Universiteit

w4 Leiden
The Netherlands

From labelled to the optimal clinical dose: model-informed

dose optimization in medical oncology practice
Tan, Z.

Citation

Tan, Z. (2026, March 31). From labelled to the optimal clinical dose: model-
informed dose optimization in medical oncology practice. Retrieved from
https://hdl.handle.net/1887/4299937

Version: Publisher's Version
Licence agreement concerning inclusion of doctoral
License: thesis in the Institutional Repository of the University
of Leiden

Downloaded from: https://hdl.handle.net/1887/4299937

Note: To cite this publication please use the final published version (if
applicable).


https://hdl.handle.net/1887/license:5
https://hdl.handle.net/1887/license:5
https://hdl.handle.net/1887/license:5
https://hdl.handle.net/1887/4299937




SectionV

General discussion






Chapter 7

General discussion and future perspectives






General discussion and future perspectives

7.1. SUMMARY

Historically, oncology drug therapies were often dosed near the maximum tolerated
dose (MTD) to maximize therapeutic effect, despite the increased risk of toxicity asso-
ciated with these doses.! Inadequate dose optimization can lead to several negative
outcomes for patients, primarily due to toxicity. These include a reduced quality of life,
frequent dose adjustments when starting with the approved dose, decreased therapy
effectiveness due to patients either discontinuing or switching treatments, and difficul-
ties in developing effective combination therapies.?3 Regulatory initiatives such as the
FDA's Project Optimus* emphasizes that dose optimization must be central to ongoing
oncology drug development, encouraging the use of model-informed drug develop-
ment for novel drugs, while little attention is given to the already approved therapies.

This thesis addresses the gap between the labelled and optimal clinical doses by
combining systematic evaluation with population pharmacokinetic (POPPK) / pharma-
codynamic (PD) modelling and simulation, a core tool for model-informed precision
dosing (MIPD). POPPK/PD models allow the prediction of drug exposure and drug effect
and variability across patients and can be used to inform the selection of the initial dose
(a priori dose optimization) and to refine subsequent doses based on individual patient
data (Bayesian dose optimization). In the end, the work presented in this thesis may
help to lead to more personalized cancer treatments that maximize efficacy, minimize

toxicity, and reduce drug-related expenses.

First, a systematic evaluation of the labelled dose and subsequent refinements of the
dose of five approved targeted therapies (pazopanib, axitinib, cabozantinib, sunitinib,
everolimus) and one immune checkpoint inhibitors (ICls), nivolumab, in metastatic
renal cell carcinoma (mRCC) was performed (Chapter 2). By reviewing labelled doses,
dose-finding strategies, and real-world practice studies, we demonstrated that current
tolerated doses in clinical practice for these targeted therapies were on average 46.1% to
86% lower than the approved dosages, with up to 75% of patients requiring adjustments
due to toxicity. Among these, cabozantinib and pazopanib (discussed in more detail
in Chapter 3 and Chapter 4), showed the largest discrepancy between labelled and
optimal clinical doses. Model-informed simulations suggested that for most targeted
therapies, a 14-50% initial dose reduction would result in maintaining comparable
efficacy while improving tolerability. For nivolumab, simulations confirmed adequate
drug exposure with the approved flat-dose regimens, without an increase in adverse
effects. These results highlight that for most of the targeted therapies studied, optimized
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dosing regimens could improve patient outcomes and thus, should be considered in
clinical practice and future labeling.

Having identified this gap, Chapters 3-6 focused on applying POPPK/PD modelling and
simulation for dose optimization and individualization. These chapters illustrate how
MIPD can be used first for a priori dose optimization, identifying the optimal clinical
dose at the population level, and subsequently for Bayesian dose optimization using
individual patient data.

