate parameter
estimation using a popPK approach [30]. The low study numbers are not necessarily a
negative though, as this study itself adds valuable information and data in a space where
both are very limited. To this end, it is a rational approach to establish a pilot study before
carrying out any larger studies.

5. Conclusions

In conclusion, popPK models for the TNFi biosimilars Amgevita and Benepali were
successfully developed in populations of real-world RA patients. Findings from simulations
of altered dosing intervals could form the basis for future personalised dosing studies for
these two agents.
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trations versus population model-predicted values (PRED) and individual prediction values (IPRED);
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Abstract: Background/Objectives: Vedolizumab (VDZ) is approved in the treatment of patients
with moderate to severe ulcerative colitis (UC) or Crohn’s disease (CD). VDZ exhibits considerable
variability in its pharmacokinetic (PK) profile, and its exposure-response relationship is not yet fully
understood. The aim was to investigate the variability in VDZ trough levels and PK parameters, to
assess the relationship between VDZ PK and biochemical response, as well as clinical and endoscopic
outcomes. Methods: We included 61 UC and 45 CD patients. Patients’ data and trough VDZ
concentrations were retrospectively obtained. Population PK analysis was performed using non-
linear mixed-effects modelling with NONMEM (version 7.5). Graphs and statistical analyses were
performed using R (version 4.1.3). Results: In total, 116 trough VDZ concentrations from 106 patients
were described by a two-compartment model. For a typical patient, clearance (CL) was estimated at
0.159 L/day, while in patients previously treated with anti-TNFo agents, VDZ CL increased by 26.4%
on average. In univariate binary logistic regression, VDZ trough concentration was not statistically
significant predictor of remission, whereas CL was. Moreover, combined CL and faecal calprotectin
(FCP) were a statistically significant predictors of remission. The hazard ratio (HR) for CL above
0.1886 L/day was 0.35 (p = 0.05) and for FCP below 250 pg/g was 2.66 (p = 0.02) in a time-to-event
analysis. Conclusions: Our population PK model incorporates the effect of prior anti-TNFx agents
on CL, suggesting its association with more severe forms of IBD. VDZ CL emerged as a more robust
and clinically relevant predictor of remission in IBD patients than trough concentration.

Keywords: IBD; monoclonal antibody; NONMEM; pharmacokinetics; therapeutic drug
monitoring; clearance

1. Introduction

Inflammatory bowel disease (IBD), which includes ulcerative colitis (UC) and Crohn’s
disease (CD), considerably impairs patient quality of life due to persistent gastrointestinal
inflammation. Vedolizumab (VDZ), a second-line monoclonal antibody targeting the x437
integrin, is approved for both the induction treatment and the maintenance of remission in
patients with moderate to severe IBD. Its gut-specific mechanism of action reduces systemic
immunosuppression and associated adverse effects [1,2].

VDZ exhibits considerable variability in its pharmacokinetic (PK) profile among IBD
patients. At trough concentrations above 10 pg/mL, typically achieved after the repeated
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dosing of 300 mg every 8 weeks, VDZ demonstrates linear, non-specific elimination [3,4].
Its clearance (CL) varies among patients but generally centres around 0.16 L/day [1,5].
Similar to other monoclonal antibodies, VDZ has a volume of distribution (Vd) between
4.8and 7.5 L [1,5,6]. This distribution pattern aligns with VDZ's targeted binding within the
gut, its large molecular size, which limits its ability to diffuse freely across cell membranes
restricting tissue penetration, and its receptor-mediated CL. Consequently, the terminal
half-life (t; /) ranges from 15 to 25.5 days, supporting the VDZ dosing schedule every
8 weeks after the initial induction phase [1,5,7]. Despite the established efficacy of VDZ
in treating moderate to severe IBD, considerable variability in patient responses remains,
with some achieving clinical remission while others experience suboptimal outcomes. This
variability is likely influenced by differences in drug pharmacokinetics, including CL and
trough concentrations.

Population (Pop) PK modelling approach is the gold standard in identifying sources
of variability among patients [8]. However, there is a scarcity of PopPK models of VDZ
based on data from real-world studies [5,9-13]. It is important to highlight that these
models were primarily developed using data generated during clinical trials, with the
majority relying on the model of Rosario et al. [5]. Nevertheless, numerous publications
have described and/or studied variations in VDZ trough concentrations using standard
statistical approaches [6,7,14-16].

Thus far, several factors are recognised to contribute to the observed variability in
VDZ PK. Serum albumin levels are inversely related to VDZ CL, possibly due to increased
proteolytic activity or altered drug binding [5,9-13], with a reported cut-off albumin value
of 3.2 g/dL [17]. Patients” body weight above 120 kg significantly (and potentially clinically)
increases VDZ CL leading to reduced drug exposure and possibly compromising clinical
response. Similarly, the presence of neutralising anti-drug antibodies (ADAs) increases CL,
but this effect usually was not considered clinically relevant [5,9,12,17]. The concomitant
use of immunosuppressive therapies (such as methotrexate, azathioprine, mercaptopurine
or aminosalicylates) or prior use of tumour necrosis factor-o (TNF-«) antagonist has shown
contradictory results regarding its impact on VDZ CL; however, if statistically significant,
it is less likely to be clinically relevant [2,17].

The relationship between VDZ trough concentration and levels of inflammatory
biomarkers, clinical response(s) or remission status has been the focus of clinical trials and
numerous real-world cohorts [14-16,18-28]. The majority of studies have demonstrated
week-specific VDZ exposure-response relationships. These relationships include different
variables among studies, reflecting the diverse methodologies and criteria used in the
research. In studies where this relationship is evident, higher serum concentrations of
VDZ correlate with stable C-reactive protein (CRP), haemoglobin (Hgb), erythrocytes
sedimentation rate (ESR), faecal calprotectin (FCP), greater likelihood of achieving better
clinical response and reaching sustained clinical remission both in CD and UC patients.
These targets of trough VDZ levels greatly vary among studies. Notably, the GEMINI
1 randomised controlled trial indicated that VDZ concentration above 37.1 ug/mL at week
6 (associated with lower CL values) was linked to clinical remission at weeks 14 and 52 [19].
Similarly, a post-hoc analysis of data showed that mucosal healing rates were higher with
VDZ concentrations exceeding 35.7 pg/mL at week 6 [29]. In another study by Dreesen
et al., VDZ troughs > 30 ug/mL at week 2, >24 ug/mL at week 6, and >14 pg/mL during
maintenance were associated with improved outcomes, including both endoscopic and
clinical remission [14]. In contrast, the recent ENTERPRET study did not demonstrate a
clear benefit of higher VDZ concentrations on clinical outcomes in UC patients [30]. Hence,
the inconsistency across reported findings highlights the variability in results between
studies, suggesting that the relationship is not yet fully understood. This underscores the
need for further research in this area.

Knowledge of the efficacious target VDZ exposure, and understanding the sources of
PK variability would enable clinicians to more accurately anticipate which patients will
benefit most from VDZ therapy. This insight would allow for dosing regimen adjustments
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to improve clinical response and would help in identifying patients who may need to
be switched to alternative treatments [14]. Reactive TDM of infliximab has become a
critical component in the management of patients with IBD. Moreover, there is increasing
evidence supporting the value of proactive TDM, which involves monitoring infliximab
levels and adjusting dosing regimens before clinical symptoms arise, to optimise treatment
outcomes [31,32]. Consequently, VDZ TDM is increasingly being performed in many
clinical settings. The rationale for VDZ TDM includes managing the substantial interpatient
variability in drug exposure, and together with clinical parameters, allowing healthcare
providers to tailor VDZ dosing regimen more precisely. However, there is no universally
accepted TDM protocol for VDZ, as no clear treatment time-dependent and exposure-
response specific targets are being established [1,14,33].

Consequently, there is a need for further research to fully elucidate the VDZ PK
variability and exposure-response dynamics of VDZ in IBD patients. Addressing these
gaps underscores the need for personalised treatment approaches to optimise therapeutic
outcomes and improve the clinical decision-making process.

Our research goal was to investigate the variability in VDZ trough levels and PK
parameters, utilising a PopPK modelling approach on sparse TDM data. Moreover, we
aimed to assess the relationship between VDZ PK and biochemical inflammatory param-
eters, as well as the clinical and endoscopic remission of patients with IBD in real-world
clinical settings.

2. Materials and Methods
2.1. Study Design

A monocentre, retrospective, real-world study was conducted between October 2021
and August 2022, in the University Medical Center “Zvezdara”, Belgrade, Republic of
Serbia, the centre of excellence for IBD in the country. The research protocol received
approval from the institutional Ethics Committee (No. IRB00009457, on 5 October 2022).
The study included data obtained from the medical records of all adult patients (aged
over 18 years) diagnosed with either CD or UC, who were treated with VDZ therapy and
who underwent serum sampling for TDM during the induction or maintenance phase.
Exclusion criteria were patients” age below 18 years, incomplete dosing and TDM data
information in the medical records.

2.2. Treatment and Therapeutic Drug Monitoring of Vedolizumab

VDZ (Entyvio®, 300 mg vial solution for infusion, Takeda Italia S.P.S) was administered
as 30-min intravenous infusion at a standard dose of 300 mg during the induction phase at
weeks 0, 2 and 6. Maintenance dosing intervals varied among patients, occurring every
4, 6 or 8 weeks based on clinical judgement and patient response to treatment. Due to
limited resources for TDM and the constraints imposed by the COVID-19 pandemic, TDM
was performed randomly compared to the therapy initiation. However, it was always
conducted before the next VDZ dose as an add-on to routine clinical follow-up of patients.

Blood samples, corresponding to trough VDZ levels, were drawn into 6 mL clot acti-
vator tubes. The blood samples were centrifuged at 4000x g for 10 min, and the sera were
kept frozen at —20 °C until analysis. VDZ concentration was measured using commercially
available R-Biopharm® ELISA tests on Dynex DS2 analyser (Dynex Technologies, Chantilly,
VA, USA) with measurement ranges from 1 to 50 ug/mL. EasyCal (Eurospital, Trieste, Italy)
ready-to-use device was used for the stool sampling and pre-analytical processing of stool
specimens, and the prepared extract was used for the measurement of faecal calprotectin
(FCP) using the immunoenzymatic test Calprest NG (Eurospital, Trieste, Italy) on Dynex
DS2 analyser (Dynex Technologies, Chantilly, VA, USA). Complete blood count and bio-
chemical parameters were routinely analysed using standard methods. All analyses were
performed in the biochemical laboratory of University Hospital Medical Center “Zvezdara”,
Belgrade, Republic of Serbia.
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2.3. Data Source

Alongside VDZ therapy and TDM data (date of VDZ therapy initiation, date of
administered doses, date of blood sampling for TDM, measured VDZ concentration), prior
and current concomitant therapy, detailed demographic (age, sex, body weight), disease
characteristics (type of IBD, time of diagnosis, disease severity, phenotype of disease),
laboratory, clinical monitoring and colonoscopy data were recorded. Detailed laboratory
parameters at baseline of therapy initiation and on TDM sampling day were obtained,
and they included the following: albumin (Alb), Hgb, erythrocyte (Er), iron (Fe), ferritin
(FER), platelets (Plt), leukocytes (WBC), CRP and FCP. Disease activity was assessed using
the Mayo score for UC, and the Simplified Endoscopic Score (SES) was used to assess
endoscopic activity in CD. Complete blood count, biochemical parameters and clinical
response (for UC: stool frequency, rectal bleeding and physician global assessment; for CD:
stool frequency and abdominal pain) were monitored longitudinally at every visit when
VDZ administration was scheduled. Clinical remission was defined as a partial Mayo score
between 0 and 1 for UC, CD stool frequency < 3 and abdominal pain < 1. For the purpose
of this study, we utilised serological and faecal biomarkers of inflammation, and clinical
remission at the TDM time point. Gastrointestinal endoscopy was performed approximately
every 6-12 months depending on the disease severity. Endoscopic remission was defined
as a Mayo score of 0/1 for UC, and SES of 0-2 for CD, and we utilised endoscopic remission
data at the subsequent time point following the TDM. Time-to-endoscopic remission was
calculated from the TDM time point to the date of documented endoscopic remission or
the last follow-up date for censored patients.

2.4. Population Pharmacokinetic Modelling

The analysis of VDZ trough concentrations was done through a non-linear mixed-
effects modelling approach using NONMEM® software (version 7.5) [34]. This method-
ology was selected for the analysis due to its proven ability to model sparse data while
accounting for interindividual variability. This is essential for understanding the diverse
responses in heterogeneous patient populations. Given the availability of sparse TDM
data, the PRIOR approach was utilised [35,36]. This functionality allows the integration
of parameter estimates from previous studies to generate more robust estimates in the
presence of limited or highly variable data. We used the PopPK model developed by
Rosario et al. [5] to inform and stabilise the estimation of structural and statistical model
parameters. Due to the limited PK sampling time points, only CL and its variability were
estimated, while for other parameters informative priors were used. The non-linear CL
described by Rosario et al. was not included since it did not improve the model fit. Decay
in concentration over time was described with a bi-exponential model. Between-patient
variability was modelled exponentially assuming a log-normal distribution, ensuring posi-
tivity of clearance values. Additive, proportional and combined error models were tested
to describe residual variability. Furthermore, the relationship between CL and demo-
graphic, treatment or clinical characteristics, including age, weight and disease severity,
was explored using an automated stepwise covariate model (scm) building procedure. This
procedure applied standard criteria based on the —2x log-likelihood change, which is
presented in NONMEM as the objective function value (OFV). When comparing models, a
difference in the OFV of 3.84, 7.88 and 10.83 are considered significant at the 0.05, 0.005 and
0.001 levels, respectively. In the covariate analysis, the inclusion criterion was p < 0.05,
followed by an exclusion criterion of p > 0.01 [34]. No outliers were identified in the
dataset. PopPK model evaluation is critical and involves assessing goodness-of-fit statistics,
diagnostic plots and precision of parameter estimates. Iterative refinement of the model
continued until a final model that adequately describes the data is achieved. Bootstrap
resampling 1000 datasets was employed to estimate 95% confidence intervals (CI) for the
model parameters [8]. Using the final PopPK model, we performed the simulation of the
concentration-time profile after various dosing regimens using e-Campsis Pro (Calvagone,
Chazay d’Azergues, France).
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2.5. Statistical Analysis

Descriptive statistics were employed to summarise the demographic and clinical char-
acteristics of the study population, as well as VDZ therapy and concentration data. Contin-
uous variables are presented as mean =+ standard deviation (SD) or median (interquartile
range, IQR), depending on their distribution. Categorical variables are summarised as
frequencies and percentages.

The Fisher’s exact or x? test was applied for the analysis of categorical variables. For
paired data, the Student’s ¢-test and the Wilcoxon signed-rank test were utilised, while for
unpaired data, the unpaired Student’s t-test or the Mann-Whitney U test was used.

To identify significant predictors of biochemical response, clinical and endoscopic
remission, univariate and multivariate stepwise logistic regression and linear regression
analyses were employed. Variables with a p < 0.05 in the univariate analysis were consid-
ered for inclusion in the multivariate model. The strength of association between predictor
variables and clinical response or remission was expressed as odds ratios (ORs) with
corresponding 95% CI. Cochran-Mantel-Haenszel (CMH) test was used to evaluate the
association between two categorical variables while controlling for one or more strata, and
appropriate ORs were calculated. To evaluate the diagnostic performance of variables in
predicting clinical response and remission in IBD patients, receiver operating characteristic
(ROC) curve analysis was conducted. Youden’s index was used to determine the optimal
cut-off point that maximises the difference between true positive and false positive rates.

Finally, survival analysis was conducted to explore the time to endoscopic remission
and to assess the impact of various variables on this outcome. Kaplan-Meier curves were
generated to estimate the survival function, and a Cox proportional hazards regression
model was employed to evaluate the association between various covariates and the time
to endoscopic remission.

Graphs and statistical analyses were conducted with R programming language (ver-
sion 4.1.3, R Foundation for Statistical Computing, Vienna, Austria) in RStudio (desktop
version 1.4.1717).

3. Results

Our cohort included data from 106 IBD patients. The cohort consisted of 62 UC patients
(mean age: 49.81 years, 58.1% male) and 45 CD patients (mean age: 49.71 years, 51.9%
male). Patients were receiving VDZ as part of their standard clinical care, with concomitant
immunomodulatory therapies in 81.1% of patients. Demographic and baseline biochemical
characteristics are given in Table 1, while Table S1 describes their disease features.

Table 1. Demographic and baseline biochemical characteristics of patients.

Ulcerative Colitis (N = 62) Crohn’s Disease (N = 44) Total (N = 106)
Age (years)
Mean (SD) 49.81 (17.56) 49.71 (17.44) 49.76 (17.43)
Range 21-78 21-76 21-78
Sex
Male 36 (58.1%) 19 (43.2%) 55 (51.9%)
Female 26 (41.9%) 25 (56.8%) 51 (48.1%)
Body weight (kg)
Mean (SD) 74.29 (11.57) 68.64 (13.74) * 71.94 (12.76)
Range 50-110 44-103 44-110
Haemoglobin (g/L)
N-Miss 3 2 5
Mean (SD) 126.83 (23.06) 126.74 (18.85) 126.79 (21.31)
Range 75-171 68-161 68-171
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Table 1. Cont.

Ulcerative Colitis (N = 62)

Crohn’s Disease (N = 44) Total (N = 106)

Erythrocytes (-10'2/L)

N-Miss 5 1 6
Mean (SD) 4.50 (0.71) 4.41(0.49) 4.46 (0.63)
Range 2.45-5.84 3.08-5.50 2.45-5.84
Iron (umol/L)
N-Miss 10 6* 16
Mean (SD) 8.47 (5.84) 11.62 (6.74) 9.80 (6.39)
Range 2.0-24.8 2.8-28.2 2.0-28.2
CRP (mg/L)
N-Miss 3 0 3
Mean (SD) 21.80 (42.97) 8.94 (13.04) 16.31 (34.10)
Range 0.1-205.0 0.1-66.2 0.1-205.0
Albumin (g/L)
N-Miss 29 13 42
Mean (SD) 39.03 (5.75) 40.55 (6.10) 39.77 (5.92)
Range 28-49 26-52 26-52
Platelets (-10° /L)
N-Miss 8 1 9
Mean (SD) 332.37 (130.65) 324.86 (118.60) 329.04 (124.87)
Range 123-797 120-701 120-797
Leukocytes (-10%/L)
N-Miss 6 3 9
Mean (SD) 9.07 (3.54) 9.01 (3.50) 9.05 (3.50)
Range 2.4-18.4 2.8-16.7 2.4-18.4
Ferritin (ng/mL)
N-Miss 15 6 21
Mean (SD) 58.83 (88.51) 45.58 (47.62) 52.91 (73.03)
Range 3-495 4-164 3-495
Faecal calprotectin (ng/g)
N-Miss 0 1 1
Mean (SD) 608.63 (573.21) 544.19 (602.01) 582.24 (583.17)
Range 16-1801 12-2055 12-2055
Immunomodulatory drug
(azathioprine, 6-mercaptopurine,
methotrexate, calcineurin inhibitors)
No 14 (22.6%) 6 (13.6%) 20 (18.9%)
Yes 48 (77.4%) 39 (86.4%) 86 (81.1%)
Prior anti-TNF« therapy
No 39 (62.9%) 23 (52.3%) 62 (58.5%)
Yes 23 (37.1%) 21 (47.7%) 44 (41.5%)

SD-standard deviation; N-number; Miss-missing data. * p < 0.05 between ulcerative colitis and Crohn’s dis-

ease groups.

A total of 114 VDZ trough concentration measurements (on average 1.08 samples/
patient) were obtained during the follow-up period. These measurements correspond to
56 patients dosed every 4 weeks, 14 patients dosed every 6 weeks, and 36 patients dosed
every 8 weeks during the maintenance phase. Due to the practical challenges posed by
the COVID-19 pandemic and limited resources, TDM sampling was conducted just before
the next dose but at the diverse treatment week-points during the maintenance phase,
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and during the induction phase. Previous studies have shown that VDZ trough levels
remain stable during the maintenance phase when consistent dosing intervals are used.
Accordingly, we summarised all VDZ concentrations obtained during this phase for each
dosing interval. Figure 1 illustrates the boxplot of trough VDZ concentrations during the
induction and maintenance period based on dosing intervals of 4, 6 or 8 weeks.
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Figure 1. Boxplot of vedolizumab (VDZ) trough concentrations in patients receiving 300 mg as a
30-min infusion during the induction period and every 4, 6 or 8 weeks onwards. The dot represents
the mean value, the central line within each box represents the median, and the edges of the box
denote the interquartile range (IQR). The whiskers extend to values within 1.5 times the IQR and
individual points are outliers beyond this range (* p < 0.05, ** p < 0.01, *** p < 0.001).

By analysing VDZ concentration-time data and accounting for dosing history along
with the exact time intervals of dosing and TDM sampling, we characterised the structural
PK profile of VDZ as a two-compartment model. A proportional error model better
describes residual variability. The covariates were systematically examined, resulting in
no significant difference in VDZ CL between UC and CD patients. However, patients
with a history of anti-TNF« therapy exhibited an average increase of 26.4% in VDZ CL, as
presented in Figure 2. The relationship between typical CL and anti-TNF« therapy is given
by Equation (1):

TVCL = 0.159-(1 + 0.264-ATNE), (1)

where ATNF equals 1 if a patient was previously treated with anti-TNF« treatment, or
0 if not. The inclusion of ATNF resulted in an OFV decrease of 13.96 units compared to
the base model, corresponding to a p-value of 0.000187. 95% CI for the ATNF relationship
parameter is 0.117-0.411, further supporting the significance of this covariate in the model.

The typical value of CL based on our final model was estimated at 0.159 L/day with
an interindividual variability of 16.4%. The final parameter estimates and their bootstrap
values are summarised in Table 2.

