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Chapter 7

General discussion and
summary
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Modelling and simulation (M&S) in quantitative pharmacology play an important
role in informing drug development and treatment optimization. In this context, ac-
counting for inter-individual variability in pharmacokinetics (PK) and pharmacodynam-
ics (PD) is an essential component of such M&S workflows for obtaining reliable and
clinically meaningful simulation outcomes. Inter-individual variability can be associ-
ated with both patient-associated covariates predictive of variability which are identi-
fied in M&S workflows, as well as accounting for additional sources of variation in PK
and PD, which can be understood through mechanism-based modelling approaches.
In this thesis, we developed and applied systematic approaches for generating realis-
tic virtual patient populations (Section I) and further explored how mechanism-based
M&S approaches can be used to understand physiological or microbiological sources
of variability in PK and PD to support the optimization of antibiotic treatment strategies
(Section II).

7.1 Virtual populations in quantitative pharmacology
In the context of this thesis, virtual populations can be viewed as a set of individual
patient-associated covariates, i.e., which aim to realistically reflect the distribution and
inter-dependency of covariates in a virtual cohort using multivariate statistical models
such as copulas (Chapter 2-4). These virtual populations capture inter-individual vari-
ability and the correlation between covariates or parameters, and are used in (pop-
ulation) pharmacokinetic/pharmacodynamic (PK/PD) and physiologically based PK
(PBPK) models to account for differences in drug exposure and treatment response
[1, 2]. In addition, mechanism-based models can be used to study how variability
in microbiological or physiological patient differences or in the context of M&S model
parameters, may translate into inter-individual variability in PK/PD outcomes, thereby
also reflecting a virtual patient population (Chapter 5,6).

Copula modelling and its challenges
Virtual populations capturing distributional characteristics of patient covariates are in-
creasingly used in quantitative pharmacology. Copula models recently emerged as
a suitable method for generating realistic virtual populations [1]. As such, a need
arose to develop a standardized virtual population evaluation framework, to stream-
line workflows, application, evaluation, and to critically assess potential limitations. To
this end, in Section I, we introduced the theory and implementation of copula models
for virtual population generation and evaluated their performance in generating adult
covariate data and drug metabolizing enzyme and transporter expression profiles.

In Chapter 2, we describe a practical guidance to copula modelling with a newly
developed model-independent validation framework to assess whether virtual popu-
lations truly reflect the real-world population, aiming to guide the application of copula-
based simulations in the field. To this end, we first covered the theoretical basis of
copula models and developed a standard workflow for the development, evaluation
and application of thesemodels for covariate simulations. In addition, we also discuss
and address the lack of validation standards in the field. We developed a simulation-
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based strategy to evaluate virtual populations by comparing the marginal distribution
and dependency structures between the observed and simulated population. The de-
veloped workflow includes both visual and quantitative evaluation approaches based
on density curves and contours, marginal and dependency metrics, and the visual
predictive checks, including the donutVPC. The donutVPC was newly developed by
extending the concept of the VPC already commonly used in pharmacometrics, to-
wards density contour evaluation. These tools were made available to the community
in the R package pmxcopula. As the package supports the comparison of population
distributions, it can be used to a wide range of virtual population generation methods,
including but not limited to copulas. Finally, we discussed and addressed some im-
portant challenges around the application of copulas, which involved the application
to mixed data type or small-scale datasets.

Building on the developed workflows, inChapter 3, we developed a copula-based
virtual population using NHANES adult characteristics and evaluated its similarity to
the observed data. The developed adult population copula model was made avail-
able through a newly developed web application (https://cocosim.lacdr.leid
enuniv.nl/). As such, this chapter also demonstrates a concrete practical applica-
tion of copulas for virtual population generation, from copula model development and
evaluation to virtual population generation and data sharing. The NHANES dataset
includes both continuous covariates (e.g., age and body weight), binary covariates
(i.e., sex) and nominal covariates (unordered categorical; i.e., race-ethnicity). This
mixed dataset presents a typical challenge in copula development, as continuous and
discrete variables differ fundamentally in how probabilities and dependence are de-
fined. Although modelling binary and ordinal variables with copulas is supported by
existing approaches [3, 4, 5, 6, 7], studies that explicitly characterize the incorporation
of nominal variables are relatively limited. In practice, nominal variables are typically
incorporated into copulas either by converting them into ordinal variables (i.e., ordi-
nal encoding) or by representing each category with a set of binary indicators (i.e.,
dummy coding) [8, 9]. In Chapter 3, we applied ordinal encoding for race-ethnicity
using an exhaustive search approach to identify an ordering within race-ethnicity (i.e.
Hispanic, white, African American, Asian and other race) that minimized the object
function value. This approach was computationally expensive, suggesting that fur-
ther methodological research and evaluation of alternative more efficient algorithms
for nominal variables would be instrumental.