The primary objective of Chapter 3 was to evaluate the POPPK model of cabozantinib,
developed for its registration, using real-world therapeutic drug monitoring (TDM) data
from patients. Model evaluation results showed that the cabozantinib TDM concentrations
were adequately predicted by the published FDA cabozantinib POPPK model, except for
a slightly higher clearance (CL) of 3.11 L/h compared to the reported value (2.23 L/h). A
possible explanation could be that the clinical performance status of real-world patients
was worse compared with the patients in registration studies. Consistent with post-
marketing data analyzed in Chapter 2, we observed that a reduced dose of 40 mg once
daily (QD) results in similar efficacy with improved tolerability. Additionally, model-based
simulations showed that an alternative dosing regimen - taking 60 mg of cabozantinib
fasted for 2 days followed by 1 day off - results in average exposure comparable to a 40
mg fasted daily dose, while reducing total drug expenses by 33.3% per month.

As presented in Chapter 2, pazopanib also has a relatively high dose reduction rate
ranging from 36-60%, from the approved 800 mg QD dose. While a target trough
concentration (Cmm,ss) of = 20.5 mg/L has been established for mRCC,®> no specific
threshold existed for liver toxicity. Therefore, in Chapter 4, we first investigated the
POPPK and then explored the exposure-liver toxicity and exposure-tumor size relation-
ship in 135 patients with mRCC and soft tissue sarcoma (STS). The liver toxicity model,
based on 27 cases of Grade > 2 liver toxicity out of 135 patients (20%), identified a
Cmin,ss threshold of > 34 mg/L, which was associated with a 3.35-fold increased risk
of toxicity (p < 0.01). Tumor size modeling confirmed a flat exposure-efficacy benefit
relationship above the current 20.5 mg/L target. Overall, these findings suggest that
decreasing the initial pazopanib dose from 800 mg QD to 600 mg QD, followed by TDM
to maintain C . within the optimal 20.5-34 mg/L range, can improve the efficacy-
toxicity balance and mitigate treatment interruptions.

Although traditional chemotherapy was not investigated in Chapter 2, dose optimiza-
tion of this group of very toxic drugs may still be warranted to improve patient outcomes
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and quality of life. In Chapter 5, we evaluated 5-Fluorouracil (5-FU), a classical chemo-
therapy agent with narrow therapeutic window defined by an area under the curve
(AUC
the developed 5-FU POPPK model, which was a two-compartment Michaelis-Menten

o) target of 20-30 mg-h/L.° An a priori dose exploration was performed based on
model with body surface area as covariate on clearance, that was evaluated using data
from 4 different clinical PK studies. For bolus and continuous infusion, the median
AUCO-inf for the standard starting dose 400 mg/m?+ 2400 mg/m?was 29 mg*h/L while
45% of the population exceed the 30 mg*h/L threshold due to temporary saturation
of 5-FU metabolizing enzyme by bolus. Decreasing the dose to 200 mg/m? + 2400
mg/m? was predicted to improve the target achievement percentage. For continuous
infusion, the 5-FU starting dose was advised to be increased from 2400 mg/m? to 2800
mg/m? for a higher target achievement rate. Limited sampling strategies and a dose
adjustment MIPD application were developed enabling subsequent dose adjustment
based on measured concentrations from previous cycles.

Finally, in addition to nivolumab in Chapter 2, we investigated the dose individualiza-
tion of pembrolizumab in Chapter 6, another frequently used ICI. A time-dependent
reduction in clearance was observed which correlated with the individual treatment
response.This dynamic PK behaviorimplied that fixed dosing may resultin overexposure
later in therapy. To address this, we first evaluated and refined the published pembroli-
zumab POPPK model. Subsequently, we developed and evaluated model-informed
dose and interval individualization algorithms. For patients with = 30% reduction in
clearance before the 5™ cycle, dosing intervals could be extended from the labelled
200 mg every three weeks to 200 mg every six weeks, while maintaining adequate
exposure. In addition, a < 10% reduction in clearance before the 5" cycle indicated
inferior response to pembrolizumab. The “dose-stretching”approach not only preserves
therapeutic benefits but also reduces cumulative drug burden and treatment costs,
supporting more sustainable use of immunotherapy in practice.
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7.2. GENERAL DISCUSSION AND PERSPECTIVES
Part I. Why dose reduction and modeling matter