The standard goodness-of-fit plot, given in Figure S1, indicates a strong correlation
between observed and model-predicted values, validating the accuracy of our model. The
PopPK model was used to simulate concentration-time profiles for various VDZ dosing
regimens in patients with and without prior anti-TNF« treatment, as shown in Figure S2.
Based on these simulations, calculated trough concentrations and cumulative AUCs are
given in Table 3.
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0.201

CL (L/day)

0.151

no yes
Prior anti-TNFa treatment
Figure 2. Distribution of individual vedolizumab (VDZ) clearance (CL) estimated from the final
population pharmacokinetic (PopPK) model in patients with and without prior anti-TNF« therapy.
The dot represents the mean value, the central line within each box represents the median CL, and the
edges of the box denote the interquartile range (IQR). The whiskers extend to values within 1.5 times
the IQR and individual points are outliers beyond this range.

Table 2. Final vedolizumab (VDZ) population pharmacokinetic (PopPK) parameters estimate using
priors and their bootstrap results.

Bootstrap Median

Parameter (Units) Estimated Value (%RSE) (2.5-97.5th Percentile)
CL (L/day) 0.159 (4.8) 0.160 (0.143-0.177)
Ve (L) 3.19 (1) 3.19 (3.191-3.192)
Q (L/day) 0.120 (3.8) 0.120 (0.119-0.120)
Vp (L) 1.66 (1.8) 1.66 (1.65-1.66)
ATNF 0.264 (28.3) 0.263 (0.105-0.453)
IIVer (%) 16.4 (25.3) 15.9 (7.91-32.3)
IVy. (%) 18.9 (2.8) 18.9 (18.9-18.9)
Proportional residual error 0.458 (11.1) 0.453 (0.226-0.520)

CL—clearance; Vc—volume of distribution of the central compartment; Q—intercompartmental clearance; Vp—
volume of distribution of the peripheral compartment; ATNF—increase of CL in the case of prior anti-TNFax
therapy; IIV—interindividual variability for corresponding parameter; RSE—relative standard error.

Furthermore, we observed that serological and faecal biomarkers of inflammation
stabilised and approached normal ranges at the TDM time point compared to baseline
values before VDZ was introduced, at the statistically significant level p < 0.05 (Figure S3).

Linear regression analysis was performed to examine the relationship between bio-
chemical parameters at the TDM time point and VDZ trough concentration during the
maintenance phase or individual patient CL from the PopPK model. VDZ trough was a sig-
nificant predictor of only FER levels among all the variables tested (8 = 1.0703, ¢(73) = 2.572,
p = 0.01214), and the regression model explained 7.1% of the variance in FER. When VDZ
CL was examined, the relationship was significant with CRP (p = 0.0302), P1t (p = 242.107° ),
WBC (p = 0.000743), Alb (p = 0.0354) and FCP (p = 0.0137). Consequently, the relationship
was most pronounced between VDZ CL and Plt among all tested variables. The linear
regression model shows that CL is in positive association with Plt (Figure S4A), and us-
ing binary logistic regression analysis, it was found that having PIt levels greater than
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350-107 /L is associated with significantly higher VDZ CL (Figure S4B). The area under
the receiver operating curve (AUROC) value for VDZ CL in predicting the Plt categorical
variable in our study was 76.9 (95% CI 62.8-91.1) with a Youden index of 0.430. However,
these relationships were not statistically confirmed when analysing VDZ trough concentra-
tions, although there was a tendency toward lower drug concentrations. The mean VDZ
trough in the group of patients with Plt < 350-10° /L was 23.42 ug/mL versus 18.66 ug/mL
in the group where Pt > 350-10° /L. Figure S5 shows the distribution of VDZ CL based on
six categories of FCP defined by different range values.

Table 3. Summary of simulation results based on the population pharmacokinetic (PopPK) model
of vedolizumab (VDZ) and dosing regimens. Results are presented as medians (5-95% confidence
intervals, CI).

. . prior Cirough (5-95% CI) AUC. 145t (5-95% CI)
Dosing Regimen Anti-TNF«x [ng/mL] [ng-day/mL]

N no 36.6 (20.4-59.8) 16,534 (13,191-22,415)
0-2-6w + 10w + qdw yes 25.7 (14.7-39.1) 13,851 (11,069-17,585)
N 1o 20.5 (12.4-35.9) 12,925 (9834-16,107)
0-2-6w + 14w + q6w yes 13.4 (5.46-20.4) 10,236 (6877-12,993)

b+ e no 11.6 (5.92-20.9) 10,860 (7856-14,551)
9 yes 6.82 (2.86-13.9) 8531 (6723-12,305)

N o 26.4 (14.4-42.4) 11,816 (9279-16,496)
0-2-6w + 10w + q8w yes 18.2 (11.4-31.8) 9879 (7380~13,386)

AUC—cumulative area under the concentration-time curve; Cyoygh—trough concentration in steady-state; w—
week; q4w, 6w and q8w—dosing interval of 4, 6 and 8 weeks, respectively.

The binary logistic regression results of the statistically significant predictors of re-
mission are given in Table 4. VDZ trough concentration was not a statistically significant
predictor of remission. Moreover, clinical remission was associated with endoscopic re-
mission (p < 0.05), but with worse performance than Plt, FCP and CL, with an AUROC
of 60.1%.

Table 4. Summary of univariate binary logistic regression results for clinical and endoscopic remission
including platelets (Plt), faecal calprotectin (FCP) and vedolizumab (VDZ) trough concentration
(Ctrougn) and clearance (CL) as predictors.

Predictor Variable Remission p-Value AUROC (95% CI)  Youden’s Index Optimal Threshold
Plt (109 /L Clinical <0.05 57.8 (44.9-70.7) 0.249 392
t(10°/L) Endoscopic <0.001 70.6 (60.6-80.6) 0.313 2575
ECP (ug:/8) Clinical <0.01 74.4 (64.4-84.2) 0.427 164.5
H&/& Endoscopic <0.001 73.0 (63.6-82.5) 0.347 190.5
Clinical n.s. 54.0 (42.5-65.5) 0.155 19.84

VDZ C L

trough (N8/ML) 3 copic ns. 49.4 (38.7-60.1) 0.0887 35.71
Clinical <0.01 67.2 (56.1-78.2) 0.287 0.1886
VDZ CL (L/day) Endoscopic <0.001 72.7 (63.0-82.4) 0.442 0.1886

AUROC—area under receiver operating curve; CI—confidence interval; n.s.—not significant.

In our multivariate binary logistic regression, Plt was not retained in the model. We
found negative coefficients for FCP and VDZ CL, indicating lower odds of clinical and
endoscopic remission with increasing values of both variables, as shown in Figure 3.

The association between VDZ CL as a categorical covariate using a cut-off of
0.1886 L/day (determined by ROC analysis), and endoscopic remission was evaluated. This
analysis was conducted using the Cochran-Mantel-Haenszel (CMH) test, stratified by diag-
nosis during the maintenance phase. The analysis indicated that the pooled odds ratio (OR)
for endoscopic remission associated with CL was 0.157. Higher VDZ CL (>0.1886 L/day)
was associated with a lower likelihood of achieving endoscopic remission, accounting for
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UC and CD. Analysis of strata-specific ORs revealed some variation, but the pooled OR
indicated a consistent trend across both patient groups.
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Figure 3. Predicted probability of (A) clinical and (B) endoscopic remission with vedolizumab (VDZ)
clearance (CL) based on faecal calprotectin (FCP) values.

Our final analysis focused on time to endoscopic remission, further supporting the
previous findings. This analysis was performed in a limited number of patients (n = 64)
with available data on time to remission. FCP, PIt and VDZ CL were statistically significant
predictors of endoscopic remission, even though VDZ trough concentration was not. In
the multivariable analysis, FCP and VDZ CL emerged as the strongest predictors of the
probability of endoscopic remission (Figure 4A). Additionally, the hazard ratio (HR) for CL
above the cut-off was 0.35 (95% CI: 0.12-1.0, p = 0.05) and for FCP below 250 ug/g, it was
2.66 (95% CI: 1.16-6.1, p = 0.02), as given on Figure 4B.
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Figure 4. (A) Time to endoscopic remission based on vedolizumab (VDZ) clearance (CL) and faecal
calprotectin (FCP) categories. (B) Forest plot illustrates the estimated effects of VDZ CL and FCP on
endoscopic remission where each horizontal line represents a 95% confidence interval (CI).

4. Discussion

The findings from this study shed light on inter-patient variability in the PK profile
of VDZ, its characterisation via the PopPK model, and identifying significant factors
influencing its CL in IBD patients. Furthermore, our results support that VDZ CL, rather
than trough concentration, serves as a more reliable predictor of response. Given the
absence of a definitive exposure-response relationship necessary to support VDZ TDM, we
hypothesise that VDZ CL may act as a surrogate of response and remission in IBD patients.

The variability in VDZ PK observed in our patient cohort aligns with prior research,
showing moderate to high differences in VDZ concentrations among patients. Typically,
VDZ trough levels during the standard induction phase are around 27 ug/mL. In the
maintenance phase, mean steady-state pre-dose levels are approximately 12 pg/mL and
36 pug/mL for dosing intervals of 8 weeks and 4 weeks, respectively, as reported in the
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GEMINI 1, 2 and 3 phase Il studies [1,6,7,37]. When an additional dose was administered at
week 10, VDZ levels were maintained around 27 pug/mL at both week 10 and week 14. The
concentration then drops to expected levels with standard dosing by week 22 and remains
stable thereafter [14]. High interpatient variability (above 50%) in VDZ concentrations
has been consistently observed across these studies [6,7,14,37]. The trough concentrations
obtained in our study (Figure 1) are consistent with these findings [2,14].

Two-compartment model best fitted observed VDZ concentrations; however, our
sparse sampling design significantly limited the estimation of structural parameters other
than CL. To address this limitation, we used informative priors from the previous model [5]
for the remaining PK parameters and their variabilities. The estimated typical value of CL
(0.159 L/day) is consistent with previous PK models, which estimated values in the range
of 0.155 to 0.215 L/day [5,9,12]. Covariate analysis revealed no statistically significant
difference in VDZ CL between UC and CD patients, suggesting that the disease subtype
does not affect VDZ PK, as previously reported [2,5,13]. However, prior anti-TNF« therapy
significantly affected CL (Figure 2 and Table 2). Specifically, patients with a history of
anti-TNF« therapy exhibited an average increase of 26.4% in VDZ CL, which is similar
to a previous report by Hanzel et al. (24.5% lower CL in treatment-naive patients) [12].
Interestingly, other models describe a significant but modest effect of previous anti-TNFo
therapy on CL (4-5%), judged as clinically insignificant [5,11]. However, in the exposure-
response study, the probability of remission was approximately 10% higher in treatment-
naive patients [18]. We hypothesise that patients previously treated with infliximab or
adalimumab may have more severe disease and inflammation, leading to gastrointestinal
“leakage” that could contribute to the increased CL. This supports the potential for CL to
serve as a pharmacodynamic (PD) marker for VDZ response in IBD patients, a hypothesis
that should be further explored in future studies.

One key advantage of PopPK modelling is its ability to provide individual empirical
Bayes estimates of PK parameters. As a result, our statistical analysis relied on patient-
specific VDZ CL estimates from the final model. Further analysis revealed a positive
correlation between VDZ CL and Plt levels (Figure S4A). Specifically, Pt > 350-10° /L was
associated with higher VDZ CL (Figure S4B). A higher CL is expected to lead to lower
trough concentration under the same dosing regimen. However, the relationship between
trough levels and PIt was not confirmed, although a trend toward lower levels was observed.
This finding may suggest that thrombocytosis reflects a higher inflammatory burden,
potentially influencing VDZ elimination (Figure S4). Our results align with previous
findings that lower VDZ trough levels are associated with biological markers of disease
severity [14]. The role of Plts as an inflammatory marker and their association with VDZ
CL is a novel observation not yet explored in existing literature [2,17]. Thrombocytosis is
commonly observed in active IBD, and our study suggests that the drug’s rate of elimination
may predict Plt levels. This hypothesis opens new avenues for research, particularly
regarding the interplay between inflammation, thrombocytosis and VDZ trough levels or
CL in IBD patients.

Previous publications have established correlations between VDZ trough levels and
various responses and remissions in IBD patients [7,14,15,18-20,23-25]. The findings from
our study (outlined in Table 4) contribute to the existing body of literature by indicating
that VDZ CL, rather than trough concentration, is a more reliable predictor of clinical
response and remission in IBD patients. Utilizing the CMH test, we demonstrated that
after adjusting for diagnosis, a significant association between VDZ CL and the likelihood
of achieving endoscopic remission remains both in UC and CD patients (Table 4). The
cut-off point for CL as a categorical covariate (0.1886 L/day) is approximately centred
within the range of previously reported typical values (0.155-0.215 L/day). In addition
to CL, FCP and Plt were identified as independent predictors of endoscopic and clinical
remission (Table 4), although the Plt variable was not retained in the multivariate logistic
regression model. This is in line with previous findings that patients with lower FCP have
a higher probability of remission [2,18]. A recent study showed that FCP < 250 ug/g at
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week 8 predicted endoscopic response in both UC and CD patients [38]. Additionally, other
research indicated that FCP levels at weeks 16 and 52 were significantly correlated with
sustained endoscopic response [39]. Our further analysis, focusing on time to endoscopic
remission, supported these findings, indicating that patients with VDZ CL < 0.1886 L/day
and FCP < 250 ug/g have the highest probability of achieving endoscopic remission, as
presented in Figure 4.

A very important finding of our study is that changes in CL are more closely correlated
with clinical and endoscopic remission than VDZ trough levels. Patients with high CL
rates require higher doses to reach effective drug exposure to obtain adequate response.
These results can be explained by understanding the basic key PK principles and how they
apply [40]. CL is a dynamic direct measure of how efficiently the drug is being eliminated
from the body, and it integrates multiple processes. In contrast, trough concentration is a
static snapshot that may not fully capture the complexity of mAb elimination processes. As
a result, CL offers a more comprehensive picture of the drug’s behaviour in the body. In
addition, there is an intrinsic correlation between the area under the concentration-time
curve (AUC), which provides a complete picture of drug exposure, and the CL of the
drug. AUC is inversely proportional to CL for a given dose; thus, CL influences the overall
(cumulative) drug exposure [40]. Hence, a patient with higher CL will have a lower AUC,
and vice versa (Figure S2).

In addition, as previously written, VDZ CL can be influenced by various factors.
The development of ADAs can increase CL and potentially reduce drug efficacy [2]. By
monitoring CL, clinicians can detect the impact of ADAs and adjust treatment strategies
accordingly. Trough concentration alone may not provide this insight, especially if ADAs
cause rapid CL fluctuations that are not captured at a single time point. We did not measure
ADA in our study, however, the rate of neutralising anti-VDZ antibodies is low at 3% in
patients, so, we assume that this small percentage would not influence the study results.
Therefore, by focusing on CL, not on a single concentration, we can account for these
individual differences, providing a more personalised and accurate assessment of drug
exposure [41]. Given that AUC represents complete drug exposure over a dosing interval, it
might serve as a more comprehensive predictor of clinical response and remission compared
to trough concentration alone. We hypothesise that cumulative AUC-based exposure or
time above a certain threshold might better predict outcomes in IBD patients treated
with VDZ than single trough concentration. Recently, preliminary results for infliximab
support the AUC-response relationship suggesting AUC-guided TDM [42]. Nevertheless,
some data indicate that a significant number of IBD patients gain a response over time.
These are patients who did not respond to treatment at week 6 but showed a response by
week 14 (approximately 10% of patients) or week 30 (around 30% of patients). This may
support the importance of extended exposure to drugs over a period of time. The decision
to prioritise CL over alternative exposure metrics in the analysis was driven by critical
limitations in the dataset. Specifically, TDM was conducted at random intervals. Moreover,
the significant variability in therapy duration and outcome timings further complicated the
use of individual AUC or time above a specific target, making it challenging to account
for these discrepancies. Given these challenges, simulations in a virtual population using
typical dosing regimens were performed to gain insights into the underlying dynamics and
better understand the situation.

However, it is important to recognise that there is a bidirectional relationship between
mADb CL and disease activity. High disease activity, as seen in severe IBD, appears to
increase VDZ CL, potentially due to protein loss or a “leaky gut” phenomenon, which in
turn reduces drug concentrations. Conversely, elevated CL results in lower drug exposure,
which may compromise clinical outcomes by failing to adequately suppress inflammation.
To address this, it is crucial to first select patients where non-mechanistic failure exists, and
where TDM can assist in optimising dosing to improve outcomes and achieve better disease
control. Nevertheless, our ongoing prospective research aims to investigate the correlations
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between CL and various exposure metrics with clinical outcomes. We anticipate that this
study will contribute to a more comprehensive and reliable approach to TDM of biologics.

Several limitations should be acknowledged. While providing valuable insights,
the retrospective nature, the limited sample size, and the few cases in our study may
limit the statistical power and restrict the generalisability of the findings. Specifically, the
retrospective study design limited obtaining endoscopic results at the same time for each
patient. The study was conducted at a single centre, which may introduce biases related
to local clinical practices, patient demographics and treatment protocols, further limiting
the external validity. Prospective multicentre studies with larger cohorts are necessary
to validate these results and refine the pharmacokinetic-pharmacodynamic relationship
further. Additionally, exploring the mechanisms behind the altered drug CL observed in
patients with previous biological exposure could help in designing more effective treatment
regimens. We acknowledge that the current frequency of 1 sample per patient during
the maintenance phase may limit precision, and future studies should employ a higher
sampling frequency to optimise outcome predictions. Perhaps, after the induction, the
sampling before the 4th dose (week 14), every 6 months during the maintenance phase,
and at flare-up of symptoms could be considered. Nevertheless, real-world clinical data are
crucial for providing a more comprehensive perspective, and that is the greatest strength
of this study.

In summary, while trough concentration provides useful information for TDM, VDZ
CL offers a more robust and clinically relevant predictor of remission in IBD patients. By
understanding CL, we can more accurately tailor dosing regimens to individual patient
needs, ultimately enhancing therapeutic outcomes and achieving sustained remission.
Furthermore, our ongoing prospective research aims to further investigate the potential of
not only CL but also other exposure metrics as surrogates of response and remission in IBD
patients. This could provide deeper insights into optimising VDZ therapy.

5. Conclusions

The findings of this study explore various factors of VDZ PK variability and point
out a 26.4% increase in VDZ CL with prior anti-TNF« treatment. Moreover, VDZ CL
emerged as a more robust and clinically relevant predictor of remission in IBD patients,
potentially serving as a PD marker as it can reflect disease activity. Our results reinforce
the potential role of CL as a surrogate for remission in IBD patients undergoing VDZ
therapy. Future research should focus on exploring the role of VDZ CL together with
identifying appropriate exposure metrics to better predict treatment response on evaluating
the value of TDM and MIPD-TDM in VDZ optimisation, exploring its PK profile and
exposure-response relationship in acute severe UC and fistulizing CD, and assessing its PK
in paediatric IBD patients. Additionally, comparative studies of the PK profile of VDZ in
comparison to other monoclonal antibodies are needed to identify potential similarities
and differences that could inform overall personalised biologics therapy in IBD treatment.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/pharmaceutics16121629/s1, Table S1: Disease phenotype and clin-
ical characteristics of patients; Figure S1: Goodness-of-fit plots for the vedolizumab (VDZ) final
population pharmacokinetic model: observed vs. (A) population (B) individual predicted trough
concentration; conditional weighted residual (CWRES) vs. (C) population predicted concentration
and (D) time after dose. Values are shown as points with a dashed LOESS trend line through the
data, and solid is a line of identity; Figure S2: Simulated concentration-time profiles based on our
final population pharmacokinetic model based on previous treatment with anti-TNF« (pink—no,
blue—yes) after four dosing regimens (shadow area—95% confidence interval, CI); Figure S3: Indi-
vidual biochemical parameters at baseline (0) and therapeutic drug monitoring time point (1) and
calculated mean difference with p-values using paired Student’s t-test. (A) Hgb—haemoglobin;
(B) Er—erythrocyte; (C) Fe—iron; (D) CRP—C-reactive protein; (E) Alb—albumin; (F) Plt—platelets;
(G) WBC—leukocytes; (H) FER—ferritin; (I) FCP—faecal calprotectin; Figure S4: (A) Linear regression
and (B) boxplot for logistic regression between vedolizumab (VDZ) clearance (CL) and thrombocytes
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(P1t); Figure S5: Distribution of individual vedolizumab (VDZ) clearance (CL) based on faecal calpro-
tectin values categories. The dot represents the mean value, the central line within each box represents
the median, and the edges of the box denote the interquartile range (IQR). The whiskers extend to
values within 1.5 times the IQR and individual points are outliers beyond this range (* p < 0.05).
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Abstract: Background /Objectives: Implementing model-informed precision dosing (MIPD) strategies
guided by population pharmacokinetic/pharmacodynamic (PK/PD) models could enhance the man-
agement of inflammatory diseases such as psoriasis. However, the extent of individual experimental
data gathered during MIPD significantly influences the uncertainty in estimating individual PK/PD
parameters, affecting clinical dose selection decisions. Methods: This study proposes a methodology
to individualize ustekinumab (UTK) dosing strategies for 23 Spanish patients with moderate to severe
chronic plaque psoriasis., considering the uncertainty of individual parameters within a population
PK/PD model. Results: An indirect response model from previous research was used to describe the
PK/PD relationship between UTK serum concentrations and the Psoriasis Area and Severity Index
(PASI) score. A maximum inhibition drug effect (Imax) model was selected, and a first-order remission
constant rate of psoriatic skin lesion (kout = 0.016 d~!) was estimated. Conclusions: The MIPD ap-
proach predicted that 35% and 26% of the patients would need an optimized and intensified dosage
regimen, respectively, compared to the regimen typically used in clinical practice. This analysis
demonstrated its utility as a tool for selecting personalized UTK dosing regimens in clinical practice
in order to optimize the probability of achieving targeted clinical outcomes in patients with psoriasis.