7.2.1. Gaps between labelled and the optimal clinical dose

In oncology, the maximum tolerated dose (MTD) is still frequently used as the selected
dose for phase lll trials. This approach, that is common for cytotoxic chemotherapies,
may not be appropriate for targeted therapies’” and immune-modulating agents,?
where higher doses do not necessarily lead to better efficacy.® Project Optimus aims
to enhance the identification of the minimum effective dose for new submissions.
However, for drugs approved before the Project Optimus era, there is a need to assess
whether the labelled dose truly represents the optimal clinical dose’'® because in
daily clinical practice these approved therapies frequently require dose reductions or
premature discontinuation, which could hamper treatment adherence and interfere

with optimal treatment outcomes."

In this context, a post-marketing study analyzing recently approved oncology target
therapies, showed that most drugs (65% of 31 reviewed anticancer agents) are consid-
ered candidates for dose optimization either by reducing the dose (32%) or modifying
dosage regimens (32%).'? Our study (Chapter 2) also identified high rates of required
dose reductions or discontinuations for pazopanib, axitinib, cabozantinib, sunitinib
and everolimus due to adverse effects, reflecting the fact that registered doses are
frequently too high for real-world mRCC patients. These real-world findings highlight the
importance of considering not only initial dose selection but also long-term tolerability
in routine clinical practice in which patient characteristics may be different compared
to those in clinical trials. When discrepancies between labelled dose and optimal dose
are found, alternative dosing regimens should be considered supported by real-world
and clinical trial data, to reduce toxicity while at the same time maintaining efficacy,
and thus improving tolerability, patient quality of life.'*

In addition to reviewing dose-limiting toxicities in clinical trials, it is also important
to consider adverse events reported like late-onset toxicities, lower-grade toxicities,
and necessary dose interruptions or reductions at any time. In particular, persistent
low-grade toxicities can significantly diminish patients’quality of life. Therefore, Project
Optimus® recommended that, in addition to reviewing dose-limiting toxicities, it is
important to consider adverse events reported beyond the dose-limiting toxicities
period (i.e. late-onset toxicities). It was also recommended that patient-reported
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outcomes data should be collected where possible.’ By implementing these consid-
erations, the exposure—toxicity gap between clinical trials and routine practice could
be closed.

To further understand the relationship between dose, exposure and efficacy, we
leveraged a tumor size dynamics model to further provide evidence of pazopanib
efficacy in real-world populations. Contrary to previously published tumor size models,
neither dose nor exposure had impact on tumor shrinkage in our analysis of both mRCC
and STS patients, where the median C_,  was 26.6 mg/L with IQR 20.6-31.1 mg/L.
Pazopanib is not the only drug in oncology that shows an exposure target for efficacy
with no additional benefits beyond this target. In Chapter 2, we provide evidence that
the approved fixed dose of cabozantinib, sunitinib, and everolimus might be unnec-
essarily high due to the flat exposure-efficacy relationships in the evaluated doses.
Therefore, starting at a lower dose with model-informed dose individualization to
ensure that the patient stays within the therapeutic window could improve treatment
tolerability, leading to less drug discontinuation, and potentially decreasing the risk of
disease recurrence and treatment failure for most approved targeted therapies.

Currently, there is a lack of consensus regarding the level of evidence required to
implement model-based alternative dosing regimens in clinical practice.' It is empha-
sized that Phase lll randomized controlled trials are the most rigorous way of determining
whether a favorable benefit-risk relation between treatment regimen and outcome
exists.”” In Chapter 2, we proposed an approach which consists of exposure simulations
to leverage and interpolate between dose regimens investigated in dose-finding and/
or registration trials, and efficacy and toxicity data from routine clinical practice. This
approach could serve as prior information for designing dosing regimens for new trials
or even serve as pivotal evidence to support the approval of untested doses, which
has proven it value for the pediatric population.’ In line with this, the FDA recently
published a guideline to support the development of alternative dosing regimens
for PD-1/ PD-L1 antibodies derived from a PK-based model-informed approach.’ This
shows that modelling and simulation is an important tool to develop alternative dose
regimens suitable for application in clinical practice. This approach has, thus far, been
employed to switch from weight-based dosing to flat dosing regimen of nivolumab/
pembrolizumab, for the purposes of patient and prescriber convenience without
compromising therapy efficacy.”®
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7.2.2. Decrease of financial burden by modeling and simulation

Unlike most of the current chemotherapies, new modalities like mAbs are typically
expensive and can be a financial burden for the patients or the healthcare system.
Previous published case studies?’ have demonstrated how PK modeling comple-
mented traditional pharmacoeconomic analyses by identifying the impact of specific
patient subgroups, dose, dosing schedules, and adherence on cost-effectiveness
during clinical development. In Chapter 3 and Chapter 6, the possibility of saving
drug expenses from leveraging PK data has been shown and discussed. The simula-
tion study for cabozantinib indicated that an alternative dose regimen that consists of
60 mg of cabozantinib for two days and then skipping one day results in comparable
average exposure when compared with 40 mg daily dose, while it could save 33.3%
of the total drug expenses per month. In Chapter 6, we show that the dose interval
of pembrolizumab can be extended from Q3W to Q6W if the clearance percentage
decreases > 30% before 5" treatment cycle, which would save 50% of the drug

expenses.

It can therefore be concluded that PK/PD modeling offers considerable potential in
reducing the financial burden, particularly in oncology, where treatment costs can
be prohibitively high. By accurately establishing the minimum effective dose that
ensures adequate drug exposure, PK/PD modeling can additionally prevent overuse
of expensive medications, thereby minimizing wastage. This is particularly important
in mAbs therapies,?*** where the drug is often administered based on a linear body
weight-based algorithm, while the actual relationships between clearance and body
weight are often reported to be allometric with exponents of 0.75 or even lower®
leading to significant drug wastage, specifically in certain body weight subgroups
combined with partial vial usage per patient. More evidence has been published in
studies®?* showing that alternative dosing strategies, such as weight-band dosing, can
result in significant cost savings for mAbs and new modalities like the antibody-drug
conjugate sacituzumab govitecan.” A study on the dosing of mAbs for lung cancer
demonstrated that modeling could potentially reduce drug expenses by as much as
28%, without compromising therapeutic efficacy.?

7.2.3. Role of modeling real-word data in dose optimization

When there is little or low-quality evidence available in publicly available sources,
real-world data (RWD) from clinical practice is essential for dose optimization as it can
provide information about the diverse and heterogeneous clinical population. RWD
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can be incorporated into the PK/PD modeling framework? and hospital information
systems can provide longitudinal PK/PD data to support model-based analysis.

However, as data complexity grows in RWD, multiple data-quality challenges, which
could limit its application and usefulness, also arise.?” RWD is often retrospective and
observational, which will lead to i) biases and missing data, ii) inconsistent measure-
ment or noise and iii) unrealistic parameter variability. In addition, the relatively smaller
sample size of RWD may not provide sufficient statistical power to detect covariate
effects or introduce false parameter-covariate relationships.

Modeling real-world clinical data using PK/PD approaches necessitates the integra-
tion of prior knowledge to address inherent data limitations and variability. Prior
knowledge derived from controlled clinical trials, mechanistic models, and physiology
may provide a foundational framework to guide data interpretation and ensure model
robustness.”®* The incorporation of prior knowledge allows models to anchor predic-
tions in biological plausibility and historical data, reducing overfitting and improving
the reliability of conclusions drawn from limited or noisy RWD. Bayesian frameworks
are particularly effective in this context, as they enable the use of prior distributions to
inform parameter estimation, allowing for continuous updating as new data becomes
available3% 3" For instance, in oncology, prior knowledge about tumor growth dynamics
or drug exposure-response relationships can significantly enhance the predictive
capacity of models used for dose individualization.?® However, to maximize its utility,
prior knowledge must be critically assessed to avoid inadequate model extrapolation
and be continuously updated using real-world evidence to reflect the evolving clinical
landscape.®

Herein, we proposed a general workflow on how to incorporate multi-source data
combined with real-world oncology routine practice evidence to inform dose optimi-
zation (Figure 7.1).
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Figure 7.1. Workflow of PK/PD modeling with real-world oncology data.