Keywords: psoriasis; ustekinumab; pharmacokinetic/pharmacodynamic

1. Introduction

The management of psoriasis, a chronic immune-mediated condition, has been revo-
lutionized with the introduction of therapeutic monoclonal antibody (mAb), with ustek-
inumab (UTK) constituting one of the available treatment choices [1,2]. UTK targets with
high specificity and affinity the shared p40 subunit of interleukin (IL)-12 and IL-23 [34].
Both cytokines play an important role in the immune cascade that leads to psoriasis,
particularly in modulating the differentiation of naive T-cells into Th1 and Th17 cells [5-7].

Under the brand name Stelara® (Janssen Biotech, Inc., Horsham, PA, USA) UTK is
available in solution for injection and can be administered subcutaneously. The latter
formulation offers flexibility in administration, autoinjectors being the most recent [8].
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The clinical development programs for UTK have been the most extensive for a biologic
agent. Phase III clinical trials [9-12] for UTK in psoriasis have specified a significant
decrease in Psoriasis Area and Severity Index (PASI) scores, supporting considerable
improvements in the severity of the disease. Additionally, UTK has been directly compared
to the tumor necrosis factor inhibitor etanercept [13], representing the first-ever head-to-
head comparison of biological agents in psoriasis treatment. UTK is dosed according
to body weight, as indicated in the summary of product characteristics (SmPC) [8]. For
individuals weighing < 100 kg and those weighing > 100 kg, a 45 and 90 mg dose is
given, respectively, at weeks 0 and 4 (induction period), followed by subsequent doses
every 12 weeks (the maintenance period). UTK typically reaches a steady state within
approximately 28 weeks of regular dosing.

A population pharmacokinetic (PK) modeling approach was developed for UTK in
clinical trial adult patients with moderate to severe plaque psoriasis [14] and psoriatic
arthritis [15] and in real-world data patients [16], using a one-compartment model with
first-order absorption and first-order-elimination, demonstrating a comparable PK between
adult patients from clinical trials and real-world data. The same model was developed in
clinical trial pediatric patients with moderate to severe plaque psoriasis [17]. In addition,
an integrated population PK analysis was performed to describe the PK behavior of UTK in
healthy subjects and individuals with psoriasis, psoriatic arthritis, Crohn’s disease, and ul-
cerative colitis [18]. The chosen structural PK model for UTK was a two-compartment open
model incorporating first-order absorption and elimination kinetics. Notably, parameters
such as clearance (CL) and the volume of distribution were found to increase nonlinearly
with body weight. This model effectively incorporates the PK characteristics of UTK across
all approved inflammatory conditions and in healthy individuals, providing a consistent
framework for understanding UTK’s PK profile in diverse patient populations. The rela-
tionship between serum concentration—time data with longitudinal measures of the PASI in
patients with moderate to severe plaque psoriasis was described via an indirect response
model in a clinical trial and real-world patient data [16,17,19,20]. The contribution of the
UTK effect to the inhibition of the formation rate of psoriatic skin lesions was described by
a maximum inhibition drug effect (Imax) model [21].

Dermatologists often follow labeled dosing recommendations for initial treatment
with UTK, which may not be optimal or safe for every patient [22]. Due to variable psoriasis
disease progression in individual patients and the variability in response, they perform
changes in the dosing regimen of UTK during the maintenance period of treatment. These
changes in routine clinical practice are called optimizations and intensifications of SmPC
dosage regimens. Dose regimen optimization involves maintaining the dose but extending
the dosing interval or decreasing the dose while maintaining the dosing interval. On
the contrary, dose regimen intensification implies maintaining the dose but decreasing
the dosing interval or increasing the dose while maintaining the dosing interval. With
this approach, the risk of adverse events increases due to drug concentrations that are
either supratherapeutic or subtherapeutic because of the lack of a model-informed decision-
making process [23]. Additionally, the methods for individualization commonly used
in standard clinical practice, such as those based on clinical response and therapeutic
drug monitoring (TDM), demand strict adherence to the sampling schedule. Intervention
typically occurs only after the drug has reached a steady state, and adjustments are made
by comparing the patient’s exposure to a target range. If the exposure falls outside this
range, the dose is adjusted under the assumption of dose—exposure proportionality at
steady state or based on clinical experience [24-27].

Consequently, dermatologists require a flexible approach for psoriasis treatment that
considers non-labeled dosing regimens and transitions between different therapeutic modal-
ities of psoriasis to select the optimal treatment for each patient and to solve the cases of
suboptimal response, the loss of efficacy over time, or the emergence of adverse effects.
These challenges highlight the critical importance of transitioning to model-informed preci-
sion dosing (MIPD) strategies guided by population pharmacokinetic/pharmacodynamic
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(PK/PD) models. With MIPD, any timed sample can be utilized, allowing interventions at
any point, from before the first dose to when a steady state is reached. The intervention
method involves calculating a dose that achieves a predefined PK/PD target [27-32]. Imple-
menting PK/PD models in dosing decisions for psoriasis management improves precision
dosing and addresses the interindividual variability (IIV) observed in psoriasis treatment
responses, enhancing therapeutic outcomes and patient safety [14,17,19,33]. Therefore, the
objective of this study was to propose a methodology capable of individualizing dosing
strategies of UTK in patients with moderate to severe chronic plaque psoriasis based on
the uncertainty of the individual parameters of a population PK/PD model.

2. Materials and Methods
2.1. Study Design

A post-authorization, prospective, and observational clinical practice follow-up study
was conducted on Spanish patients with moderate to severe chronic plaque psoriasis from
Manises Hospital of Valencia. The authors affirm that all procedures undertaken in this
study adhere to the ethical standards established by the pertinent national and institutional
committees overseeing human experimentation. Furthermore, they ensure compliance
with the Helsinki Declaration of 1975, with revisions made in 2008. The study received
approval from the Ethics Committee of La Fe University and Polytechnic Hospital (protocol
code VMS-UTK-2020-01 EPA-SP). All participants provided written informed consent. The
enrollment period spanned from February 2021 to December 2022, encompassing individu-
als who had received at least one dose of UTK (Stelara®) and who were under treatment
at the time of inclusion. The patients included in the study were receiving dosage regi-
mens individualized (optimized/intensified or not) and authorized by the dermatologist
based on their clinical response. Exclusion criteria included individuals below 18 years
of age, pregnant individuals, and those with cognitive impairment. Treatment-related
variables such as dosage regimen, time, and line of treatment were collected for each
patient. Moreover, demographic data were extracted from the hospital’s electronic clinical
records, including age, sex, weight, and height.

2.2. Blood Sampling and Analytical Quantification of Samples

Patients were administered UTK via subcutaneous injection in the abdomen or upper
thigh. The patients received the following dosage regimen as a current treatment: 45
or 90 mg of UTK every 12, 14, and 16 weeks (q12w, ql4w, and ql6w), 45 mg of UTK
every 18 weeks (q18w), and 90 mg of UTK every 8, 10, and 15 weeks (q8w, q10w, q15w).
Blood samples for PK analysis were collected using plain red vacutainer tubes immediately
before UTK administration and approximately 2, 6, 10, 12, 14, 16, and 18 weeks afterward.
After centrifugation, serum samples were transferred to separate tubes and frozen at
temperatures between —20 and —80 °C until processing. Serum concentrations of UTK were
measured in the laboratory of Manises Hospital using an enzyme-linked immunosorbent
assay (ELISA; Promonitor-UTK assay, Progenika Biopharma, Grifols®, Derio, Spain). The
Promonitor-UTK quantifies concentrations of UTK in the range of 0.63-20 pug/mL.

2.3. Psoriasis Area and Severity Index Score Measurement

In the dermatology service from Manises Hospital, patients initiating UTK therapy
undergo PASI assessments every 3 months during the first year of treatment. Following
the initial year, PASI evaluations occur every 6 months. Baseline PASI values, recorded at
the onset of UTK therapy, were extracted from patient clinical records. All available PASI
scores documented in patient clinal records during the approximately 1.5-year follow-up
period were collected.

2.4. Modeling Data Analysis

Figure 1 summarizes the modeling strategy performed. The data analysis was initiated
by simulation using the population PK parameters of the 7 reference PK models published
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for UTK [14-18,34]. This aided in identifying the model that most accurately represented
our data. Subsequently, we applied the chosen model along with the individual UTK serum
concentrations gathered during TDM to estimate individual PK parameters.

MIPD
simulations

PK model PK/PD model

4

Maintenance period

* PK: Serum levels * External validation of * Indirect response
* PD: PASI score levels available models model St Cycle BHERL
=) Cent 45-90 mg q8w
* iPK:F, k;, CL,V,,Q, V3 S IPD: Koie , PASK, I 1G5o e 45-90 mg q12w

45-90 mg ql6w
45-90 mg q20w

I L

T _—

* Uncertainty: F, k;, CL, V,, Va/ * Uncertainty: ko, PASK y

Probability of PASI< 1

Figure 1. Modeling workflow. PK: pharmacokinetic; PD: pharmacodynamic; PASI: Psoriasis Area
and Severity Index; iPK: individual pharmacokinetic parameter; iPD: individual pharmacodynamic
parameter; F: bioavailability; k,: absorption rate constant; CL: clearance; Q: intercompartmental
transfer clearance; V;: central volume of distribution; V3: peripheral volume of distribution; kout:
first-order remission constant rate of psoriatic skin lesion; Imax: maximum inhibition drug effect
model; PASI;: estimated baseline levels of PASI response; ICs5): concentration of the drug needed
to inhibit 50% of the response; MIPD: model-informed precision dosing; q8w: once every 8 weeks,
q12w: once every 12 weeks; q16w: once every 16 weeks; q20w: once every 20 weeks.

A previously published indirect response model with PASI synthesis inhibition [16]
was considered to describe the PK/PD relationship between UTK serum concentrations
and the PASI (Figure 2). The ordinary differential equations of the PK/PD model can be
found in the Supplementary Materials. This model structure was also previously applied
to other mAbs designed for the treatment of psoriasis [19,35-38]. Linear, I;max, and sigmoid
drug effects functions were evaluated [21].

b PASI

l Kou

Figure 2. Schematic representation of the final PK/PD model. Epyyg: effect of the drug; ki,: zero-order
progression constant rate of psoriatic skin lesion.

Baseline levels of PASI response (PASI;) were estimated using the B2 method [39],
where PASI; represents the individual predicted baseline level of the PASI, PASI, , is the
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individual observed baseline and #;ry is the estimated individual random component
accounting for the difference between PASI; and PASI; ,,. This variable has a mean equal
to zero and, during parameter estimation, is restricted to having the same variance as the
residual unexplained variability (RUV) (Equation (1)). Consequently, we assumed that the
variability observed in the rest of the data also applies to the baseline data.

PASIZ = PASIZ‘,O'ET“/RV (1)

The selection of the PK/PD model was based on the comparison of the minimum
value of the objective function, a visual exploration of goodness-of-fit plots and the pre-
cision of model parameters stated in the standard errors. An evaluation of the selected
PK/PD models was performed through simulation-based diagnostics prediction-corrected
visual predictive checks (pcVPCs) [40,41]. All data analyses were performed based on
the population approach with the software Monolix 2024R1 (Lixoft SAS, a Simulations
Plus company, Lancaster, CA, USA) [42]. For graphical and statistical analysis, R soft-
ware (http:/ /cran.r-project.org, version 4.4.1, accessed on 30 September 2024) was em-
ployed [43,44].

2.5. Individual Dosing Regimen Strateqy

To explore the performance of the final PK/PD model and its impact on clinical prac-
tice, the optimal MIPD regimen in each patient was determined, for which the PK and
PD individual parameters and their uncertainties were considered. The individual condi-
tional distributions of PK/PD parameters were estimated in Monolix, which represented
the PK and PD individual parameter estimates and their corresponding uncertainty [45].
Uncertainty refers to the degree of accuracy with which PK and PD individual parameters
can be determined based on the observed data and covariate value for that individual,
considering that the individual belongs to the population for which the typical parameter
value (fixed effects) and the variability (standard deviation of the random effects) were
previously estimated [45,46].

The determination of individual conditional distributions (p(¢;|y;), with ¢; being the
individual parameters for individual 7 and y; the data observations for individual i), was
performed with a Markov Chain Monte Carlo (MCMC) procedure called the Metropolis—
Hastings algorithm that samples parameter values from these distributions, using the
following expression:

oy il p(¥i) 5
where p(y;|¢;) is the conditional density function of the data when knowing the individual
parameter values, p(1;) is the density function for the individual parameters and p(y;) is a
constant that represents the likelihood.

With individual conditional distributions, one hundred clones per patient were gener-
ated and were imputed to Simulx 2024R1 (Lixoft SAS, a Simulations Plus company) [47] to
predict through stochastic simulations, and the PASI levels expected at the 5th and 10th
cycle (maintenance period) of treatment with UTK were as follows:

e  5th cycle: individual simulations of dosing regimens were generated considering
5 cycles of UTK (steady-state conditions) administration with the administered dosage
regimen of each patient.

e 10th cycle: following the 5th cycle, we simulated the combination of alternative dose
levels (45 and 90 mg) with different posology (q8w, q12w, qléw, and q20w) for each
patient during 5 more cycles of treatment with UTK.

For each patient, the probabilities of achieving the response target (a PASI score < 1) with
each simulated dose regimen were calculated in cycle 5 and 10 using the following formula:

Probability = ’%‘Z % 100 3)
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where npsg; represent the amount of simulated PASI score values that reach the response
target (a PASI score < 1), and Tpysj represent the total amount of simulated PASI score
values (100 clones). In the 10th cycle, the regimen with which the patient achieved a
probability > 90% (i.e., >90 virtual patients) was selected as the final dosage regimen.
In case the patient achieved the response target with more than one dosage regimen,
the optimized dosing regimen was selected as the final regimen, which represented a
maintenance of the dose over a wider dosing interval or a decrease in the dose within
the same dosing interval. The dosage regimen selected in the 10th cycle was compared
with the current dosage regimen from the clinical practice of each patient to determine if
the patients continued with their current regimen or required a change (optimization or
intensification) in the dosage regimen.

3. Results
3.1. Study Population

The modeling dataset consisted of 23 patients including 75 observations in serum sam-
ples (PK), a baseline PASI (PASI; ) for each patient, and 117 individual PASI (PD). Table 1
summarizes the characteristics of the study, including demographic data, comorbidities,
TDM data, and treatment characteristics that describe the current dosage regimen from the
clinical practice of the subjects enrolled.

Table 1. Summary of patients’ characteristics and PK/PD experimental data collected during TDM.

Mean + SD Range n (%)
Demographic data
Age (years) 62 + 8.19 45-76
Body weight (kg) 92 +18.4 70-135
Height (m) 1.67 £ 0.06 1.54-1.83
BMI (kg/m?) 323 £68 24-50.19
Gender (male) 14 (64)
Treatment period (years) 543 £33 0.304-11.4
Biological “naive” 20 (87)
Comorbidities
AHT 2(9)
Dyslipidemia 2(9)
Diabetes 1(4)
Obesity 4 (16)
Psoriatic arthropathy 2(9)
Non-alcoholic fatty liver 2(9)
Anxious-depressive disorder 2(9)
Others 4 (16)
TDM data
Total of patients 23
UTK concentration (mg/L) 4.1 +3.06 0.27-12.7
Total of UTK concentrations 75
PASI (no units) 1.096 £+ 2.13 0-12
Total of PASIs 117
PASI; 144 + 623 5-31.9
Current treatment characteristics
SmPC Optimized Intensified Summary
45 mg ql2w 1 45 mg ql4w 1 90 mg q10w 1 SmPC 9 (40%)
90 mg ql12w 8 45 mg qléw 3 90 mg q8w 2 Optimized 11 (48%)
45 mg q18w 1 Intensified 3 (12%)
90 mg ql4w 1
90 mg q1l5w 2
90 mg qléw 3

SD: standard deviation; BMI: body mass index; AHT: arterial hypertension; TDM: therapeutic drug monitoring;
UTK: ustekinumab; PASI: Psoriasis Area and Severity Index; PASI; ,: individual observed baseline; SmPC:
summary of product characteristics; q8w: once every 8 weeks; q10w: once every 10 weeks; q12w: once every
12 weeks; q14w: once every 14 weeks; q15w: once every 15 weeks; q16w: once every 16 weeks; q18w: once every
18 weeks.
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3.2. Population PK Model

A two-compartment model with first-order absorption and linear disposition pro-
cesses, previously published by Shao et al. [18], was considered as the population PK
model (Figure 2). Then, the statistical significance of covariates included in the reference
model was tested with the available information and patient population collected. Only
the effect of body weight was maintained on CL, intercompartmental transfer clearance
(Q), the central volume of distribution (V;), and the peripheral volume of distribution
(V3). Therefore, body weight was the only covariate that influenced the determination of
individual PK parameter values. The results from the model evaluation exercise indicate
that the model could capture the individual PK profiles with adequate accuracy since most
of the observations were aligned to the identity line (Figure 3). The pcVPC of the PK model
is shown in Supplementary Figure S1.

//
P
e
3
210 i
£ o
£
® A
€ ,,5"6
2 &
3 e
[ )

' P
5 5 %
.c 7’
g o
'

. e
_Q 7]
o) &

o
4
;9
o’ °
0.0 2.5 50 7.5 10.0 12.5

Individual predicted ustekinumab (mg/L)

Figure 3. Individual predicted vs. the observed concentrations of UTK in patients with chronic
plaque psoriasis.

3.3. Population PK/PD Model

The relationship between UTK concentration and PASI observations was described
by an indirect response [48] in which UTK inhibited the zero-order progression constant
rate of psoriatic skin lesion (ki) through an In.x model. The first-order remission constant
rate of psoriatic skin lesion (koyut) and the baseline PASI levels using the B2 method were
estimated. The concentration of the drug needed to inhibit 50% of the response (ICs5q) was
fixed to a published value [16]. Longitudinal individual PK and PD profiles are shown
in Figure 4. Overall, the PK/PD model can characterize the longitudinal behavior of the
PASI at the individual level, suggesting that the current framework considers properly the
combined drug effect and PASI turnover. The pcVPC of the PK/PD model is shown in
Supplementary Figure S2. Parameter estimates of the final population PK/PD model are
summarized in Table 2. The mean and standard deviation of individual PK/PD parameters
are summarized in Supplementary Tables S1 and S2, respectively.
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Figure 4. Individual predicted and observed UTK serum concentrations (green) and PASI (red) after
UTK administration in patients with chronic plaque psoriasis. The line represents the individual
prediction, and the green and red dots represent the UTK and PASI observations, respectively.

Table 2. Population PK/PD estimates after administration of UTK in patients with psoriasis.

Parameter (Units) Value RSE (%)
Fixed effect
Kout (d™1) 0.016 22
Imax 0.97 0.7
IC50 (mg/L) 0.07 FIX

Inter-individual variability

Kout (%) 55.87 38.9

Residual unexplained variability

Error (%) 0.86 9.95

Kout: first-order remission constant rate of psoriatic skin lesion; Imax: maximum inhibition drug effect; ICsp:
concentration of the drug needed to inhibit 50% of the response.

3.4. Individual Dosing Regimen Evaluation

Probabilities across the cycles of treatment evaluated per patient are represented
in Supplementary Figure S3. The MIPD strategy predicted that 8/23 (35%) and 6/23
(26%) of patients would require an optimized and intensified dosage regimen, respectively,
compared with the current regimen received in clinical practice for the maintenance period.
A change to the approved regimen of 45 mg q12w is proposed in 3/23 (13%), representing
38% (3/8) of the total optimized patients. Also, in the optimized patients, non-labeled
dosing regimens of 45 mg qléw and 45 mg q8w are suggested in 2/8 (24%) and 3/8 (38%)
of patients, respectively. Regarding the patients with intensified dosage regimens, a change
to 90 mg q8w (3/6) and 45 mg q8w (3/6), respectively, is recommended. No change in the
dosing regimen was predicted in 5/23 (22%) patients. This MIPD strategy additionally
allowed us to identify that 4/23 (17%) patients would not achieve the efficacy endpoint
selected (a 90% probability of a PASI < 1), contributing to the early identification of patients
with therapeutic failure (Figure 5).
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Figure 5. Sankey diagram to indicate the main flows of changes in the individual dose regimen from
the current dosage regimen of clinical practice to the predicted dosage regimen in the maintenance
period of treatment with UTK (cycle 10). SmPC: summary of product characteristics.

SmPC

PK and PD simulations with the current dosage regimen from the clinical practice
of each subject and the individual optimal dosing regimen established in the 10th cycle
are depicted in Supplementary Figure S4. Figure 6 represents the relationship between
the absolute PASI and a trough concentration at a steady state (Cirough-ss) for each patient,
with all dosage regimens tested. Overall, the results suggest a non-linear relationship,
indicating that the range of concentration 1.6-1.8 mg/L allows to achieve 90% of patients
with a PASI < 1.

PASI

0.3

Ctrough—ss[mg/ L]

Figure 6. Simulated absolute PASI and trough concentration for each patient after 10 cycles of UTK
administration using labeled and non-labeled dosing schemes. Cyygh.ss: trough concentration at
steady state.

4. Discussion

In this study, we developed a procedure capable of individualizing dosing strategies of
UTK in clinical practice Spanish patients with moderate to severe chronic plaque psoriasis
based on the uncertainty of the individual parameter estimates of a population PK/PD
model. Additionally, the inclusion of the uncertainty during the simulation step for a
personalized dosing regimen selection facilitates the evaluation of the degree of certainty
in model-informed predictions in the clinical setting, providing a probabilistic framework
for the MIPD of UTK.