PartIl. How MIPD bridges evidence to implementation in oncology clinical practice
In oncology practice, MIPD seeks to account for not only inter-individual, but also time-
dependent changes in drug exposure and response to optimize dosing for each indi-
vidual patient over the entire cancer treatment duration. To allow for MIPD to be carried
out, an evidence-based, clear, pre-defined therapeutic target needs to be available. For
many clinicians and clinical pharmacists, PK/PD modeling using tools like NONMEM may
be too labor-intensive and/or complex to use. To allow for easy use of MIPD, dedicated
tools are therefore likely to come in the form of a mobile or web-based application
that contain algorithms for drawing inferences from available individual clinical data
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and evaluating future personalized treatment courses.*? Therefore, the key elements of
successful MIPD in medical oncology practice are: i) a well-established POPPK model
for a priori dose optimization; ii) an appropriate sampling design to obtain individual
Empirical Bayesian Estimates for subsequent dose adjustment; iii) a clear, robust PK/PD
target to guide dose-optimization algorithms; and iv) user-friendly MIPD applications
to broaden the use of pharmacometrics models in daily clinical practice.

7.2.4. Sampling designs

The limited sampling strategies (LSS) selection with the objective to reduce the number
of samples while keeping appropriate estimation precision.?* In a Bayesian MIPD setting,
LSS determine which time points throughout the dosage interval are most relevant for
(Chapter 4),
AUC_, .(Chapter 5) and clearance percentage change (Chapter 6). Empirically, the LSS

predicting secondary PK parameters that serve as PKPD targets like C .
selection was based on manually selected time points where a few sampling regimens
were tested.3*3# Without model-based methods, trial-and-error selection may miss the
best sampling scenarios. In Chapter 5, a workflow to evaluate an optimal LSS based
on the Fisher Information Matrix or simulation was proposed Parameter precision and
the ability to estimate model parameters are obtained by assessing the Bayesian Fisher
Information Matrix.3° Chapter 5 focused on optimizing LSS for precise 5-FU individual
AUC_ , estimation, using both empirical and model-based approaches. Our results
refine LSS designs by establishing a simulation-based workflow and achieving high
agreements with the “true” AUC values while maintaining low prediction errors. This
approach balances patient adherence and clinical utility, a key challenge identified in

previous research 3> 3¢

7.2.5. Therapeutic PK/PD targets

For successful MIPD implementation in routine clinical practice, a solid and reliable
PK/PD target is an important key prerequisite. Due to the high variability of both the
PK and individual tumor heterogeneity,* oncology drugs often lack a“singular target”
exposure that guarantees efficacy with minimized toxicity from a population level. Early
pharmacodynamic markers (like short-term tumor shrinkage or biomarker changes) do
not always predict long-term outcomes or survival because adaptive resistant clones can
emerge.* The absence of a clear exposure-response relationship for efficacy because
of the limited number of applied dosages is another challenge in target selection;
therefore, it is critical to leverage the totality of evidence and model-based analyses
rather than relying on any single target.
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In Chapter 5, the previous established 5-FU AUC
used for dose optimization since it was based on several clinical trials and applied to
modern 46-hour continuous infusion schedules, such as FOLFOX, FOLFIRI, FOLFIRINOX
regimens* and also FLOT regimen which were all included in our analysis.