Of the total number of patients who need a dosage regimen modification, 35% would
be oriented towards an optimized dosage regimen. In 22% of patients, this optimization is
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proposed to be performed using a non-labeled dosage regimen. This represents a reduction
of one dose per year, meaning that patients, instead of receiving five doses of UTK in the
first year of treatment with SmPC dosing regimens and four from the second year onwards,
would receive four doses and three doses, respectively. According to the database of health
information on medicines and parapharmacy products [49] the price of Stelara® 45 mg
solution for injection in a pre-filled syringe is EUR 2915.4. Assuming the reduction in
dosage, this will entail an annual cost per patient of EUR 11,661.6, which will represent a
saving of 25%. In addition to fewer expenses related to the purchase of medication, with
the lower number of administrations, there is less risk of an occurrence of injection site
reactions due to SmPC. The previous fact includes patients who are to receive 45 mg qléow
and also those who are to receive 45 mg q8w because the latter take much more intensive
dosage regimens during clinical practice, for example, 90 mg q10w.

From our pool of patients, an intensification of the dosage regimen in comparison with
the one received in clinical practice is proposed in 26% of the patients. In these patients,
individual CL values higher than the typical value are observed; hence, this type of patient
will require higher levels of UTK to achieve a successful therapeutic response. It should
be taken into consideration that after performing our strategy for MIPD in UTK, dosage
regimen optimization is recommended for most of the patients. As a result, an improvement
in patient well-being and health system management can be achieved because, in the end,
the patients would always be in an optimal therapeutic response range.

The MIPD strategy did not allow us to reach the efficacy endpoint (a 90% probability
of a PASI < 1) in 17% of patients. This strategy represents an advantage in identifying
non-responding patients at the early stages of treatment, improving the effectiveness in
the management of psoriasis for those patients, and avoiding the cost of treating these
patients during successive cycles. A more in-depth analysis of these patients reveals CL or
kout values higher and lower, respectively, than the population average (Supplementary
Figure S3), which could serve as a threshold to characterize patients with a low probability
of optimal response to UTK.

For the estimation of individual PK/PD parameters, all the PASI and UTK concen-
tration values available at the time of recruitment were used. To implement the proposed
MIPD strategy, an adaptive procedure might be implemented. This procedure would in-
volve re-estimating the individual parameters as additional data points become available to
ensure the model remains accurate and reflective of the patient’s evolving condition. On the
other hand, this analysis confirms the need to collect PASI samples from patients during the
first weeks of treatment (the induction phase), which enhances the characterization of PK
and PD processes and increases the number of observations per patient, leading to a precise
and accurate estimation of their individual PD parameters. The non-linear relationship
between the PASI score and trough concentration levels of UTK (Figure 6) demonstrates
both the impact of the PK and PD parameters to guarantee satisfactory treatment efficacy.
Therefore, although it is possible to establish global exposure values for a PASI value, the
individualization of treatment through this MIPD strategy allows for the achievement of a
greater number of patients with effective therapeutic regimens, reducing therapeutic failure
only for non-responding patients. In our study, a Cirough-ss range of 1.6-1.8 mg/L was able
to help 90% of patients achieve a PASI < 1. Even though the Ci;ough-ss range obtained in
a previous population PK/PD study [17] was 0.0914-0.978 mg/L, it should be noted that
this range is representative only for patients weighing 60 to 100 kg with a dosing regimen
of 45 mg q12w. Correspondingly, it was generated from the simulated data of patients who
were exclusively starting treatment with UTK in pivotal phase III clinical trials, with the
efficacy objective of PASI 75 in week 12. However, the range of our study represents a more
demanding PD endpoint (PASI < 1 or PASI 99), and it is representative of patients with no
body weight limit (92 4= 18.4 [70-135] kg) receiving eight dosage regimens used in clinical
practice (45 or 90 mg g8, 12, 16 and 20w) under steady-state UTK therapy conditions.
Furthermore, this range provides target Ciough-ss Values that are associated with an optimal

197



Pharmaceutics 2024, 16, 1295

response in line with current clinical guideline recommendations (PASI < 1) intended to
maximize both clinical outcomes and the quality of life of patients with psoriasis [50,51].

Our work is based on previously published PK /PD models, thus recycling data and
using previously developed knowledge, but in addition to our model, we have taken a
step forward in the characterization of the relationship between UTK concentrations and
response through the PASI observed in real-world clinical data. But also, this study is an
example of individual-level precision dosing, which involves a more comprehensive and
effective use of precision dosing strategies by recognizing, characterizing, and quantifying
the various sources of variability in drug response through PK/PD modeling [23,33]. Such
studies are particularly valuable for drugs like UTK that are used to treat heterogeneous
conditions like psoriasis, where response variability is significant. While improving our un-
derstanding of PK/PD relationships within specific patient subgroups during clinical trials
can enhance the identification of precise dosing targets, real-world patients remain signifi-
cantly more diverse than those in controlled trial settings. Therefore, robust post-marketing
surveillance is essential to explore unique precision dosing targets [52]. Advances in data
collection and analysis methods from real-world patients offer opportunities to identify
new precision dosing algorithms and refine existing ones established in clinical trials.
These methods enable the continuous updating and extension of dosing strategies to better
meet the individualized needs of patients [33,53]. Thus, our strategy based on MIPD in
real-world clinical data could be the first attempt to ensure the most precise individual
dosing of patients with plaque psoriasis treated with UTK.

Similar to any real-world study cohort, notable challenges involve the lack of patients
(a small patient sample size), a few points available per patient, and therefore the presence
of missing data. Due to the study design conditions, many PK/PD observations were
taken very spaced out in time, without a continuous characterization (sparse data). For this
reason, some unquantified changes in the physiology or the progression of the psoriasis
disease could directly impact the obtained results. In the future, similar models could be
implemented into a conditional distribution dashboard system [54,55]. This would allow
for real-time predictions of treatment response, aiding in informed decisions regarding
dosing adjustments and treatment transitions for UTK. In this way, as suggested by Mould
and Upton in their recently published review [56], options for alternative dosing strategies
based on MIPD and/or TDM could be included in the SmPC of UTK.

5. Conclusions

In conclusion, this study proposes a methodology to individualize UTK dosing strate-
gies considering the uncertainty of individual parameters within a population PK/PD
model to optimize the probability of achieving targeted clinical outcomes in patients with
moderate to severe chronic plaque psoriasis. This represents an initial step towards per-
forming MIPD for biologics that act on the interleukin pathways of psoriasis, which has
been explored very little. Future studies should implement our proposal in a greater cohort
of real-world patients.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/pharmaceutics16101295/s1, Ordinary differential equations for
the PK/PD model of UTK and PASI; Figure S1: Prediction-corrected visual predictive check obtained
from one thousand simulated studies using the selected population PK model; Figure S2: Prediction-
corrected visual predictive check obtained from one thousand simulated studies using the selected
population PK/PD model; Table S1: Mean of the individual PK/PD parameters drawn from the
conditional distribution task in Monolix; Table S2: Standard deviation of the individual PK/PD
parameters drawn from the conditional distribution task in Monolix; Figure S3: Bar plot of 100
simulated absolute PASI for each patient after UTK administration at cycles 5 and 10, using the
individual parameters from the final population PK/PD model and their uncertainties; Figure S4:
PK and PD simulations with the current dosage regimen from clinical practice and the individual
optimal dosing regimen established after simulations in 10th cycle for each patient.

198



Pharmaceutics 2024, 16, 1295

Author Contributions: Conceptualization, M.M.-S., E.G.-C., M.C.-M. and V.M.-S.; methodology,
K.R.-E,].Z.-E, M.M.-S., E.G.-C., M.C.-M. and V.M.-S,; software, K.R.-F., ].Z.-F. and V.M.-S.; validation,
KR-F, ].Z-F, MS.-B.,, MM.-S., AM.-P,, AM.-C,, E.G.-C., M.C.-M. and V.M.-S.; formal analysis,
KR.-E, J.Z-F. and VM.-S;; investigation, K.R.-E, ].Z.-F. and V.M.-S,; resources, AM.-P., AM.-C.,
E.G.-C. and M.C.-M,; data curation, K.R.-F.; writing—original draft preparation, K.R.-F,, ].Z.-F. and
V.M.-S,; writing—review and editing, K.R.-F, ].Z.-F,, M.S5.-B.,, M.M.-S., AM.-P, AM.-C,, EG.-C,,
M.C.-M. and V.M.-S,; visualization, K.R.-F. and ].Z.-E. ; supervision, E.G.-C., M.C.-M. and VM.-S,;
project administration, E.G.-C., M.C.-M. and V.M.-S.; funding acquisition, A.M.-P,, E.G.-C. and
M.C.-M. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: The study was conducted following the Declaration of
Helsinki and approved by the Ethics Committee of La Fe University and Polytechnic Hospital
(protocol code: VMS-UTK-2020-01 and date of approval: 27 January 2021).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author due to ethical and legal restrictions.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

AHT Arterial hypertension

BMI Body mass index

Cirough-ss ~ Trough concentration at steady state

CL Clearance

Ebrug Effect of the drug

F Bioavailability

ICsg Concentration of the drug needed to inhibit 50% of the response
Timax Maximum inhibition drug effect

v Interindividual variability

IL Interleukin

ka Absorption rate constant

Kin Zero-order progression constant rate of psoriatic skin lesion
kout First-order remission constant rate of psoriatic skin lesion
mAb monoclonal antibody

MCMC Markov Chain Monte Carlo
MIPD Model-informed precision dosing

NpAST Amount of simulated PASI score values that reach the response target (PASI score < 1)

iRV Estimated individual random component accounting for the difference
between PASI; and PASI;

PASI Psoriasis Area and Severity Index

PASJ; Estimated baseline levels of PASI response

PASI; o Individual observed baseline levels of PASI response

pcVPC Prediction-corrected visual predictive check

PD Pharmacodynamic

PK Pharmacokinetic

PK/PD Pharmacokinetic/pharmacodynamic

Q Intercompartmental transfer clearance

q8w Once every 8 weeks

qlow Once every 10 weeks

ql2w Once every 12 weeks

qldw Once every 14 weeks

ql5w Once every 15 weeks

qléw Once every 16 weeks
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ql8w Once every 18 weeks

q20w Once every 20 weeks

RUV Residual unexplained variability

SD Standard deviation

SmPC Summary of product characteristics

TDM Therapeutic drug monitoring

Tpast Total amount of simulated PASI score values (100 clones)
UTK Ustekinumab

Vs, Central volume of distribution

V3 Peripheral volume of distribution
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Abstract: Background/Objectives: Patient care and control of inflammatory disorders, such as psori-
asis, can be improved by model-informed precision dosing (MIPD) techniques based on population
pharmacokinetic/pharmacodynamic (PK/PD) models. Clinical dose selection decisions based on
MIPD strategies need to take account of the uncertainty associated with the individual PK/PD model
parameters, which is determined by the quantity of individual observational data collected in clinical
practice. Methods: The aim of this study was to propose an approach for personalized dosage
regimens of secukinumab (SCK) in 22 Spanish patients with plaque psoriasis, whose severity level
was considered moderate to severe, taking into account the uncertainty associated with individual pa-
rameters in a population-based PK/PD model. Results: The link between SCK serum concentrations
and Psoriasis Area and Severity Index (PASI) scores was explained using an indirect response model.
A maximum inhibition (Imax) drug effect model was applied to limit the progression of psoriatic
skin lesions within the turnover PD mechanism, which explains the changes in PASI scores during
treatment. A first-order remission rate constant for psoriatic lesions (kout = 0.11 dayfl) was estimated.
Conclusions: According to the MIPD strategy, 50% of patients would require an optimized regimen
and 14% would require an intensified dosage regimen in comparison to current clinical treatment.
This research has shown its usefulness as a tool for choosing individualized SCK dosage regimens
in patients with long-lasting plaque psoriasis to improve the probability of achieving satisfactory
response levels.

Keywords: psoriasis; secukinumab; pharmacokinetic/pharmacodynamic

1. Introduction

Secukinumab (SCK) is a fully human immunoglobulin G1k (IgG1k) monoclonal an-
tibody (mADb) designated for the treatment of psoriasis [1,2], a chronic autoimmune skin
disorder characterized by pro-inflammatory cytokines and keratinocyte hyperprolifera-
tion [3-5]. Psoriasis disease is partially explained by an elevation of proinflammatory
interleukin (IL)-17A, which binds to the IL-17 receptor present in keratinocytes, triggering
the signaling pathway associated with inflammatory processes [6,7]. The pharmacological
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mechanism of action of SCK consists in selective binding to IL-17A, which diminishes its
interaction with the IL-17 receptor, and therefore, reduces the inflammatory cascade [8].

Currently, SCK (Cosentyx®) is approved as an injection for subcutaneous (SC) use for
treating plaque psoriasis, also called psoriasis vulgaris, from moderate to severe modality
in adults. As indicated in the summary of product characteristics (SmPC) [9], SCK should
be administered in a dose of 300 mg in weeks 0, 1, 2, 3, and 4 (induction period), and
then every 4 weeks (maintenance period). For patients with a body weight of 90 kg or
more, a maintenance dose of 300 mg every 2 weeks may provide additional benefit [10].
Clinical trials evaluating the efficacy of SCK in psoriasis have reported notable reductions
in Psoriasis Area and Severity Index (PASI) scores, reflecting a substantial improvement in
disease severity [11-17].

The population pharmacokinetics (PK) properties of SCK have been characterized
using pooled results from six clinical trials: one phase I, three phase II, and two phase
III studies in patients with psoriasis [11-13,18-20]. A two-compartment PK model with
first-order absorption for SC administration and with zero-order infusion for intravenous
administration successfully characterized its longitudinal PK behavior in patients with
moderate to severe psoriasis [21,22]. SCK shows a terminal half-life of 27 days and slow
clearance (CL) (0.19 L/day). Low central (V, = 3.61 L) and peripheral (V3 = 2.87 L) volumes
of distribution were estimated. An allometric relationship between body weight and
CL and V; characterized the influence of body weight on PK disposition parameters of
SCK. A disease progression model incorporating a symptomatic drug effect was recently
developed for SCK [23]. In this model, the proportion of patients achieving PASI 75 and
PASI 90 reported in clinical trials was used as the efficacy index.

The initial treatment with SCK is indicated by dermatologists following the labeled
dosing recommendations. This procedure may not be the most favorable or harmless for
all patients [24]. When the patient is in the maintenance phase of treatment with SCK
because of the variable psoriasis disease progression and the fluctuation in individual
response, modifications in SmPC dosage regimens become necessary. These modifications
in the routine clinical practice of a dermatology service are called intensifications and
optimizations. The goal of dosage regimen optimization is to either decrease the dose
while keeping the dosing interval the same or retain the dose whereas the dosing interval
is expanded. In contrast, dosage regimen intensification results in keeping the dose but
cutting the dosing interval or increasing the dose but keeping the dosing interval. Due to
the lack of a model-informed decision-making process, this strategy raises the likelihood of
adverse outcomes caused by the emergence of e subtherapeutic or supratherapeutic drug
concentrations [25]. Furthermore, rigorous adherence to the sample schedule is required
by the individualization techniques that are frequently employed in conventional clinical
practice, like those related to therapeutic drug monitoring (TDM) and clinical response.
During these techniques, the drug’s exposure in patients is compared to an objective range
to make modifications, and intervention usually happens only after the medication has
achieved a steady state. In cases when the exposure deviates from this range, the dosage is
modified based on either clinical experience or the hypothesis of proportionality in dose
exposure at a steady state [26-29].

For dosage selection in a patient, the ideal treatment and addressing events of insuffi-
cient response, gradual depletion of efficacy, or the advent of side effects, dermatologists
must adopt an adaptable approach for treating chronic psoriasis vulgaris that contemplates
dosage regimens not included in the SmPC (non-labeled) and transitions between vari-
ous therapeutic alternatives of the disease. These obstacles underline how crucial it is to
switch in the direction of model-informed precision dosing (MIPD) techniques based on
population pharmacokinetic/pharmacodynamic (PK/PD) models. Because MIPD allows
for the use of any timed sample, interventions can be carried out before the initial dosage
or until a steady state is attained. The procedure of intervention determines a dosage
that meets a predetermined target for PK/PD [29-34]. Therapeutic results and patient
safety are improved when PK/PD models are used in dosage selection for the control of
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chronic plaque psoriasis, since they address the interindividual variability (IIV) in therapy
responses and increase precision dosing [35-37]. Therefore, this study aims to suggest
a strategy for individualizing dosage regimens of SCK in patients with moderate to se-
vere long-lasting psoriasis vulgaris reflecting the uncertainty associated with individual
parameters obtained from a population PK/PD model.

2. Materials and Methods
2.1. Research Design

A prospective, observational, post-authorization clinical practice follow-up study
was carried out at Dr. Peset University Hospital of Valencia on Spanish patients with
chronic psoriasis vulgaris from moderate to severe modality. The study’s authors certify
that the methods used in the investigation comply with the moral guidelines set out
by relevant institutional and national bodies that regulate the use of human subjects in
research. Additionally, they guarantee adherence to the 1975 Helsinki Declaration, which
underwent amendments in 2008. The Dr. Peset University Hospital Ethics Committee
approved the study (protocol code VMS-SCK-2020-01 EPA-SP). Prior to beginning any
study procedures, the patients” written informed consent was obtained. The time frame
for the study was July 2020-December 2022. Patients who were receiving therapy at the
time of registration and had received at least one dose of SCK (Cosentyx®) were eligible
to participate. Personalized (optimized/intensified) dose regimens were prescribed to the
study participants by the dermatologist, considering their clinical responses. Pregnant
women, those under the age of 18, and people with cognitive impairments were all excluded.
For every patient, therapy-related information including time, dose, and treatment line
were gathered. Demographic information, such as weight, sex, height, and age, were also
obtained from the hospital’s electronic medical records.

2.2. Blood Collection and Sample Analytical Quantification

The patients received 150 or 300 mg of SCK by SC injection (abdomen or upper thigh)
every 4, 5 and 6 weeks (q4w, g5w and q6w). Blood samples for PK analysis were collected
using plain red vacutainer tubes immediately before SCK administration and approximately
2,7,14, 22, 30, and 40 days afterwards. The collected blood samples were centrifuged
for 10 to 15 min at 3500-4000 rpm, and subsequently, the remaining was transferred to
another tube and frozen until processing. Concentrations of SCK in serum were measured
by A. Menarini Diagnostics (08918 Badalona, Barcelona, Spain) using an ISO 15189 [38]
validated enzyme-linked immunosorbent assay (ELISA) in a freedom Evolyzer Tecan. The
concentration range of the calibration curve was 0.2 ug/mL to 225 pg/mL.

2.3. Assessment of Psoriasis Area and Severity Index Score

Patients which began SCK therapy at Dr. Peset University Hospital’s dermatological
service received PASI evaluations between weeks 5 and 6 and weeks 16 and 24 after the
induction period. Following this, PASI measurements were performed every 6 months. All
the PASI scores that were available and registered in patients’ clinical records through the
almost 1.5-year follow-up period were used for this investigation. Medical records of the
patients were additionally examined to extract the baseline PASI values registered at the
beginning of the SCK therapy.

2.4. Modeling Data Analysis

A summary of the modeling approach used is shown in Figure 1. The population
PK parameters of the published reference model for SCK [21] were employed for sim-
ulation to determine if the available model was able to accurately represent our data.
A two-compartment model with an absorption compartment through linear processes
(Figure 2) represents the structural PK model. Then, a population PK/PD model was
developed to characterize the time course of PASI response [39,40]. Several structural
PK/PD models were proposed to characterize the time delay between PK and PD ob-
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servations. Linear, maximum inhibition (Imax), and functions for sigmoid drug effects
were assessed [41]. The first section of the Supplementary Materials provides the ordinary
differential equations of the PK/PD model.

MIPD
simulations

PK model PK/PD model

Maintenance period

* PK: Serum levels * External validation of * Indirect response model

* PD:PASIscore levels available model * IPD: Koy , KoutroL » PASI;, 10th Cycle 20th Cycle

300 mg q2w
i s Current
« iPK:k,, CL, V5, Q, V3 Lnaxs 1Cs0 e 150-300mg gaw
* Uncertainty: k,, CL, V,, V3 * Uncertainty: ko ,Kouwrow 150-300 mg gsw
150-300 mg gbw
PASI;, Ly

i 1.

T T

Probability of PASI <1

Figure 1. Workflow of the modeling process. PASI: Psoriasis Area and Severity Index; PD: pharma-
codynamic; PK: pharmacokinetic; iPK: individual pharmacokinetic parameters; k,: absorption rate
constant; CL: clearance; Q: intercompartmental transfer clearance; V;: central volume of distribution;
V3: peripheral volume of distribution; iPD: individual pharmacodynamic parameters; koyt: first-order
reduction constant rate of psoriatic skin lesion; koyitoLt: first-order remission constant rate of tol-
erance; PASI;: estimated baseline levels of PASI response; Imax: maximum inhibition drug effect
model; IC5¢: concentration of the drug needed to inhibit 50% of the response; MIPD: model-informed
precision dosing; q2w: once every 2 weeks, gdw: once every 4 weeks, qg5w: once every 5 weeks,

gbw: once every 6 weeks.

Peripheral
(V5)

—| 10, |—>| TOL,, |—>| TO, |[—>
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Figure 2. Final PK/PD model representation. F: bioavailability; kj,: zero-order evolution constant
rate of psoriatic skin lesion; kjytor: zero-order progression constant rate of tolerance; SLP: linear

drug effect model.

The B2 method [42] was applied to estimate baseline levels of PASI response, where
PASI; characterizes the individual predicted baseline level of PASI, the individual observed
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baseline are represented by PASI; , and the distinguishing features between PASI; and
PASI; o are incorporated in the estimated individual random component #; gy. The mean
of this random component is equal to zero, and its variance is constrained to have the same
value as the residual unexplained variability (RUV) (Equation (1)). Hence, we expected
that the baseline data would likewise exhibit the variability seen in the remaining data.

PASIZ = PASIZ‘,O'ET“/RV (1)

A comparison of the minimum value of the objective function, a visual examination
of goodness-of-fit plots, and the accuracy of model parameters as indicated by the rela-
tive standard errors (RSE) were the basis for selecting the PK/PD model. By applying
simulation-based diagnostics called prediction-corrected visual predictive checks (pcVPC),
the evaluation of the elected PK/PD models was completed [40,43]. The data analyses were
conducted via the population approach established in the software Monolix 2024R1 (Lixoft
SAS, a Simulations Plus company, Lancaster, CA, USA) [44]. The R software (version 4.4.1;
http:/ /cran.r-project.org, accessed on 15 November 2024) [45,46] was used for statistical
and graphical analysis.

2.5. Individual Dosage Regimen Approach

The most appropriate MIPD regimen for each patient was found by simulation analysis
incorporating the PK and PD individual parameters and their uncertainties, in order to
investigate the performance of the final PK/PD model and its influence on clinical practice.
The PK and PD individual parameter estimates and their corresponding uncertainty were
obtained by computing the individual conditional distributions of PK/PD parameters
in Monolix 2024R1 [47]. The degree to which PK and PD individual parameters can be
accurately obtained based on the observed data and covariate value for that individual,
reflecting that the individual is a member of the population for which the typical parameter
value (fixed effects) and the variability (standard deviation of the random effects) were
previously estimated, is known as uncertainty [47,48].

A Markov chain Monte Carlo (MCMC) process known as Metropolis—Hastings al-
gorithms was used to determine individual conditional distributions (p(¢;|y;), where y;
indicates the individual parameters for individual 7, and y; symbolizes the data observa-
tions for individual i. The following expression was used to sample parameter values from
these distributions:

_ pWilgi)- p(¥i)

p(ilyi) = BT €

where the constant that denotes the likelihood is p(y;), the density function for the individ-
ual parameters is referred as p(1;), and p(y;|y;) reflects the conditional density function of
the data when the individual parameter values are known.

In order to predict, via stochastic simulations, the PASI levels and trough concentra-
tions at steady state (Cirough-ss) €xpected at the 10th and 20th cycle (maintenance period)
of treatment with SCK, one hundred clones per patient were created applying individual
conditional distributions and later imputed to Simulx 2024R1 (Lixoft SAS, a Simulations
Plus company) [49]. Simulations were performed as follows:

- 10th cycle: using each patient’s prescribed dosage regimen, simulations of indi-
vidual dosage regimens were generated considering 10 cycles of SCK (steady-state
conditions) administration

- 20th cycle: once 10 cycles were applied, 10 more cycles of SCK treatment for each
patient were implemented additionally, to simulate the combination of alternative
dose levels (150 and 300 mg) with different posology (q2w, g4w, q5w, and q6w)
(Figure 1).
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The probabilities of reaching the response aim (PASI score < 1) in the 10th and 20th
cycle for each patient, with each simulated dosage regimen, were calculated applying the
following expression:

Probability = ’gj‘éi % 100 ®)

The total quantity of simulated PASI score values (100 clones) corresponds to Tpssy ,
whereas npyg;y is the number of simulated PASI score values that accomplish the response
target (PASI score < 1). The regimen with a probability > 90% (i.e., >90 virtual patients) in
the 20th cycle was chosen as the final dosage regimen. For methodological reasons, intensi-
fied dosing regimens were tested at the 20th cycle; a successful response was achieved even
at the 10th cycle. When the response target was reached by the patient with several dosage
regimens, it was selected as the final regimen, the one that was the most optimized among
all. The most optimized dosage regimen stands for a lower dose while maintaining the
dosing interval or equally a larger dosing interval but keeping the dose. After selecting a
dosage regimen in the 20th cycle, it was compared with the clinical practice dosing regimen
in each patient to determine if it was optimized or intensified, if the patients maintained
their current regimen, or if it had not been possible to make a prediction for the patient.

3. Results
3.1. Research Subjects

A total of 22 patients were included in the study. The modeling dataset consisted of
85 concentrations of SCK in samples of serum (PK), 106 individual values of PASI score
(PD) and for each patient a baseline PASI (PASI; ). Comorbidities, demographic and TDM
data are presented in Table 1. Moreover, the current dosage regimens of the subjects who
participated in the study are described as treatment characteristics in Table 1.

Table 1. Overview of the PK/PD experimental data and patient characteristics gathered within TDM.

Mean £ SD Range n (%)
Demographic data
Body weight (kg) 745+ 15 46-97
Height (m) 1.7 +0.09 1.54-1.85
BMI (kg/m?) 255+ 4.9 1641
Age (years) 50.07 + 13.4 28-76
Gender (male) 14 (64)
Treatment period (years) 2+1.7 0.005-5.1
Biological “naive” 19 (86)
Comorbidities
AHT 5(23)
Dyslipidemia 7(32)
Diabetes 3(14)
Obesity 2(9.1)
Psoriatic arthropathy 5(23)
Non-alcoholic fatty liver 1(4.5)
Anxious—depressive disorder 2(9.1)
Others 11 (50)
TDM data

Total of patients 22
SCK concentration (mg/L) 482 +18.5 7.4-89 85
PASI (no units) 1+1.7 0-12.3 106
PASI; 11.6 +5.8 2-27.5 22
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Table 1. Cont.

Mean + SD Range n (%)
Clinical practice treatment characteristics
SmPC Optimized Summary
300 mg o
qdw 18 150 mg g4w 2 SmPC 18 (82%)
300 mg q5w 1 Optimized 4 (18%)
300 mg q6w 1 Intensified none

SD: standard deviation; BMI: body mass index; AHT: arterial hypertension; TDM: therapeutic drug monitoring;
SCK: secukinumab; PASI: Psoriasis Area and Severity Index; SmPC: summary of product characteristics; g4w: once
every 4 weeks; gdw: once every 5 weeks; qéw: once every 6 weeks.

3.2. Population PK Model

The population PK model was a two-compartment model with first-order absorption
and linear disposition processes that had been formerly issued by Bruin et al. [21]. The
available data and patient population were then used to examine the statistical significance
of the covariates enclosed in the original paper. Only body weight on CL (0.8) and V; (1)
were maintained through an allometric relationship. Given that most of the observations
were in line with the identity line, individual characterization of the individual PK profiles
was confirmed (Supplementary Figure S1).

3.3. Population PK/PD Model

An indirect response [50] was selected to describe the relationship between SCK con-
centration and PASI observations in which SCK inhibits the zero-order evolution constant
rate of psoriatic skin lesion (kj,). The inhibition of ki, through an Inax model provided
a statistically significant reduction in the objective function value (p-value < 0.01). Other
mAbs intended to treat moderate to severe chronic psoriasis vulgaris have previously
used this model structure [51-56]. To capture the delay between SCK administration and
observable effects, an additional chain of four turnover prePASI compartments was added,
each representing a step in the disease progression (Figure 2).

The PASI; was estimated using the B2 method. Also, the value of first-order re-
duction constant rate of psoriatic skin lesion (kout) was computed. Due to difficulties
during the minimization and convergence processes, the concentration of the drug needed
to inhibit 50% of the response (ICsy) could not be estimated and was fixed to a pub-
lished value (9.35 mg/L) [23]. A tolerance mechanism was incorporated to account for
the increase in PASI score over time during the administration of SCK in four patients
(ID: 5, 10, 13, and 16). Tolerance and desensitization phenomena have been previously
modeled in preclinical data for proinflammatory cytokines that determine the triggering of
plaque psoriasis [57]. A turn-over mechanism including three mediator-like compartments
was proposed, where the rate of progression of tolerance (ki,tor) is triggered by drug
effects incorporated as a linear function (SLP) of the predicted levels of SCK in serum.

Individual PK and PD profiles across time are reproduced in Figure 3. According to the
PK/PD model, the current framework appropriately takes into account the combined action
of SCK and PASI turnover, since it can describe the longitudinal behavior of PASI at the indi-
vidual level. Individual predicted vs. the observed PASI in patients with chronic plaque pso-
riasis and the pcVPC of the PK/PD model are shown in Supplementary Figures S2 and S3,
respectively. Table 2 provides a summary of parameter estimates for the final population
PK/PD model. Supplementary Tables S1 and S2 include an overview of the mean and
standard deviation of the PK/PD parameters in each patient, respectively.
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Figure 3. Predicted and observed PASI score (red) and SCK concentrations (blue) after the adminis-
tration of SCK in patients with long-lasting psoriasis vulgaris. Individual predictions are represented
by lines, and the SCK and PASI observations are represented by blue and red dots, respectively.

Table 2. Population PK/PD estimates in patients with chronic plaque psoriasis after administration

of SCK.

Parameter (Units) Value RSE (%)

Fixed-effect
Kout (day™1) 0.11 26.1
KoutTor (day™1) 0.003 106
Imax 1.19 1.88
IC50p (mg/L) 9.35 FIX

Inter-individual variability
Kout (%) 91.3 20
kouttor, (%) 37.15 431
Tmax (%) 7.63 18

Residual unexplained variability

Error (%) 0.76 9.2

RSE: relative standard error; koy: first-order reduction constant rate of psoriatic skin lesion; Imax: maximum
inhibition drug effect; kouirort: first-order remission constant rate of tolerance; ICs): concentration of the drug
needed to inhibit 50% of the response.

3.4. Individual Dosage Regimen Evaluation

Supplementary Figure S4 illustrates the probabilities across treatment cycles for
each patient. The MIPD strategy indicated that 50% (11/22) of patients would require
an optimized dose regimen, while 14% (3/22) would need an intensified regimen compared
to the clinical practice regimen used during the maintenance period of treatment with SCK.
The optimized patients are suggested to follow non-standard dosage regimens: 150 mg q4w
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for 9% (1/11), 150 mg q5w for 9% (1/11), 150 mg qébw for 18% (2/11), 300 mg g5w for
45% (5/11), and 300 mg q6w for 18% (2/11) of patients. In patients requiring intensified
regimens, switching to 300 mg q2w is advised for all. For 18% (4/22) of patients, no
changes to their current regimen were predicted. Furthermore, this MIPD strategy helped
identify 18% (4/22) of patients who would not reach the efficacy target (90% probability
of PASI < 1), enabling early recognition of those at risk of therapeutic failure. Figure 4
specifies the changes from the dose regimen in clinical practice to the predicted regimen
during the maintenance phase of therapy with SCK (cycle 20).

Current dosing

regimen Dosing regimen selected
in the 20th cycle
Optimized

Intensified
(14%)

Optimized
(50%)

SmPC

No change
(18%)
No prediction
(18%)

Figure 4. Sankey diagram of the shifts in individual dosage regimens. SmPC: summary of
product characteristics.

Supplementary Figure S5 depicts the PK and PD simulations for each patient, compar-
ing the current clinical practice regimen with the optimized dosing regimen determined
by the 20th cycle. Figure 5 highlights the connection between absolute PASI scores and
steady-state Cyough-ss under all tested regimens. The general findings show a non-linear
association, establishing that a Cyoughss Varying from 64.2 to 69.3 mg/L allows a PASI
score < 1in 90% of patients.

15

10

PASI

20 60 110 150
Ctrough—ss[mg/ L]

Figure 5. Simulated trough level and absolute PASI score for all subjects after receiving 150 mg q4w,
5w, and q6w; and 300 mg q2w, q4w, g5w and q6w of SCK SC administration in the 20th cycle. The
purple dots represent the simulated PASI score and their corresponding Cyrough-ss- The blue dashed
box represents the Cyyough-ss (64.2-69.3 mg /L) that allows a PASI score < 1 in 90% of patients. The
red dashed line represents the PASI value of 1. Cyough-ss: trough concentration at steady state.
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4. Discussion

In this study, an exposure-response model was developed for PASI, the most em-
ployed endpoint for efficacy in clinical practice patients with persistent psoriasis vulgaris.
An indirect-response model was evaluated to characterize the effects of SCK, incorporating
an additional series of turnover compartments for prePASI and a tolerance mechanism.
This approach was based on the expectation of a time lag between the peak concentrations
of SCK and the maximum drug effect on psoriatic lesions, represented by PASI scores.
Since SCK inhibits the IL-17A, the exposure—efficacy model represented SCK as having
an inhibitory pharmacological effect on the development of psoriatic lesions following drug
administration. However, we are aware of the drawbacks in the developed PK/PD model
reflected in the low precision in parameter estimation of the tolerance mechanism (RSE of
kouttor and RSE of koyitor, IIV), which is only activated in four patients (5, 10, 13, and 16).

The cornerstone of this study was the development of a procedure for tailoring dosing
approaches of SCK in Spanish patients with moderate to severe long-lasting psoriasis
vulgaris, based on the uncertainty surrounding individual parameter estimates from
a population PK/PD model. Moreover, by integrating uncertainty into the simulation
stage designed for personalized dosing regimen choice, it becomes possible to assess the
confidence level of model-informed forecasts in clinical practice, offering an approach with
probabilistic character for MIPD of SCK. Among the patients needing a modification to
their dosage regimen, an optimized dosage regimen is suggested in 50% of them. In almost
all optimized patients (91%), the optimization should be to a non-labeled dosage regimen,
with 300 mg g5w being recommended in 45% of patients. This adjustment would lead to
a decrease of 3 doses for each year, meaning that as an alternative to receiving 14 doses in
the following years after the first year of treatment with SKC according to the SmPC dosing
guidelines, patients would receive 11 doses. Corresponding to the health information
database for medicines and pharmacy products [58], the cost of Cosentyx® 300 mg injection
in a pre-filled syringe is EUR 1246.98. With the optimization of SCK therapy, the annual
cost per patient would amount to EUR 13717, resulting in savings of 21%. Additionally,
fewer medication purchases and a smaller quantity of administrations would decrease the
threat of injection site reactions.

In contrast to the clinical practice’s dose regimen schedule, intensification was rec-
ommended in 14% of the subjects. Because in these patients the I« values were lower
(1.06-1.13) than the typical value (1.19), a higher level of SCK dose would be required to
achieve a successful therapeutic response. Note that most of the included patients required
a dose regimen optimization following the implementation of our MIPD method in SCK.
Consequently, since patients are more likely to be within the appropriate treatment response
range, it is possible to enhance patient welfare and health system administration. In 18% of
subjects, the efficacy endpoint (90% probability of PASI < 1) was not obtained. Therefore,
the MIPD strategy proposed in this investigation implies a benefit for identifying patients
who are not responding to treatment in the beginning. In this way, the management of
plaque psoriasis can be enhanced in these individuals, and unnecessary costs associated
with treating them in subsequent cycles could be avoided. Furthermore, their ko, values
are lower (0.07) than the typically observed (0.11), which might be used as a cutoff point
for distinguishing patients who are unlikely to respond optimally to SCK.

The full data of SCK concentrations and PASI scores that were acquirable in each
patient included in this study were applied to estimate the individual PK/PD parame-
ters. An adaptable process might be employed to apply the suggested MIPD approach
into practice. To make sure the model continues to be accurate and still represent the
patient’s progressing state, this approach would involve a refining process of the individ-
ual parameters as novel data points appear. In this study, the importance of collecting
samples of absolute PASI from patients throughout the initial weeks of treatment to ac-
curately determine their individual PD parameters is highlighted. The significance of
both PK and PD parameters in ensuring effective treatment outcomes is demonstrated
by the non-linear relationship between the simulated absolute PASI and Cgygh-ss 0f SCK

212



Pharmaceutics 2024, 16, 1576

(Figure 5). While it is feasible to set general exposure values corresponding to an absolute
PASI, the use of this MIPD approach to personalize treatment can lead to a higher propor-
tion of patients reaching efficient dosage regimens, thereby minimizing treatment failure
among non-responders.

A more exigent Cyrough-ss range (64.2-69.3 mg/L) was proposed in this study to ac-
complish in 90% of patients an absolute PASI < 1. A previously reported Ciough-ss Tange
(12.9-62.9 mg/L) was established in a prior population PK modeling investigation [21],
which included individuals on a 300 mg g4w dosage regimen, and it was produced using
simulated data from clinical trials in patients who were only beginning therapy with SCK,
in which the efficacy objective was to achieve in week 12 the PASI 75. Conversely, the
Cirough-ss range found in this research stand for a more rigorous PD endpoint (PASI < 1
or PASI 99) from patients in routine clinical practice. Also, the proposed Cyoygh-ss range
aligns with optimal response criteria consistent with current clinical guidelines (PASI < 1),
intended to enhance the quality of life and clinical results for those with persistent psoriasis
vulgaris [59,60].

This research is based on PK/PD models previously reported. Nevertheless, our work
is an example of how to effectively use established knowledge. However, we have gone one
step further in the description of the relationship among SCK concentrations and patient
responses measured by absolute PASI under real-world circumstances. In addition, this
investigation exemplifies individualized precision dosing, representing a more thorough
and effective application of precision dosing approaches by identifying, characterizing,
and quantifying the different causes of variability in drug response via PK/PD model-
ing [25,35]. While gaining a deeper comprehension of PK/PD interrelation in particular
patient populations during clinical studies can aid in identifying precise dosing objectives,
patients from clinical practice are often much more distinct than those in supervised study
environments. As a result, efficient post-marketing monitoring is crucial for investigating
distinctive precision-dosing aims [61]. Improvements in methods for gathering and ana-
lyzing data from real-world patients present chances to discover novel precision-dosing
procedures and improve those confirmed in clinical trials. These techniques facilitate the
ongoing renewing and enhancement of dosing strategies to more effectively address patient
requirements [35,62]. That is why our approach, which is based on MIPD under real-world
circumstances, may be a first effort to guarantee the most accurate individual dosage for
patients with psoriasis vulgaris receiving SCK.

Some limitations have been played against our investigation. Firstly, as a consequence
of the study design conditions, there was a small patient sample size. Secondly, many
PK/PD observations were either missing or were captured very distant in time (sparse data),
resulting in a small number of points per patient. Because of that, the progression of psori-
asis vulgaris or unmeasured physiological transformations may have straightforwardly
affected the outcomes obtained. Looking ahead, similar models could be incorporated into
a provisional distribution dashboard system for enhanced analysis [63,64]. Regarding the
proposed optimization with the unlabeled dosage regimen of 300 mg q5w, and despite its
advantages in terms of efficiency and safety, sometimes such optimizations may not be
carried out because it would mean extending the frequency of administration by one more
week. Changing the dosage could cause some confusion in, for example, elderly patients,
patients who are seriously ill at the start of SCK therapy, and patients who have been
heavily pretreated with multi-resistant forms. Furthermore, we incorporated tolerance
mechanisms because we first developed a PKPD model with all the experimental evidence
and then conducted an MIPD approach for evaluating the optimal dosing regimen. There-
fore, the tolerance mechanisms could not be anticipated in a traditional TDM approach for
prospective prediction without measured PK and PD levels.

The results of this study confirm the recommendations already formulated by other
authors, who propose incorporating alternatives for different dosing schemes based on
MIPD and/or TDM into the SmPC [65]. This proposal could enhance treatment manage-
ment in chronic diseases, such as plaque psoriasis, and could facilitate real-time predictions
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of treatment responses, helping healthcare providers make informed decisions regarding
dosing modifications and therapy transitions for SCK.

5. Conclusions

In conclusion, this study represents a significant initial step for biologists to implement
MIPD that targets the IL routes in long-lasting psoriasis vulgaris, an area that has been
largely understudied. We propose a methodology to personalize dosing strategies for SCK,
which considers the uncertainty of individual parameters within a population PK/PD
model to enhance the likelihood of succeeding targeted clinical effects in patients with
psoriasis vulgaris from moderate to severe modality. Future research should focus on
applying our approach to a larger group of real-world patients and validating the proposed
dosing strategies.

Supplementary Materials: The following supporting information can be downloaded at: https:/ /www.
mdpi.com/article/10.3390/pharmaceutics16121576/s1, Ordinary differential equations for the PK/PD
model of SCK and absolute PASI; Figure S1: Individually predicted vs. the observed concentrations
of SCK in patients with chronic psoriasis vulgaris; Figure S2: Individually predicted vs. the observed
PASI in patients with chronic psoriasis vulgaris; Figure S3: Prediction-corrected visual predictive
check obtained from one thousand simulated studies using the selected population PK/PD model;
Table S1: Means of the individual PK/PD parameters drawn from the conditional distribution task
in Monolix; Table S2: Standard deviation of the individual PK/PD parameters drawn from the
conditional distribution task in Monolix; Figure S4: Bar plot of 100 simulated absolute PASI for each
patient after SCK administration at cycles 10 and 20, using the individual parameters from the final
population PK/PD model and their uncertainties; Figure S5: PK and PD simulations with the current
dosage regimen from clinical practice and the individual optimal dosing regimen established after
simulations in 20th cycle for each patient.