target of 20-30 mg*h/L was directly

0-inf

The target selection for ICls like pembrolizumab was based on biomarkers like receptor
occupancy rate or interleukin-2 (IL-2) stimulation. Due to the flat dose-response and
exposure-response relationship of ICls for the evaluated dosages, different studies
utilize different targets for dose optimization strategies. The first target was a minimum
effective concentration of 1.5 mg/L, defined as the steady-state trough maintained by >
95% of the population given 1 mg/kg every 3 weeks for melanoma patients. In Chapter
6, we investigated the evidence from an early phase clinical trial and derived a target of
10 mg/L according to a published pembrolizumab PK/PD relationship with data from
KEYNOTE-001 trial.** Saturation of ex vivo target IL-2 engagement in blood began at
> 1 mg/kg every 3 weeks. More specifically, according to the PK/PD Emax equation in
KEYNOTE-001, pembrolizumab trough concentration of 5 mg/L would lead to 90% of
theIL-2 stimulation while 10 mg/L could result in 95% of the IL-2 stimulation. Therefore,
in this study, the 10 mg/L target was used for generating clinical MIPD recommenda-
tions and the 5 mg/L target was used for exploration purpose for melanoma patients.

7.2.6. MIPD tools for broader application of PK/PD models in routine clinical
practice

In both Chapter 4 and Chapter 5, MIPD tools were developed since the dose optimiza-
tion algorithm was complexand a shiny-based application would be more convenient for
routine clinical practice. MIPD applications, such as InsightRX Nova,* ModVizPop,* and
gPKPDviz* represent promising solutions since they combine user-friendly interfaces
with the computational power of advanced PK/PD models. Most applications leverage
the flexibility of the R Shiny framework to create interactive, web-based platforms that
allow clinicians to visualize real-time simulations, explore alternative dosing regimens,
and tailor treatments to individual patients without requiring extensive expertise in
pharmacometrics. By integrating population models with Bayesian frameworks,*
Shiny-based applications simplify the process of dose optimization, offering intuitive
workflows that align with clinical decision-making processes.

However, broader deployment of these tools in patient care faces substantial regula-
tory hurdles. Currently, most MIPD applications are classified as medical devices,*
which means they must comply with rigorous requirements that come with high costs.
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Extensive legal documentation, validation, and testing are mandatory for every version
of change, even when a tool is used solely within ISO 15189 laboratory settings. This
regulatory ambiguity complicates widespread clinical implementation. In the absence
of clear regulatory pathways, particularly in the EU under MDR 2017/745 or FDA require-
ments, many users may resort to using these tools outside their intended use (“off-label
use”). Off-label dosing decisions carry uncertainties: without proper oversight and
validation, they may potentially expose patients to safety risks.*® % Additionally, the
integration of MIPD into clinical workflows requires overcoming operational barriers,
such as the need for precise data input/check, model validation, and proper healthcare
professional education.**° Given these challenges, collaborative efforts involving
regulators, pharmacometricians, and clinical stakeholders are urgently needed. Clear
regulatory pathways, standardized validation processes, and effective implementation
with professional education are warranted.*°

To date, no high-quality (randomized) trials have been conducted to evaluate the
performance of MIPD or dose-optimization tools, even though such evidence would
be of value for convincing stakeholders of the value of these model-based approaches.
The efficacy and safety of MIPD-based dosing and BSA-based dosing of 5-FU will be
further evaluated in the ongoing PERFUPANC study (EUCT number:2024-510576-21-00).
Studies on other anti-cancer drugs or even other disease are warranted.

7.2.7. MIPD in clinical practice: from dose adjustment to treatment decision

For several oncology mAbs, POPPK/PD analysis has revealed that CL decreases over time,
often described using a sigmodal Imax function (e.g. pembrolizumab in Chapter 6),
reflecting improved disease status or tumor shrinkage during therapy. The first example
is nivolumab, for which the steady state CL is estimated to decrease by approximately
20% from the first dose, although individual changes vary widely (from 75% decrease
toa25%increase), depending on patient prognosis.’' Subsequent studies also revealed
a time-dependent reduction of CL of pembrolizumab for which the extent of the
decrease correlated with tumor size dynamics and best overall response.>? Further
model-based analyses incorporating longitudinal covariates (e.g. tumor shrinkage
over time, improving albumin) were able to better capture this decrease in CL over
time.>3 Therefore, accounting for time-dependent changes in CL is critical for accurate,
early exposure predictions and exposure-response assessments in immuno-oncology
settings in addition to standard radiology and imaging examinations.
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Based on the information above, the value of PK/PD modeling should not only be limited
to initial dose optimization but should also play a role in supporting clinical decision
making on treatment continuation or discontinuation. This can be achieved by evalu-
ating the PK profile during early treatment using TDM samples. Early pembrolizumab CL
is proven to be a feasible prognostic biomarker for survival®>>* while the uncertainty of
this early prediction is inherent due to the individual variability in both PKand response.
In a recent study, pembrolizumab clearance showed high sensitivity, but moderate
positive predictive value to predict the overall survival.>* Emerging PD biomarkers,
such as circulating tumor DNA (ctDNA), can be a powerful tool to complement the
PK information. It has been applied for cancer early diagnosis, prognosis prediction,
and treatment monitoring over a wide range of cancer types.>> With non-linear mixed
effect modeling, the percentage change from baseline of ctDNA features can be used as
early biomarker to distinguish responders and non-responders to immune therapies.*®
providing an additional quantitative tool for personalized treatment decision. Together,
these modeling approaches can expand MIPD from dose optimization towards real-time
treatment guidance.

7.3. CONCLUSIONS

This thesis comprehensively evaluates the opportunities of model-based dose opti-
mization of approved targeted therapies, immunotherapies and chemotherapy in
medical oncology. The thesis started with a comprehensive review and systematic
evaluation to evaluate the currently approved dosing regimens of pazopanib, cabozan-
tinib, axitinib, sunitinib, everolimus and nivolumab in mRCC, in the context of project
Optimus. Through a combination of literature review, real world evidence on toxicity
and efficacy, and model-informed simulations, we identified optimized dosing regimens
that could improve drug tolerability while maintaining efficacy. We recommend that
these optimized dosing regimens should be considered for being used in routine
clinical practice, and that the optimal exposure range should be included in drug
labels and/or guidelines to support pharmacokinetically guided dose individualiza-
tion. After this review, we specifically studied two specific targeted therapies in mRCC,
i.e. cabozanitnib and pazopanib, to quantitatively characterize and bridge the gaps
between the labelled and optimal clinical dose with routine clinical practice data. For
cabozantinib, the publicly available FDA POPPK model with re-estimated CL resulted
in adequate prediction of real-world cabozantinib pharmacokinetic data. Alternative
dosing regimens with and without the presence of known food interactions were
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proposed which resulted in potential strategies to significantly reduce cabozantinib
drug expenses. For pazopanib, an initial pazopanib dose of 600 mg fasted, followed by

model-informed precision dosing to maintain C __between 20-34 mg/L, was identified

to likely improve the efficacy-toxicity balance alnd mitigate treatment interruptions.
In the following section, the thesis focused on providing a basis for the implementa-
tion of MIPD of 5-FU and pembrolizumab in routine clinical pharmacy care. For the
chemotherapeutic agent 5-FU, based on the POPPK model using data from four clinical
studies, we proposed to decrease the initial dose to 200+2400 mg/m? for bolus and
continuous infusion, while for continuous infusion only, we propose to increase the
initial dose to 2800 mg/m? to better achieve the AUC , target of 20-30 mg-h/L on the
population level. The utilization of optimal sampling together with the developed MIPD
shiny application subsequently allows for precise estimation of 5-FU AUC__ .in routine
clinical practice and may provide dose individualization recommendations that lead
to areduction in severe toxicities without compromising efficacy. For pembrolizumab,
following external evaluation and refinement of a published pembrolizumab POPPK
model, model-based simulations evaluating the extension of the dosing interval based
on individual CL reduction showed that for individuals with > 30% reduction in CL, the
dosing interval could be stretched from 200 mg Q3W to 200 mg Q6W. A CL reduction
< 10% at the fourth cycle indicated inferior best overall response to pembrolizumab

in this population.

Throughout the analyses, we learned new lessons in bridging the dose between the
labelled and optimal clinical dose from exposure, efficacy, safety and financial perspec-
tives. We shared our insights to serve as a reference for achieving successful MIPD
implementation in medical oncology, varying from a priori dose optimization, optimal
sampling design, Bayesian dose optimization to a user-friendly MIPD application.
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