Author Contributions: Conceptualization, M.M.-S., E.G.-C., M.C.-M. and V.M.-S.; methodology,
K.R.-E, ].Z.-E, M.M.-S., E.G.-C., M.C.-M. and V.M.-S,; software, K.R.-F,, ].Z.-F. and V.M.-S.; validation,
K.R.-F, J.Z-FE, MS.-B,, MM.-S., AM.-P, AM.-C,, E.G.-C.,, M.C.-M. and V.M.-S.; formal analysis,
KR-F, J.Z-E and VM.-S; investigation, KR.-F,, ].Z.-F. and V.M.-S; resources, AM.-P., AM.-C.,
E.G.-C. and M.C.-M,; data curation, K.R.-F.; writing—original draft preparation, K.R.-F,, J.Z.-F. and
V.M.-S.; writing—review and editing, K.R.-E, ].Z.-F,, M.S.-B.,, M.M.-S., AM.-P,, AM.-C,, EG.-C,,
M.C.-M. and V.M.-S,; visualization, K.R.-F. and ]J.Z.-E; supervision, E.G.-C., M.C.-M. and VM.-S,;
project administration, E.G.-C., M.C.-M. and VM.-S,; funding acquisition, A.M.-P,, E.G.-C. and
M.C.-M. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: This study was conducted following the Declaration of
Helsinki and approved by the Ethics Committee of Dr. Peset University Hospital (protocol code:
VMS-SCK-2020-01 and date of approval: 30 March 2020).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author due to ethical and legal restrictions.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

AHT Arterial hypertension

BMI Body mass index

Cirough-ss  Trough concentration at steady state

CL Clearance

ELISA Enzyme-linked immunosorbent assay

F Bioavailability

(@) Concentration of the drug needed to inhibit 50% of the response
Imax Maximum inhibition
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v Interindividual variability

IL Interleukin

ka Absorption rate constant

Kin Zero-order evolution constant rate of psoriatic skin lesion
KinTOL Zero-order progression constant rate of tolerance

kout First-order reduction constant rate of psoriatic skin lesion
koutTOL First-order remission constant rate of tolerance

mAb Monoclonal antibody

MCMC Markov chain Monte Carlo
MIPD Model-informed precision dosing

PASI Psoriasis Area and Severity Index

PASI; Estimated baseline levels of PASI response
PASI; Individual observed baseline levels of PASI response
pcVPC Prediction-corrected visual predictive checks
PD Pharmacodynamic

PK Pharmacokinetic

PK/PD Pharmacokinetic/pharmacodynamic

Q Intercompartmental transfer clearance
q2w Once every 2 weeks

q4w Once every 4 weeks

q5w Once every 5 weeks

q6w Once every 6 weeks

RSE Relative standard error

RUV Residual unexplained variability

SC Subcutaneous

SD Standard deviation

SmPC Summary of product characteristics

SLP Linear drug effect model

TDM Therapeutic drug monitoring

SCK Secukinumab

V, Central volume of distribution

V3 Peripheral volume of distribution
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Abstract: Background: There is a narrow therapeutic window for immunosuppression using cal-
cineurin inhibitors. Drug trough levels do not reflect immunosuppression and should be replaced by
pharmacodynamic monitoring. This prospective cohort study was designed to evaluate the effect
of an extended-release formulation of tacrolimus (LCP Tac) on the nuclear factor of activated T
cell-regulated gene expression (NFAT-RGE). Methods: The expression of interleukin-2, interferon-vy,
granulocyte-macrophage colony-stimulating factor, and three reference genes was measured. Samples
from 23 patients at defined time points in the first year after liver transplantation were analyzed using
a droplet digital polymerase chain reaction. Results: All samples were within the targeted trough
levels of LCP Tac, and their LCP Tac peak levels and residual NFAT-RGE showed a strong inverse
correlation (r = —0.8). Most importantly, there was an individual immunosuppressive response to the
LCP Tac. The mean individual trough effect of LCP Tac on the three target genes when all time points
were pooled was 33% (26-56%) in patients without infection and 81% (53-95%) in those with infection
(p < 0.011). The mean individual peak effect was 48% (44-64%) in patients without infection and 91%
(90-94%) in those with infection (p < 0.001). Conclusions: Thus, tailored immunosuppression based
on residual NFAT-RGE could prevent infections associated with over-immunosuppression early after
liver transplantation.

Keywords: immunomonitoring; nuclear factor of activated T cells (NFAT); residual gene expression
(RGE); extended-release Tacrolimus (LCP Tac); liver transplantation

1. Introduction

Calcineurin inhibitors (CNIs) are the backbone of immunosuppression (IS) following
liver transplantation (LT); however, treatment with CNIs has many undesirable side effects.
Although they are dose-critical drugs with a narrow therapeutic range, adequate moni-
toring is not currently available. As defined serum CNI trough levels have an individual
effect on the immune status of each patient, the current standard for their monitoring
does not reflect the overall immunological effect of CNIs. Thus, there is an urgent need to
directly monitor the effects of CNIs for tailored IS and to reduce the side effects, such as
infections, of these drugs. Careful pre- and post-transplant screening, vaccination pre- and
post-LT, and post-LT prophylactic antimicrobials may reduce the risk of infection, which
is currently the leading cause of death in these patients. Opportunistic pathogens, such
as cytomegalovirus (CMV), which are not harmful to immunocompetent individuals, are
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predominantly responsible for this process. In general, IS increases the risk of infection,
with the highest prevalence in over-immunosuppressed patients.

Recent evidence suggests that IS can be measured using surrogate markers, such as
the Torqueo Teno virus and polyoma (BK) virus load [1,2]. Additionally, CNIs inhibit the
phosphatase activity of calcineurin after the formation of CNI/calmodulin complexes in the
cytosol of lymphocytes. The main substrate of calcineurin in T cells is the phosphorylated
transcription factor, the nuclear factor of activated T cells (NFAT). The dephosphorylation
of NFAT by calcineurin is required for the translocation of this transcription factor into
the nucleus, allowing for the subsequent transcription of the four key genes needed for
T cell activation: interleukin-2 (IL-2), tumor necrosis factor alpha, granulocyte-monocyte
colony-stimulating factor (GM-CSF), and interferon-gamma (IFN-y) [3]. The expression
of the three NFAT-regulated genes, IL-2, IFN-y, and GM-CSF, can be analyzed to directly
measure the actual functional effects of CNIs in peripheral blood [4,5]. Using a real-time
polymerase chain reaction (PCR), several studies have semi-quantitatively analyzed NFAT-
regulated gene expression (RGE) in peripheral blood and have confirmed this approach
to be useful for the individualization of CNI dosing. Nearly all studies have shown an
association between the level of NFAT-RGE and clinical aspects, which include rejection
episodes and complications such as infection and malignancy.

The present study is the first designed to analyze the individual effects of Envarsus
(LCP Tac), a once-daily extended-release Tac formulation with MeltDose™ drug-delivery
technology used to control drug release and enhance the drug’s overall bioavailability,
on the expression of NFAT-RGE. The use of LCP Tac in immunosuppressed patients
following kidney transplantation (KT) and LT can potentially increase bioavailability,
lower blood peak levels (cmax), lower peak-to-trough fluctuations, allow for the faster
achievement of therapeutic drug levels, and lower the total daily dose when compared to
Prograf® and Advagraf®. Compared to Prograf®, an increase in the concentration/dose
ratio has been shown to be associated with improvements in renal function in LT patients,
with a significant recovery of their estimated glomerular filtration rate 6 months after
conversion [6]. When compared to immediate-release Tac, a lower incidence of tremor,
insomnia, and alopecia after conversion with LCP Tac in KT patients within the first year
post-transplant was also shown [7]. The aim of this trial is to prove the concept that
this diagnostic approach can be used to monitor the degree of IS in LT patients receiving
LCP Tac.

®

2. Materials and Methods
2.1. Patients

This prospective observational cohort study included 23 patients who underwent an
LT between February 2019 and June 2020 (phase IV). They were recruited at the Division of
General, Visceral, and Transplant Surgery, Department of Surgery, Medical University of
Graz, Austria, and were investigated before LT (pre-LT) and at 1 and 2 weeks and 1, 6, and
12 months after LT (post-LT). Measurements were also performed at the time of infection.
Infection requiring antimicrobial treatment was defined as exhibiting leukocyte and C-
reactive protein values above the normal range, as confirmed by cell culture and viral PCR
results, when possible. The diagnosis and treatment of infections were routinely performed.
Rejection was primarily diagnosed through clinical assessments and liver function tests, i.e.,
elevated liver enzymes, after ruling out vascular and biliary complications using imaging
techniques. If there was an immediate response to the administration of corticosteroids, a
liver biopsy was not performed [8].

Briefly, post-LT patients who provided informed consent and were at an age > 18 and
<90 years were included in this study. Patients with a known allergy to the study drug, or
its constituents, or to medications with a similar chemical structure, as recently published,
were excluded from this study (NCT03315858).
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Immunosuppressive Treatment

The IS regimen used in this study consisted of LCP Tac, which was introduced directly
after LT, with mycophenolate mofetil and corticosteroid tapering for 2 months. Induction
therapy with anti-T-lymphocyte globulin (ATG) at 3-5 mg/kg for 4 days was administered
to patients <40 years of age with autoimmune hepatitis, with renal insufficiency with a
glomerular filtration rate of <60 mL/min, and those receiving grafts from donors after
cardiac death. All patients received the extended-release, once-daily formulation of LCP
Tac (Envarsus®, Chiesi Farmaceutici S. p. A., 43122 Parma, Italy). The initial oral once-daily
dose of LCP Tac was 0.11-0.13 mg/kg, initiated within 24-72 h after surgery. This dose was
subsequently adjusted to achieve target trough serum concentrations of 5-10 ng/mL [8].
Their LCP Tac serum levels were also measured 4 h after LCP Tac intake (LCP Tacpeak)-
A total of 1 g of mycophenolate mofetil was administered twice daily. Steroid treatment
consisting of 500 mg of methylprednisolone was initiated on day 0, with 160 mg adminis-
tered on day 1, 80 mg on day 2, and 40 mg from day 3 onward. The dose was progressively
decreased to allow patients to be weaned off and discontinue steroids after postoperative
day (POD) 60.

Patients with CMV-positive donors received CMV prophylaxis, which included val-
ganciclovir during the first 6 months post-LT. Both CMV-positive and -negative recipients
received CMV prophylaxis with valganciclovir during the first 3 months post-LT.

LCP Tac levels were determined by liquid chromatography with tandem mass spec-
trometry (LC-MS/MS) using ethylendiamintetraacetate (EDTA) anticoagulated blood and a
validated CE IVD assay (MassTox® Immunosuppressants in whole blood, Chromsystems).

2.2. Gene Expression Analysis

Heparinized peripheral blood samples (4 mL) were stimulated with 4 mL of complete
RPMI-1640 medium (#R8755) containing 5 pg/mL Ionomycin (#13909) and 100 ng/mL
PMA (P1585) (all from Sigma-Aldrich, Burlington, MA, USA). After incubation at 37 °C
for 3 h, lysates of the stimulated cells were prepared using Buffer EL (#79217) and RLT
(#79216), and their total RNA was isolated using the RNA Blood Mini Kit (#52304) (all from
Qiagen). Complementary DNA (cDNA) was reverse-transcribed using the SuperScript
III First-Strand Synthesis System for RT-PCR (#18080051) (Invitrogen, Life Technologies),
according to the manufacturer’s protocols. Reactions consisting of 0.15-1.5 ng of cDNA
were used in droplet digital PCR (ddPCR) experiments.

The gene expression levels of IL-2, IFN-y, GM-CSEF, and 3 reference genes, ACTB,
GAPDH, and TPT1, were quantified using ddPCR (QX200 Droplet Digital PCR System)
with the ddPCR Supermix for Probes (#186-3023) (Both from Bio-Rad, Hercules, CA, USA).
Human ddPCR Expression Probe Assays—dHsaCPE5192847 (IL-2), dHsaCPE5034618
(IFNG), and dHsaCPE5039652 (CSF2)—were multiplexed with dHsaCPE5190200 (ACTB),
dHsaCPE5031067 (TPT1), and dHsaCPE5031597 (GAPDH), respectively. The absolute
number of copies (c) of the target gene transcripts were normalized to the geometric mean
of the absolute copies of the 3 reference genes.

At 1 and 2 weeks and 1, 6, and 12 months after LT, the residual expression of NFAT-
RGE after an LCP Tac intake was calculated. This percentage (RGE%) was calculated as
Cpeak/ €0 X 100, with ¢g as the number of transcripts at the LCP Tac pre-dose level and cpeax
as the number of transcripts at the LCP Tac peak level, 4 h after the LCP Tac intake according
to whole-blood time-concentration curves observed in stable transplant recipients [9,10].

The peak effect of LCP Tac (Effect LCP Tacpeax) on gene expression was determined
as Cpeak for the patients’ respective visits, which was adjusted to the pre-LT copy number
(cpre-L1). The trough effect of LCP Tac (Effect LCP Tacp) was determined as ¢ for their
respective visits, adjusted to the cpre 7. [11]. The pooled gene expression was calculated
as the average of all copies (IL-2, GM-CSF, and IFN-y) for each visit, and the mean copies
and RGE% were calculated as the mean value over all eligible time points. The median of
the pooled values of all patients without infection was compared with the median of the
pooled values of all patients with infection.
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2.3. Statistical Analysis

Patient characteristics and laboratory data are described as medians and interquartile
ranges and counts and proportions, respectively. The study was planned to have a signifi-
cant correlation of +/— 0.65 with a power of 90% and a 2-sided alpha of 0.05. To assess
statistical differences between groups, U-tests based on Mann-Whitney and Wilcoxon’s
methods were performed. To assess differences between time points, Friedman or Wilcoxon
signed-rank tests were used. All reported p-values were two-sided, with p < 0.05 consid-
ered statistically significant. Additionally 25 and 75 Percentiles were calculated (q1, g3).
Spearman’s correlation coefficient (p) was used to quantify bivariate relationships. A p > 0.7
was considered to indicate a strong relationship. The time to infection was described using
the Kaplan-Meier method. Statistical analyses were performed using SAS 9.4 software.

3. Results

A total of 23 patients (65.2%, n = 15 male, n = 8 females) with a mean age of
59 underwent LT for either alcoholic liver cirrhosis (43.5%), hepatocellular carcinoma
(43.5%), primary or secondary sclerosing cholangitis (8.7%), or primary biliary cirrhosis
(4.3%). The median model of end-stage liver disease (MELD) score was 13 (range, 6-38).
Two patients underwent another LT within 48 h, one of whom had primary non-function,
while the other had hepatic artery thrombosis (Table S1). The follow-up duration was
12 months, and 1 patient died after 3 months due to sepsis after a duodenal perforation.
Another 2 patients did not attend follow-ups after 6 months.

3.1. LCP Tac Dosing

Median LCP Tac doses of 6.00 (4.00-9.00, 4.00-10.00, and 4.00-8.00 mg in the 1st week,
2nd week, and 1 month post-LT, respectively), 3.00 (2.00-4.75 mg at 6 months post-LT), and
2.08 mg (1.50-3.50 ng/dL at 12 months post-LT) were given.

LCP Tac trough levels (LCP Tacyg) were within the targeted range. Median LCP
Tacy serum levels of 8.00 (5.10-9.80), 9.1 (6.30-11.0), 7.50 (6.10-11.20), 6.40 (5.60-7.30),
and 6.20 ng/mL (4.70-7.50) were determined in the 1st and 2nd week and at 1, 6, and
12 months post-LT, respectively. These included correspondingly decreasing values in the
later course. LCP Tacy differed significantly between the time points (p = 0.014). Its levels
were significantly higher at 1 and 2 weeks post-LT when compared to 12 months post-LT
(p =0.030 and p = 0.042, respectively). Its levels at 2 weeks post-LT were also higher than at
6 months post-LT (p = 0.038) (Figure 1).
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Figure 1. LCP Tacrolimus trough levels (LCP Tacy) at different time points within the first year after
liver transplantation. The trough levels were significantly higher at 1 and 2 weeks than at 12 months
(p =0.030 and p = 0.042, respectively) and at 2 weeks than at 6 months (p = 0.038). The target level
aimed for is indicated.
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Median LCP Tacpeai serum levels of 15.10 (7.70-23.90), 9.1 (7.60-16.20), 16.9 (8.20-21.60),
7.70 (5.90-12.10), and 7.10 ng/mL (5.90-8.80) were determined in the 1st and 2nd week and
at1, 6, and 12 months post-LT, respectively.

No difference in LCP Tacpeak serum levels was found between the visits (p = 0.24). A
proportion of 14.5% of the LCP Tac trough levels were in the subtherapeutic range, 69.1%
were in the therapeutic range, and 16.4% were in the supratherapeutic range, with LCP Tac
trough levels measured in all patients at all time points (week 1, week 2, month 1, month 6,
year 1) (Figure S1, Table S2).

3.2. Cytokine Gene Expression Response

None of the 171 samples used for gene expression measurements were excluded due
to methodological or technical problems (i.e., failed RNA extraction or immune activation,
respectively).

The NFAT-RGE response, including normalized copy numbers and calculated RGE%,
changed significantly with time after LCP Tac intakes. The gene expression levels of IL-2,
GM-CSF, and IEN-y pre- and post-LT, at Tac’s pre-dose and peak levels, as RGE%, are
expressed over time in Table 1 and Figure 2a,b. Values are expressed as medians (q1,q3).

Table 1. Gene expression of IL2, GM-CSF, and IFN-y prior to liver transplantation (pre-LT) and prior
to LCP Tacrolimus intake (cg) at different time points. Gene expression of IL2, GM-CSF, and IFN-y
after LCP Tacrolimus intake (cpeqx) at different time points after liver transplantation. Residual gene
expression (RGE%) of IL2, GM-CSF, and IFN-vy after LCP Tacrolimus intake at different time points
after liver transplantation.

Normalized Copies Time Point Median ql q3
IL2 ¢g Pre-LT (cpre-LT) 3.34 243 6.16
Week 1 0.76 0.21 1.53
Week 2 0.93 0.46 1.84
Month 1 2.16 1.33 3.86
Month 6 3.29 2.01 417
Year 1 3.58 2.52 3.73
CSF ¢y Pre-LT (cpre-LT) 3.10 1.67 4.08
Week 1 0.62 0.16 1.22
Week 2 0.86 0.35 1.42
Month 1 1.53 1.00 2.35
Month 6 2.61 1.63 3.25
Year 1 2.73 2.05 3.39
IFN-y ¢g Pre-LT (cpre-LT) 1.76 1.31 3.06
Week 1 0.36 0.16 0.77
Week 2 0.63 0.42 0.90
Month 1 1.04 0.64 2.32
Month 6 1.64 1.37 2.71
Year 1 3.01 1.42 445
IL2 cpeak Week 1 0.10 0.03 0.30
Week 2 0.25 0.14 0.31
Month 1 0.37 0.11 0.89
Month 6 3.17 1.25 4.38
Year 1 2.98 2.55 3.83
CSF cpeak Week 1 0.10 0.03 0.27
Week 2 0.15 0.14 0.40
Month 1 0.32 0.10 0.63
Month 6 2.14 1.22 2.67
Year 1 2.57 2.18 3.15
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Table 1. Cont.

Normalized Copies Time Point Median ql q3
IFN-Y Cpeak Week 1 0.15 0.03 0.40
Week 2 0.34 0.17 0.50
Month 1 0.36 0.15 1.01
Month 6 1.23 0.90 2.40
Year 1 2.90 1.71 4.03
RGE% IL2 Week 1 22.07 28.50 6.03
Week 2 25.20 35.37 13.11
Month 1 16.63 33.36 8.73
Month 6 81.50 112.93 40.12
Year 1 100.05 111.65 89.54
RGE% GM-CSF Week 1 27.38 31.79 7.36
Week 2 28.23 41.79 15.82
Month 1 17.75 36.96 9.87
Month 6 75.62 101.30 39.94
Year 1 94.35 103.59 85.14
RGE% IFN-y Week 1 44.31 61.23 19.65
Week 2 54.13 62.82 38.68
Month 1 36.92 68.86 19.18
Month 6 83.06 99.79 46.83
Year 1 98.97 117.55 78.67

The expression of IL-2, GM-CSF, and IFN-y decreased from 1 week to 1 month post-LT
and increased to near pre-transplant levels at 6 and 12 months post-LT.

There was no correlation between LCP Tacy serum levels and RGE% at any study
time point.

LCP Tacpeak serum levels and RGE% showed an overall strong inverse correlation
at all time points analyzed (p = —0.8), as described in Table 2. This was also confirmed
using dose-normalized LCP-Tacpe,k concentrations adjusted to the patients” body weight
(Tables S3 and S4). Figure 3 representatively displays the relationship between the LCP
Tacpeak serum levels and RGE% detected at 1 week post-LT.
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Figure 2. (a) Gene expression of IL-2, GM-CSF, and IFN-y, measured before liver transplantation
(cpre-L1) and after transplantation at the LCP Tacrolimus pre-dose level (cp). The expression levels
of IL2, GM-CSF, and IFN-y decreased from week 1 to month 1 and rose again to levels that nearly
reached the pre-transplant level at months 6 and 12. Values are presented as medians (ql, q3).
(b) Gene expression response calculated as the residual expression (RGE%) of IL-2, GM-CSF and
IFN-vy after LCP Tacrolimus intake. After liver transplantation, the residual expression of NFAT-
regulated genes after LCP Tac intakes was calculated as cpeax/co X 100, with ¢g as the number of
transcripts at the LCP Tac pre-dose level and cpeqx as the number of transcripts at the LCP Tac peak
level. The strongest suppression of NFAT-regulated genes was observed until the first month after
liver transplantation, with high residual NFAT-RGE levels seen after 6 months and 1 year. Values are
presented as medians (q1, q3). The circles indicate values of outliers.

Table 2. Residual gene expression (RGE%) of IL2, GM-CSF, and IFN-y and their correlation with
LCPTacpeqx serum level at different time points after liver transplantation.

Time Point Gene RGE% (Median) Sell\'/tll(::il;j:v:?(i l; e/:i(lL) CS:fr;ii;:Ef?p)
Week 1 1L2 22.07 —0.753
GM-CSF 27.38 15.1 —0.827
IFN-y 44.31 —0.843
Week 2 1L2 25.20 —0.520
GM-CSF 28.23 9.1 —0.728
IFN-y 54.13 —0.505
Month 1 1L2 16.63 —0.803
GM-CSF 17.75 16.9 —0.828
IFN-y 36.92 —0.730
Month 6 1L2 81.50 —0.808
GM-CSF 75.62 7.7 —0.647
IFN-y 83.06 —0.557
Year 1 1L2 100.05 —0.320
GM-CSF 94.35 7.1 —0.190
IFN-y 98.97 —0.313
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Figure 3. Relationship between LCP Tacp,eq serum levels and representative residual expressions
(RGE%) of IL-2, GM-CSF, and IFN-y at day 7 after liver transplantation. A strong inverse correlation
of the RGE% of each of the three genes with LCP Tacp,eqx serum levels was observed. The green
symbols indicate the relationship between RGE% and LCP Tacpe,i values.

3.3. Ranges of Residual Gene Expression with Respect to Clinically Significant Events
3.3.1. Infection and Rejection

An infection was observed after a median of 169 days post-LT in 61% (n = 14) of
patients (Figure 4). The residual gene expression in individuals at the time of infection and
in individuals without infection is shown in Table S5, and infection details are shown in
Table S6. The median residual gene expression of NFAT-RGE in stable LT patients without
infection 1 year post-LT was 94.25% (86.63-108.32). LT patients had 32.00% (23.30-95.10%)
NFAT-RGE% at the time of their first infection post-LT (optional time point).
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Days after transplantation

Figure 4. Infections after liver transplantation (LT) and infection-free survival. In 61% (n = 14) of
patients, an infection was observed at a median of 169 days after liver transplantation. Eight patients
did not experience an infection within the first year after transplantation. + One patient was lost to
follow-up after 148 days.

Based on our data and the corresponding existing literature, the optimal NFAT-RGE%
range was between 25 and 50% within the first 6 months post-LT (Table 1 and Figure 2b).
In the optimal NFAT-RGE% range, we observed infections in four patients, while seven
infections were observed in patients who did not meet the optimal NFAT-RGE% range
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Mean individual trough effect

of 25-50%. The NFAT-RGE% values of three patients could not be calculated. The LCP
Tacrolimus serum levels seen at the time of infection within the first year after liver trans-
plantation are shown in Figure S2.

Only five rejections were observed, none of which occurred within the optimal NFAT
RGE% range.

3.3.2. Individual Immunosuppression Described by Individual LCP Tac Trough and Peak
Effects (Effect LCP Tacy, Effect LCP Tacpeax)

We assessed the individual effects of LCP Tac on the risk of infection. Medians of the
individual trough and peak effects, pooled across the IL-2, GM-CSF, and IFN-y levels at
different time points post-LT, are shown in Table S7. The weakest effects were observed in
the later stages (12 months post-LT).

The mean individual trough and peak effects of each of the three NFAT-regulated
genes, pooled over all time points, are shown in Table 3 and displayed in Figure 5a,b.
The trough and peak effects of the three NFAT-regulated genes were significantly higher
in patients with infections than in those without. Additionally, IFN-y showed the most
significant difference of the three genes.

° Tl
o =3 o oos s
= Q
SRl :: ns :
X 0
[
Q o2
] ©
EI 2 i o
T o
[
- el
¥ = = £ e
2 @ Ny
g S
B o O
@ o 08
B RNy =
§ mean 1
°
No Infection Infection
No Infection Infection
(@) (b)

Figure 5. Mean individual trough and peak effects of LCP Tacrolimus in patients with infection and
without infection: (a) The mean individual trough effects of each of the three NFAT-regulated genes,
pooled over all measured time points, are shown. The through effect of LCP Tac (Effect LCP Tac)) was
determined using the number of copies before LCP Tac intake (cg) for the respective visit, adjusted to
the copies measured before liver transplantation (cpre.L1). Trough effects were significantly higher
in patients with infection compared to patients without infection, with IFN-y showing the greatest
difference of the 3 genes. (b) The mean individual peak effects of each of the three NFAT-regulated
genes, pooled over all measured time points, are shown. The peak effect of LCP Tac (Effect LCP
Tacpeak) was determined using the number the copies measured after LCP Tac intake at its peak levels
(cpeak) for the respective visit, adjusted to the number of copies measured before liver transplantation
(cpre-L1)- The peak effects of the 3 NFAT-regulated genes were significantly higher in patients with
infections than in those without infections. IFN-y showed the greatest difference of the 3 genes. The
circles indicate values of outliers.

Table 3. Individual immunosuppression (Effect LCP Tacpeak, Effect LCP Taco) of different NFAT-
regulated genes pooled across all time points.

G Mean Individual Trough Effect in Patients Mean Individual Peak Effect in Patients
ene

without Infection with Infection 4 without Infection with Infection 4
IL2 0.48 (0.02-0.70) 0.80 (0.53-0.96)  <0.023 0.68 (0.16-0.76) 0.93(0.90-0.97)  <0.004
GM-CSF 0.46 (0.20-0.48) 0.85(0.65-0.94)  <0.001 0.65 (0.42-0.66) 0.94 (0.92-0.98)  <0.001
IFN-y 0.07 (—0.16-0.25) 0.79 (0.55-0.90)  <0.001 0.27 (—0.03-0.30) 0.86 (0.82-0.90)  <0.001
All 3 genes 0.33 (0.26-0.56) 0.81(0.53-0.95)  <0.011 0.48 (0.44-0.64) 0.91(0.90-0.94)  <0.001
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4. Discussion

The present study investigates the feasibility of measuring NFAT-RGE in LT patients
receiving extended-release LCP Tac during their first year post-operation, focusing on
over-IS and infection.

We found a strong inverse correlation between the LCP Tacpeax serum level and the
weight-adjusted LCP-Tacpeax concentration and the residual expression of NFAT-regulated
genes. The significantly lower infection rate observed in patients with a high NFAT-RGE%
range suggests that immunosuppression based on NFAT-RGE measurements could prevent
infections associated with over-immunosuppression early after LT.

This is the first study to clearly confirm the feasibility and safety of the present
diagnostic methods in patients on IS with LCP Tac. Thus, the proof of concept was realized
successfully. Considering the relationship between drug levels and residual NFAT-RGE,
we will be able to identify patients with excessive IS. This will allow us to reduce the LCP
Tac dose while monitoring the relevant genes’ expression. The main objective of further
studies should be to develop a tailor-made IS regime for long-term stable LT patients based
on the determination of their residual NFAT-RGE.

When reviewing the literature on NFAT-RGE after cyclosporine A, 10 studies com-
prising 702 patients after kidney transplantation (KT) [9,12-20] and 5 studies containing
153 patients after LT [21-25] were investigated. Of these, two studies included pediatric
patients (KT, n = 1; LT, n = 1) and another two studies, comprising 79 heart transplant
patients, were reviewed [9,26]. We have found that most of these studies were conducted
in patients with long-term stability. There is only one de novo study on the impact of
NFAT-RGE in 80 patients after KT. While most trials were prospective, observational, or
cross-sectional, only one prospective randomized controlled trial (RCT) was found. In
another study, NFAT-RGE and the monitoring of CNI trough levels were compared in
55 stable patients after KT [13]. Most studies have shown an association between high
NFAT-RGE levels and rejection episodes after LT, whereas low NFAT-RGE levels have been
associated with increased infection rates (Table 4).

Table 4. Clinical studies on the quantitative analysis of NFAT-regulated gene expression in the periph-
eral blood of solid organ recipients on Cyclosporine A therapy. Clinical studies on the quantitative
analysis of NFAT-regulated gene expression in the peripheral blood of solid organ recipients on
Tacrolimus therapy.

Reference

Study Design

Patient Cohort

Main Result

Sommerer et al. [12]

Prospective observational

Kidney (n =176)

Low NFAT-RGE proven as risk
factor for BK viremia.

Sommerer et al. [14]

Prospective observational

De novo kidney (n = 80)

Low NFAT-RGE associated with
infectious complications and high
NFAT-RGE associated with risk of

rejection.

Sommerer et al. [15]

Prospective observational

Senior kidney (n = 36)

Low NFAT-RGE associated with
opportunistic infections.

Sommerer et al. [16]

Prospective observational

Kidney (n = 133)

Low NFAT-RGE is associated
with infections and malignancy.

Giese et al. [9]

Cross-sectional

Kidney (n = 25),
liver (n = 14),
heart (n = 26)

Pilot study to assess the property
of the assay; PK-PD analysis.
NFAT-RGE as marker for
individual responsiveness.

Sommerer et al. [17]

Prospective observational
case—control

Kidney (n = 20), matched
controls (n = 20)

Tapering of cyclosporin A,
monitored by RGE, improved
allograft function and reduced

cardiovascular risk factors.
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Table 4. Cont.

Reference

Study Design

Patient Cohort

Main Result

Sommerer et al. [18]

Prospective observational

Senior kidney (n = 55)

Low NFAT-RGE associated with
nonmelanoma skin cancer.

Dannewitz et al. [19]

Prospective observational

Kidney (n = 144)

Low NFAT-RGE associated with
cyclosporine A in saliva and
gingival hyperplasia.

Sommerer et al. [13]

Prospective interventional
randomized-controlled

Kidney (n = 55)

NFAT-RGE leads to an improved
cardiovascular risk profile and
improves long-term renal
allograft function.

Billing et al. [20]

Cross-sectional observational

Pediatric kidney (n = 45)

Low NFAT-RGE is associated

Billing et al. [21]

Prospective observational

Pediatric liver (n = 33)

with infection episodes.

Low NFAT-RGE in recurrent
infection.

Zahn et al. [22]

Herden et al. [23]

Cross-sectional

Liver (n = 45)

Applicability of NFAT-RGE
monitoring in liver
transplantation confirmed.

Prospective observational

Liver (n = 20 long-term,
n =20 de novo)

NFAT-RGE correlated with
infection parameters.

Steinebrunner et al. [24]

Prospective observational

Liver (n = 13)

High NFAT-RGE in acute
rejection.

Steinebrunner et al. [25]

Cross-sectional

Liver (n = 10)

Low NFAT-RGE in CMV
infection.

Giese et al. [9]

Cross-sectional

Kidney (n = 25),
liver (n = 14),
heart (n = 26)

Pilot study to assess the property
of the assay; PK-PD analysis.
NFAT-RGE as marker for

individual responsiveness.

Konstandin et al. [26]

Prospective observational

Heart (n = 53)

Low NFAT-RGE is associated
with recurrent infections.

Sommerer et al. [27]

Cross-sectional

Kidney (n = 262)

PK-PD correlation, low
NFAT-RGE is associ-ated with
recurrent infections and high

Sommerer et al. [28]

Sommerer et al. [29]

Prospective observational

Kidney (n =73)

NFAT-RGE with rejection.

Low NFAT-RGE is associated
with CMV viremia.

Prospective observational

Kidney (n = 23)

Low NFAT-RGE as risk factor for
BKYV viremia.

Keller et al. [11]

Prospective observational

Kidney (n = 10)

Pharmacodynamics of Tac
described in dependence of
pharmakokinetics.

Bremer et al. [30]

Prospective

Kidney (n =29)

Potential of NFAT-RGE as a tool
for the pharmacodynamic
monitoring of Tac therapy in the
early phase post-Tx, especially in
the context of
over-immunosuppression and
viraemia confirmed.
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Table 4. Cont.

Reference Study Design

Patient Cohort Main Result

Sommerer et al. [31] Prospective observational

NFAT-RGE was confirmed as a
potential noninvasive early
predictive biomarker in the

immediate post-transplant period
to detect patients at risk of acute
rejection and infectious
complications in Tac-treated renal
allograft recipients.

De novo kidney (n = 60)

Randomized Controlled Pilot

Webber et al. [32] Trial

Quantitative analysis of nuclear
factor of activated T-regulated
gene expression may serve as a
reliable assay to lower tac dosing.

Kidney (n = 40)

Billing et al. [21] Prospective observational

Low NFAT-RGE in recurrent

Pediatric liver (n = 33) infection

Zahn et al. [22] Cross-sectional

Applicability of NFAT-RGE
monitoring in liver
transplantation confirmed.

Liver (n = 45)

Steinebrunner et al. [24] Prospective observational Liver (n =13) High NFA.T-R.GE i acute
rejection.

Steinebrunner et al. [25] Cross-sectional Liver (n = 10) Low NF.AT_RGE in CMV
infection.

Millan et al. [33] Prospective observational

Sequential post-transplantation
NFAT-RGE monitoring combined
with intralymphocytary IL-2 and
IFN-y may be key predictive and
diagnostic biomarkers of the risk

of TCMAR and SCR and better
guide CNi therapy in LT patients.

Liver (n = 56)

Few studies have investigated NFAT-RGE after twice-daily Tacrolimus (Tac) treat-

ments. We found four studies, for a total of 428 Tac-treated patients, where long-term
stable patients were investigated after KT [11,27-29], two studies including de novo KT
patients [30,31], and one RCT. The RCT compared NFAT-RGE measurements with CNI
trough level monitoring in 40 stable patients after KT [32]. We found four further studies in
which 130 patients given Tac were monitored after LT [21,22,24,25,33] (Table 4).

A study by Bremer et al. [30] was the only one to report NFAT-RGE after once-daily Tac
treatment. However, 19 of the 29 patients had been switched from the regular twice-daily
formulation of Tac (Prograf®) to a once-daily formulation (Advagraf®) at 1 year post-KT.

According to the literature published in the field, NFAT-RGE measurements might be
an optimized way of monitoring and individualizing the level of IS achieved with CNIs.
An NFAT-RGE analysis is relatively specific for Tac exposure [9]. As outlined above, most
published studies have focused on long-term stable patients, mainly after KT, and two
randomized controlled trials on KT patients have been published to date [13,32]. Only
19 cases of once-daily Tac administration in KT patients and NFAT-RGE monitoring 1 year
after KT have been reported to date [30].

In our cohort, patients showed the strongest suppression of NFAT-RGE when their
residual NFAT-RGE was equivalent to low copy numbers of the three target genes early post-
LT, and these numbers increased again after 6 and 12 months. This is in accordance with
the published literature. Bremer et al. reported higher residual NFAT-RGEs observed at
1 year on once-daily Tac versus 1 week post-KT with twice-daily Tac, which was suspected
to not be explained by the switch in formulations. However, the authors emphasized the
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need for further investigation of NFAT-RGE during treatment with once-daily formulations
in view of the increasing use of extended-release formulations [30].

A descriptive analysis of our data confirmed that although patients exhibited an LCP
Tac trough level within the targeted therapeutic window, a low NFAT-RGE% serum level
could result in a higher risk of infection. Based on our data and the corresponding existing
literature, the optimal NFAT-RGE% range during the first 6 months after LT is between
25 and 50% [21,22,24,25,33]. Within that range, 43% fewer infections were recorded and
no rejections were observed. Outside the optimal range, there were rejections in 19% of
the patients. We also assumed a lower tumor recurrence rate, which is of the utmost
importance in the face of almost 50% of the patients in our cohort having a malignant
disease (hepatocellular carcinoma) before transplantation. An observation period longer
than 1 year would be recommended for future studies.

The strengths of the present study are in its prospective design, following patients
post-LT, with precisely predefined time points for control visits and a uniform immunosup-
pressive regimen in all patients. For the first time, we were able to take the immune status
of each patient before IS into account, determining the individual peak and trough effects
of LCP Tac by referring to each patient’s NFAT status pre-LT.

Concerning the individual immunosuppressive status of all patients before transplan-
tation, the individual trough and peak effects of LCP Tac at defined time points post-LT
differed significantly between patients with and without infection. In contrast, there was
no difference in LCP Tac’s trough and peak serum levels. Although only 23 patients were
included in our trial, there were significant results within our study, and the primary
endpoint was met.

Some limitations of the present study should be kept in mind. As a single-center study;,
the number of patients included were limited. Therefore, further investigations of different
infection types were not possible. Due to the occurrence of heterogeneous infections of
unequal severity, the results reported in this proof of concept study have to be interpreted
with caution.

Further studies should focus on separate analyses of different types of infections,
such as opportunistic infections. Also, a possible relationship between individual LCP-Tac
serum levels within different therapeutic ranges and the occurrence of infections needs to
be examined in studies with a larger sample size.

In summary, a strong inverse correlation between the LCP Tacpe,k serum level and the
residual expression of NFAT-regulated genes was found, indicating that the quantitative
analysis of these genes enables reliable biological IS at the target cell level in de novo LT
recipients. There was a difference between NFAT-RGE% in patients with and without
infection, which was significant when considering the individual status of IS in each patient
pre-LT. In the optimal NFAT-RGE% range, the rates of infection and rejection decreased
distinctly, by 43 and 100%, respectively.

This is the first study to clearly confirm both the feasibility and safety of the present
diagnostic methods in patients undergoing IS with LCP Tac, and the proof of concept was
successfully realized. Considering the relationship between the drug’s levels and residual
NFAT-RGE, we will be able to identify patients with excessive IS. This will allow us to
reduce the LCP Tac dose while monitoring the relevant gene expression. The main objective
of further studies should be to develop a tailor-made IS for long-term stable LT patients
based on determining their residual NFAT-RGE.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ pharmaceutics16101317/s1. Table S1: Patient characteristics.
Table S2: Results of LCP Tacrolimus trough level measurements, categorized by different therapeutic
ranges. Table S3: Residual gene expression (RGE%) of IL2, GM-CSF, and IFN-y and their correlation
with LCP Tacpeax concentration, adjusted to patient’s body weight at different time points after
liver transplantation. Table S4: LCP Tacg and LCP Tacpeak concentration, adjusted to patient’s body
weight at different time points after liver transplantation. Table S5: Descriptive statistics of RGE IL-2,
RGE GM-CSF, RGE IFN-y, and RGE mean at the time of infection and without infection. Table Sé:
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Infection details. Table S7: Individual immunosuppression (Effect LCP Tacpeax, Effect LCP Tacy),
pooled across IL-2, GM-CSF, and IFN-y, after liver transplantation. Figure S1: LCP Tacrolimus trough
levels, categorized by different therapeutic ranges. Figure S2: LCP Tacrolimus serum levels at the
time of infection within the first year after liver transplantation.
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Abstract: Zolpidem is a widely prescribed hypnotic Z-drug used to treat short-term insomnia.
However, a growing number of individuals intentionally overdose on these drugs. This study
aimed to develop a predictive tool for physicians to assess patients with zolpidem overdose. A
population pharmacokinetic (PK) model was established using digitized data obtained from twenty-
three healthy volunteers after a single oral administration of zolpidem. Based on the final PK model,
a web application was developed using open-source R packages such as rxode2, nonmem?2rx, and
shiny. The final model was a one-compartment model with first-order absorption and elimination
with PK parameters, including clearance (CL, 16.9 L/h), absorption rate constant (K,, 5.41 h~1,
volume of distribution (Vq4, 61.7 L), and lag time (ALAG, 0.394 h). Using the established population
PK model in the current study, we developed a web application that enables users to simulate plasma
zolpidem concentrations and visualize their profiles. This user-friendly web application may provide
essential clinical information to physicians, ultimately helping in the management of patients with
zolpidem intoxication.

Keywords: zolpidem; drug intoxication; pharmacokinetics; simulator; web application

1. Introduction

Insomnia is conceptualized to be hyperarousal at night caused by the inability to
switch off arousal-related circuits, which may be a risk factor for various psychiatric
disorders such as depression, anxiety, and substance use disorders [1]. The estimated
prevalence of insomnia is over 10% of the adult population, and patients with insomnia
complain of difficulty with sleep onset, sleep maintenance, or early awakenings. Several
factors have been related to insomnia, including abnormal glucose metabolism, increased
activation of the autonomic nervous system, decreased GABA (gamma-aminobutyric acid)
levels, and reduced melatonin secretion [2,3]. To treat insomnia pharmacologically, several
positive allosteric modulators of GABA 5 receptors, such as benzodiazepines (triazolam,
estazolam, temazepam, quazepam, and flurazepam) and Z-drugs (zaleplon, zolpidem,
and zopiclone) were approved and widely used [1,4]. However, because of withdrawal
effects, tolerance, and rebound insomnia from benzodiazepines, Z-drugs are prescribed
as a first-line hypnotic agent. Among the Z-drugs, approximately 3.8 million adults are
prescribed zolpidem annually in the United States, and zolpidem has been ranked first in
the global market share for more than 10 years [5-7]. Due to this widespread use, a variety
of formulations are available, including an oral spray and sublingual tablets. Different
from the benzodiazepines, zolpidem binds selectively to alpha subunits of benzodiazepine-
sensitive GABA receptors [1]. Pharmacokinetically, zolpidem (N, N-6-trimethyl-2-[4-
methylphenyl] imidazo [1,2-«] pyridine-3-acetamide hemitartrate) has a relatively short
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half-life of 1.5-2.5 h after a single oral dosing and it is predominantly metabolized to
inactive metabolites by CYP3A4 isoform in the liver [8,9]. The bioavailability is 70% with
plasma peak within 2 h. Zolpidem is associated with several adverse effects affecting
more than 1% of individuals, such as central and peripheral system depressant effects
(drowsiness, dizziness, headache, ataxia, and euphoria), nausea, vomiting, myalgia, or
diplopia. In rare instances, more severe complications such as hallucination, abnormal
thinking, or respiratory depression can occur. The recommended initial dose is 5 mg or
10 mg of immediate-release formulation for men before bedtime. Women, the elderly,
and patients with decreased liver function receive the lower dose of 5 mg [10,11]. In post-
marketing reports of overdose with zolpidem alone or in combination with CNS-depressant
agents, increased risks of consciousness ranging from drowsiness to coma and fatal results
have been reported [10,12]. In terms of clinical toxicology, the therapeutic range of plasma
zolpidem concentration is 80-200 ng/mL, and the toxic, comatose, and fatal thresholds
are over 500, 1500, and 4000 ng/mL, respectively [13]. In cases of zolpidem overdose,
treatment typically involves gastric lavage, and activated charcoal administration may be
considered in the early stages of overdose to minimize further absorption of zolpidem, as
well as supportive care. In severe cases, flumazenil, a benzodiazepine receptor antagonist,
may be used to reverse the sedative effects of zolpidem.

Suicide is a serious social and health problem, and South Korea’s suicide rate is the
highest among the OECD countries [14]. Among suicide methods in South Korea, acute
poisoning is the most common, and the primary causative substances frequently involved
in drug intoxication are benzodiazepines, zolpidem, and antipsychotics [15,16]. From 2014
to 2016, the National Forensic Service found that drugs were the most common causative
substances among 699 cases of suspected poisoning in Seoul and its metropolitan area,
142 of which involved a combination of two or more drugs, and zolpidem was detected
most frequently in the Republic of Korea [17]. Acute drug intoxication, especially sedation-
and sleep-inducing drugs, is the most common reason for emergency room (ER) visits
due to drug overdose-related suicide attempts. Patients who visit the ER due to drug
intoxication often lose consciousness and experience life-threatening complications, such
as respiratory depression. Therefore, it is difficult to assess and treat patients, because it is
difficult to confirm whether the drug has caused poisoning, even if poisoning is suspected.
Moreover, the blood concentration of a specific drug cannot be measured quickly in any
medical institution.

Pharmacometrics is a field that contributes to drug development by minimizing errors
in initial dose determination and safety prediction through population pharmacokinetic
(PK) modeling by non-linear mixed-effect modeling (NONMEM) using early clinical trial
data [18]. NONMEM is software that explains observed data through the model by ad-
dressing population means and interindividual variations [19]. Through the mean and
interindividual variation of the parameters estimated in the model, each individual’s ob-
served data are described relative to the population means, accounting for differences
between individuals. By expanding these scientific advances in emergency medicine, we
aimed to develop a new tool to estimate the blood concentration of zolpidem, a frequently
prescribed sleep drug, in patients with acute zolpidem intoxication, ultimately helping to
quickly assess and treat patients in the ER. In the present study, we attempted to establish
a population PK model using digitized data from South Korean volunteers and devel-
oped a web application to predict the plasma concentration of zolpidem in patients with
acute intoxication.

2. Materials and Methods
2.1. Study Design and Data

An open-label, one-period, parallel-group, single-dose study was conducted to in-
vestigate the pharmacokinetic profile of 10 mg zolpidem (film-coated tablet, immediate-
release formulation) in 30 healthy Korean volunteers (15 subjects for each sex) regis-
tered with the Clinical Research Information Service (KCT0003934; date of registration:
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28 August 2018) [20]. Blood samples for PK analysis were collected using K,—EDTA tubes
at the following time points: pre-dose (0 h) and post-dose at 0.25, 0.5, 0.75, 1.0, 1.5, 2, 3, 4,
6,8, and 12 h. Using WebPlot Digitizer, we extracted concentration data from a graph of
individual plasma profiles for population PK modeling [21,22]. After data extraction, a non-
compartment analysis (NCA) was conducted to compare the digitized dataset against the
original PK data using the R NonCompart package (version 0.7.0) [23,24]. NCA parameters
such as Cnmay, area under the curve (AUC), clearance (CL/F), slope of the elimination phase
(lambda z), terminal half-life, volume of distribution (V4/F), and Tmax were compared, and
AUC was calculated using the linear-up and log-down method.

2.2. Population PK Model

Population PK analysis was performed using non-linear mixed-effects modeling
(NONMEM software, version 7.5.0 with a subroutine ADVAN14; ICON Development Solu-
tions, Ellicott City, MD, USA) [25]. One-, two-, and transit-compartment models with first-
or zero-order absorption kinetics, including absorption lag time, were tested. Population
PK parameters, interindividual variability, and residual variability were estimated using the
first-order conditional estimation with interaction (FOCE-I) method. The interindividual
variability of each parameter was described using a lognormal distribution.

P = 9pop - exp(n;)

P; is the individual parameter, Op0p is the typical parameter value for the population,
and m; represents the interindividual variability, which follows a normal distribution
with a mean of zero and variance of w?. The residual variability was modeled as a
proportional error.

Dvij = Dvipred.ij -(1+ Eprop.ij)

DVj; is the jth measured concentration in ith individual, DVjpreq j is the jth model
prediction in ith individual, and ¢pqp jj represents the proportional residual variability
which follows a normal distribution with a mean of zero and variance of o2. Covariate
analysis was performed, particularly in terms of sex, based on a previous report [26].

Graphical assessments and statistical analyses of each model were performed to
evaluate the significance of the model improvements. Differences in the objective function
value between the two fits of the hierarchical models were approximately chi-squared
distributed with degrees of freedom equal to the difference in the number of parameters
between the models. A significance level of 0.05 was considered for the likelihood ratio
test during model building, meaning that a drop of >3.84 in the objective function value
after adding a single model parameter was deemed a statistically significant improvement
in the model. Additionally, basic goodness-of-fit plots, including observed data versus
population prediction, observed data versus individual prediction, conditional weighted
residuals (CWRES) versus population prediction, and CWRES versus time after the dose,
were assessed.

2.3. Model Evaluation

The visual predictive check (VPC) and bootstrap methods were used to evaluate
the final PK model. One thousand bootstrap datasets were generated by resampling the
participants from the original dataset, and the median and 95% confidence intervals of
the parameters were calculated to compare the parameter estimates of the final model.
Using the 1000 simulated datasets obtained from the Monte Carlo simulation. R software
version 4.3.3 (R Foundation for Statistical Computing, Vienna, Austria) was used for data
preparation, graphical diagnosis, and statistical analyses [27].

2.4. RxODE Conversion and Simulation

After the final population PK modeling, two open-source R packages were utilized
for conducting simulations in the R environment. These included nonmem?2rx (ver-
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sion 0.1.3) [28], and rxode2 (version 2.1.0) [29,30]. The role of the nonmem?2rx package is
to convert the NONMEM control stream into RxODE syntax. In this process, the package
reads NONMEM files such as the output file and dataset and conducts the comparative
analysis to show how well the conversion was conducted by comparing the population pre-
diction (PRED), individual prediction (IPRED), and individual weighted residuals (IWRES)
of NONMEM and converted RxODE model. The rxode2 package was used to perform
and manage the simulation within R. It facilitates fast and efficient simulations of ordinary
differential equation-based models in various user-defined dosing regimens.

2.5. Development of A Web-Application

The web application was developed using an open-source shiny R package that pro-
vides the framework of user-interactive web applications [31]. Users can define various
dosing regimens for zolpidem, and the application then simulates and predicts the drug’s
plasma concentration profile and pharmacokinetic parameters. The user interface is de-
signed to be user-friendly, allowing for easy adjustments of input values and facilitating
the straightforward visualization of results, making it clear to see the impact of different
dosing regimens on zolpidem’s PK [32].

3. Results
3.1. Pharmacokinetic Analysis

Data from seven subjects were excluded from the Ministry of Food and Drug Safety
(MFDS) report due to errors such as duplicated graphs [33]. Upon closer examination, it
was found that the pharmacokinetic profiles of these subjects were identical to other partic-
ipants’ graphs. Consequently, data from 23 subjects (12 males and 11 females) were used
for the population pharmacokinetic analysis in this study. Demographic characteristics of
23 subjects could not be summarized due to unavailability of the individual data. How-
ever, demographic results are expected to be similar to the original study with a smaller
standard deviation. Mean age, height, and weight of male participants (N = 15) were
30.2 £ 59 years, 173.5 £ 5.5 cm, and 73.1 &+ 7.6 kg, and 29.9 + 6.2 years, 159.9 + 5.6 cm,
and 54.7 £ 3.9 kg for female participants (N = 15), respectively [33]. NCA was performed
to compare the similarity of the data. The results were similar, with no statistically signifi-
cant differences in any PK parameters between the digitized and original data (Table 1).
Digitized concentration data for zolpidem are shown in Figure 1.

Table 1. Non-compartment analysis results of digitized data.

Parameters Male Female
Original (N = 15) Digitized (N = 12) Original (N = 15) Digitized (N = 11)
Cmax (ng/mL) 161.21 (46.74) 162.72 (47.04) 187.64 (59.44) 189.22 (59.85)
AUC(_1pn (ng h/mL) 537.9 (202.3) 542.5 (197.5) 696.9 (221.7) 688.1 (221.3)
CL/F (L/h) 19.76 (7.25) 18.88 (6.06) 14.72 (4.07) 14.93 (4.22)
Lambda z (1/h) 0.27 (0.09) 0.22 (0.06) 0.23 (0.03) 0.24 (0.04)
Half-life (h) 2.93 (1.14) 3.58 (1.10) 3.05 (0.35) 3.02 (0.52)
Vq/F (L) 74.8 (16.2) 92.2(35.7) 63.6 (15.6) 63.5 (16.5)
Tmax (h) 0.94 (0.58-1.80) 0.96 (0.58-1.78) 0.83 (0.58-3.33) 0.84 (0.57-3.36)

Data are presented as the mean (standard error), except for Tmax (min—max). N = number of subjects; Cmax,
maximum concentration; AUC(_jpp, area under the concentration curve from zero to 12 h; CL/F, apparent
clearance (dose/AUC;,¢); lambda z, terminal slope of the time-log-transformed concentration curve; half-life (h) =
In(2)/lambda z; V4 /F, apparent volume of distribution (CL/F/Lambda z); Tmax, time to reach the maximum
concentration.
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Figure 1. Observed data of plasma zolpidem concentrations. The raw data were digitized using the
WebPlot Digitizer from the research report available on the Ministry of Food and Drug Safety website.
(A) Male participants (N = 12); (B) female participants (N = 11).

3.2. Population PK Model

A one-compartment linear model with delayed onset best described the plasma
concentrations after the oral administration of zolpidem. The introduction of a param-
eter reflecting time delay (ALAG) in the PK model significantly improved the model
(AOFV = 25.3). No other structural models, including various absorption models that
explain the early absorption phase, showed any significant improvement. However, the
result of the covariate analysis showed that sex was not significant in the current study.
The PK parameter estimates for the final model are summarized in Table 2. The population
parameter estimates of the final model were close to the median values of the parameter
estimates from 1000 bootstrap replicates, and their 95% confidence intervals demonstrated
the robustness of the final model (Table 2).

Table 2. Parameter estimates in the final pharmacokinetic model with bootstrap results.

Bootstrap
Parameters Estimates (RSE 2 %) :
Median 95% CI

Fixed effects

Ka (1/h) 5.41 (45.47) 5.66 3.24-11.24

V4/F (L) 61.70 (5.82) 61.33 54.89-68.64
CL/F (L/h) 16.90 (8.40) 16.87 14.29-19.50

ALAG (h) 0.394 (6.24) 0.394 0.385-0.493

Interindividual variability (ITV)

w? ko (CV P %) 158.91 (43.65) 157.81 69.76-444.98
w? yq (CV%) 22.10 (47.17) 20.98 12.0-29.68
w? ¢ (CV%) 32.60 (45.54) 31.74 20.96-41.65

PVd-CL 0.853 0.853 0.796-0.869
Residual variability
Proportional error 0.284 (6.16) 0.283 0.242-0.319

2 RSE (%), relative standard error (standard error/parameter estimate); b CV (%), coefficient of variance; K,,
absorption rate constant; V4/F, apparent central volume of distribution; CL/F, apparent clearance; ALAG,
absorption lag time.

The basic goodness-of-fit plot demonstrated adequate predictive performance, and
no specific trend was observed, as shown in Figure 2. In addition, the visual predictive
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check plot showed adequate predictive properties of the final model, even though slight
underprediction was observed (Figure 3).
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Figure 2. Basic goodness-of-fit plots of the final population pharmacokinetic model. Circles indicate
the observed/predicted blood concentrations. The black dashed lines indicate the identity or zero
line. The red lines indicate the locally weighted scatterplot smoothing line. (A) Scatterplot of
PRED (population predictions) versus observed concentrations. (B) Scatterplot of IPRED (individual
predictions) versus observed concentrations. (C) Scatterplot of conditional weighted residuals
(CWRES) vs. individual predictions. (D) Scatterplot of CWRES vs. time after dosing.

3.3. RxODE Conversion and Simulation

After developing the population PK model, it was converted into RxODE syntax
using the nonmem?2rx package. This conversion allowed us to easily translate the PK
model into R, laying the groundwork for developing the base model. The sampling
time for the simulation was specified by the PK characteristics of zolpidem. As shown
in Table 1, while the median T, values were between 0.75 and 2.6 h, the Tyax for
females extended up to 3.36 h. To accommodate this observed variability and optimize
more accurate simulation, we specified the sampling time to be more frequent up to 4 h
to monitor the extended absorption phase. Beyond this, the sampling intervals were
widened to reduce the overall simulation time. This simulation model with adjusted
sampling times was used as the base model for the shiny web application.
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Figure 3. Visual predictive check (VPC) for zolpidem concentrations using the final PK model.
Observed concentrations are depicted as gray dots. The figure presents the VPC with the prediction
intervals for the 5th, 50th, and 95th percentiles of simulations from bottom to top. The solid lines
correspond to 5th, 50th, and 95th percentiles. The blue shaded areas correspond to 95th confidence
interval of the 5th and 95th percentile. The red shaded area corresponds to 95th confidence interval
of the 50th percentile.

3.4. Zolpidemsim: Web Application

Using the shiny package in R, a web-based user-interactive pharmacokinetic simula-
tion application (Zolpidemsim) was constructed. After developing the population PK
model, it was converted into RxODE syntax using the nonmem2rx package. This conver-
sion allowed us to easily translate the PK model into R, laying the groundwork for the
development of web applications. The utilization of rxode2 allows for swift and efficient
simulations across various dosing scenarios, providing a rapid and reliable computational
platform crucial for dynamic pharmacokinetic modeling and analysis. This application
consists of three panels, “Dosage regimen”, “Simulation results”, and “About”, and is
available online for a responsive simulation (https:/ /pipettox.shinyapps.io/Zolpidem
(accessed on 13 April 2024)). In the “Dosage regimen” panel, users can define their
preferred dosage regimens via various sidebars, such as dose strength, number of tablets,
and number of simulations. Based on the user input, the total dose of zolpidem is au-
tomatically calculated and displayed on top of the sidebar. The simulation is initiated
by clicking the “Simulate” button. Then, users can view the simulation plot which vi-
sually represents the outcomes including 5th, 50th, and 95th percentiles along with the
reference range of zolpidem concentration. Also, a summary of the simulation such as
predicted parameters, current zolpidem concentration, and duration of toxic concentra-
tion is displayed. For a comprehensive analysis, users can navigate to the “Simulation
results” panel, which shows detailed simulation outcomes This includes both population
PK parameters and NCA results, such as Cpnax, Tmax, AUC, and half-life. In addition,
this application illustrates the duration for which plasma concentrations remain above
therapeutic, toxic, and fatal thresholds. A representative example of the simulation in a
patient administered 200 mg of zolpidem is displayed in Figure 4.

3.5. Simulation Results at Various Doses

Demonstrative simulations using the application were conducted at four different
doses to evaluate the PK profiles of zolpidem. These regimens included a single dose of
10 mg, the recommended daily dose of zolpidem as a reference [10,12]. An additional
simulation was performed at a dose of 280 mg, equivalent to the total amount prescribed
for four weeks, contained in one package. We then simulated doses of 560 and 1120 mg,
which were equivalent to two and four packages, respectively (Figure 5). These doses
were selected based on the total dose in a single package and the regulatory context in
South Korea, where zolpidem is recommended for up to 28 days.
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Figure 4. An example of the web application simulated in the case of a 200 mg zolpidem overdose
(20 tablets of 10 mg zolpidem).

As shown in Figure 5, the simulated profiles of a single administration of 10 mg of
zolpidem remained mostly below the therapeutic threshold and did not reach the toxicity
threshold. However, at higher doses, the plasma zolpidem concentration remained above
the toxic and comatose levels for a considerable period. In the case of 280 mg dosing,
fatal concentrations were simulated in 21.4% of the total simulations within 1 h after
dosing. As expected, a remarkable increase was noted at a dose of 1120 mg, where the fatal
concentration level was maintained for over 3 h in 98.4% of the total simulations (Table 3).

Table 3. The percentage of the simulation number that reached toxic, comatose, and fatal concentra-
tion levels after zolpidem dosing.

Doses (mg) NR 2 (%) <1 h (%) 1-2 h (%) 2-3 h (%) >3 h (%)
10 100 0 0 0 0
Toxic concentration 280 0 0 0 0 100
(500-1500 ng/mL) 560 0 0 0 0 100
1120 0 0 0 0 100
Comatose 10 100 0 0 0 0
concentration 280 0.2 0.4 0.8 15.0 83.6
560 0 0 0 04 99.6
(1500-4000 ng/mL) 1120 0 0 0 0 100
10 100 0 0 0 0
Fatal concentration 280 58.8 21.4 15.6 4.0 0.2
(>4000 ng/mL) 560 2.6 1.6 11.2 31.4 53.2
1120 0 0 0 1.6 98.4

2 NR, not reached. The percentages indicate the proportion of total simulations that were maintained within the
toxic, comatose, and fatal concentration ranges after the administration of 10, 280, 560, and 1120 mg of zolpidem.
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Figure 5. Simulated PK profiles of zolpidem after oral single dosing (N = 500): (A) 10 mg zolpidem;
(B) 280 mg zolpidem; (C) 560 mg zolpidem; (D) 1120 mg zolpidem. The colored lines indicate
concentration thresholds: the red line represents the fatal concentration threshold (4000 ng/mL),
the orange line represents the comatose concentration threshold (1500 ng/mL), and the yellow line
represents the toxic concentration threshold (500 ng/mL).

4. Discussion

Previous clinical trials using zolpidem demonstrated that its plasma concentration
increased rapidly and decreased in the PK profile [22,34]. According to a PK/PD study, this
was adequately explained by the sigmoid Enax model based on ligand-binding theory [35].
Although zolpidem is known to be a relatively safe compound owing to its short duration
of action, it may cause life-threatening complications such as anaphylaxis or respiratory
depression upon overdose. In fact, coadministration of zolpidem with alcohol, H1 antihis-
tamines (first generation), benzodiazepines, phenobarbital, and opioids increased the risk
of CNS depression and respiratory depression due to the drug—drug interaction (DDI) [10].

To develop a web application for simulating plasma zolpidem concentrations in
patients with drug intoxication, we constructed a population PK model using digitized
data from 23 healthy volunteers (12 males and 11 females). This website (https://pipettox.
shinyapps.io/Zolpidem (accessed on 13 April 2024)) is mainly targeted at physicians who
treat patients with drug intoxication in the ER. Therefore, we focused on the maximum
concentration (Cmax) and time to reach the therapeutic level, which is related to severity
and recovery time, respectively. Additionally, our simulation results at various doses
showed a direct correlation between the zolpidem dose and the duration for which the
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plasma concentrations remained above critical levels. This finding suggests that as the dose
increases, the duration of critical plasma concentrations increases, indicating an increased
potential for adverse effects.

In our study, we chose to run the simulations in the R environment because of its
robust suite of tools for analyzing and visualizing data, enhanced by the release of the
shiny package, which allows easy development of interactive web-based interfaces. These
capabilities make R an ideal platform for pharmacokinetic simulations that benefit from real-
time interaction and data representation. Building upon R’s capabilities, we incorporated
the rxode2 and nonmem2rx packages, enhancing the simulation process for ODE-based
PK/PD models. This collaboration between these two packages offers distinct advantages
over other available packages such as mrgsolve [36], PKPDsim [37], and deSolve [38]. The
nonmem?2rx package enables the direct conversion of NONMEM models to RxODE syntax,
which markedly simplifies the simulation process by reducing manual scripting. This
reduces the risk of human error and significantly saves the time required to set up the
simulation. Additionally, the rxode2 package enables specification of dosing scenarios
and offers more rapid execution times for these simulations than other packages [31].
Thus, integrating rxode2 and nonmem?2rx into our R environments not only enhances our
capacity for sophisticated PK/PD simulation but also ensures a more efficient, accurate,
and user-friendly experience, ultimately contributing to the robustness and reliability of
pharmacokinetic analyses.

Drover et al. reported that a one-compartment model with first-order absorption and
elimination phases described PK kinetics and none of the covariates produced a significant
improvement [34]. In contrast, Saldanha et al. reported that a two-compartment model with
lag time, first-order absorption, and linear elimination best described zolpidem cases [22].
Thus, zolpidem is suitable for various PK models, depending on the concentration data of
individuals. In the original study, which included 30 subjects, a two-compartment model
combining the Erlang-type and zero-order absorption models was constructed as the basic
PK model [33]. However, in this study, the plasma concentration of zolpidem was best
described by a one-compartment model without a covariate (N = 23). Although exposure to
zolpidem was approximately 30% higher in females than in males, according to a previous
report, our results demonstrated that sex was not selected as a covariate. None of the PK
parameters from the NCA was significantly different between males and females, except
for the volume of distribution (p < 0.05). Although this study used digitized data from a
limited number of participants, our results are meaningful and reasonable for evaluating
patients with intoxication from an emergency medicine perspective.

This study had several limitations. In cases of drug intoxication, patients typically
take dozens to hundreds of tablets, which can interfere with absorption. As a result, the
maximum concentration (Cpax) of the drug in the bloodstream would decrease owing to
the low dissolution or absorption delay, as mentioned previously. In addition, patients
with acute zolpidem overdose occasionally take it with alcohol or other psychotropic drugs,
which can lead to a more severe condition than expected from the plasma drug concentra-
tions due to the drug interaction [9]. Because of the short duration of an immediate-release
formulation, a controlled-release (CR) formulation has been prescribed to improve sleep
maintenance. Therefore, further studies applicable to various clinical situations, including
DDI and CR formulation, are needed. Another limitation was the inability to assess the
influence of demographic factors on the pharmacokinetics of zolpidem due to the unavail-
ability of individual demographic data other than sex. However, based on the methodology
established in the present study, although it uses digitized data, this approach is expected
to expand in the future as a platform capable of easily simulating the blood concentrations
of acutely intoxicated drugs.

5. Conclusions

We developed a web application that enables physicians to perform various easy-to-
use simulations of zolpidem dosing using a web browser. This web application might help
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understand how plasma zolpidem concentration changes over time and how long toxic
zolpidem concentration levels persist. Thus, this web tool may be helpful in the clinical
assessment and management of patients with zolpidem intoxication in the ER.
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