In Chapter 4, we focused on the modelling of distributional characteristics of drug
metabolizing enzymes and transporters (DMETs) across individuals for virtual patient
generation. We compared the performance of the multivariable normal distribution
(MVN), the most widely used joint distribution model, with two alternative methodolo-
gies: an MVN model with transformation of the marginal distribution (transMVN) and
copulas. The transMVN methodology was proposed to balance the computational
simplicity of MVN with the modelling flexibility of copulas. We found that the hep-
atic DMET gene expression profiles from the GTEx database significantly deviated
from those captured by a MVN model. In contrast, transMVN and copula models
more accurately represented DMET expression profiles. The subsequent impact for
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misspecification of the joint distribution model was examined through a PBPK case
study of selegiline, which is mainly metabolized by two CYP enzymes. The median
clearance and AUC predicted with transMVN and copula model simulated CYP data
were found to be closer to observed data predictions than those of the MVN model,
underscoring the limitation in the current routine use of the MVNmodel, and highlight-
ing the importance of flexible alternatives such as transMVN and copula models to
enhance patient population-level predictions with PBPK or QSP models.

A common consideration in M&S is balancing model flexibility and estimation fea-
sibility given limited sample sizes. Improved model flexibility comes at the cost of
an increased number of parameters, which inflates estimation burden and the risk of
overfitting. The fundamental role of MVN in data analysis is driven by its simplicity
and data-efficient estimation. This efficiency is a direct result of its strong assump-
tions and lean parameterization, defined solely by the mean and covariance matrix.
Compared with MVN, transMVN and copula offer greater flexibility in capturing the
variability and dependence structure, at the expense of a heavier parameter estima-
tion burden. Statistical MVN tests can justify whether the null hypothesis of MVN
distributed data can be rejected. When data are limited, the reduced power to re-
ject MVN favours simpler joint distributions, which helps prevent overfitting in data-
limited settings. Based on these considerations, and to help guide the selection of ap-
propriate distributional methods, Chapter 4 proposed a decision tree to recommend
the optimal joint distribution model among the MVN, transMVN and copula models,
streamlining model selection while accounting for dependency structure and sample
sizes. For the DMET datasets, the models recommended by decision tree aligned
with those identified through a systematic performance comparison.

Time-varying copulas
Future advancements in copula-based virtual populations should focus on incorpo-
rating dependencies that vary along additional dimensions, such as time. The virtual
populations considered in this thesis were constructed under the assumption that for
each individual, each covariate is represented by a single measurement. This im-
plies that within-patient heterogeneity may not be captured, such as variability due
to changes over time or differences across anatomical locations of covariates of in-
terest. For scenarios in which a single value per patient is an adequate represen-
tation, e.g., when covariates remain stable over the treatment window and only one
anatomical site is relevant, this assumption is reasonable. However, treatment re-
sponse may depend on time-varying covariates, such as postnatal age and renal
function in neonates, or on spatially heterogeneous physiological parameters. In
such cases, extending the virtual population framework to incorporate temporal and
spatial information could be beneficial for model-based treatment optimization [10,
11]. Methodologically, copula-based approaches can also be extended to settings
with temporal or spatial structure, for example, through copula autoregressive models
[12], spatio-temporal vine copulas [13, 14], or build copulas based on parameters in-
ferred from separate mixed-effects models of the covariates [1]. These copula-based
approaches enable the modelling of more complex, dynamic or spatially heteroge-
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neous dependencies. In related work not included in this thesis, we have explored
the use of copula-based approaches to capture time-varying dependencies between
the common covariates in neonates, including gestational age, birth weight, postnatal
age, and serum creatinine. Preliminary results indicated that copula models built on
a mechanism-based mixed-effects model generated more realistic paediatric virtual
populations than approaches based on pooled observations or spline-based mixed-
effects copula models.

Machine learning
The use of machine learning (ML) approaches and copulas have certain overlap in
e.g., the goal of modelling multivariate data including dependence characterization
[15]. In the realm of ML, some unsupervised ML algorithms, such as generative mod-
els, can be used to model multivariate distributions and generate virtual populations
[16, 17]. MVN assumptions are also involved in several ML algorithms for efficient
algorithmic implementations, such as linear regression and its regularized variants
(e.g., Ridge and Lasso), Gaussian mixture models, and Gaussian-based Bayesian
inference [18, 19].

Copulas capture the joint distribution of observed variables by characterizing de-
pendence structure separately from the marginal distributions. Marginal distributions,
or margins, are informative only about how the data were collected or recorded. As a
result, any monotonic transformation of the data only affects the margins but not the
estimated copula. This margin-invariant characterization of multivariate dependence
has implications for ML approaches, including MVN-based ML algorithms. Therefore,
the use of copulas in the improvement of ML methods is an active research area [20].
For example, copulas can be used as plug-in modules in ML frameworks to increase
the flexibility, as in copula-based Bayesian networks [21] and copula-based neural
networks [22]; to better characterize the dependence, as in copula based classifier
[23]; and to improve computational efficiency, for instance by combining vine copula
with autoencoders in generative models [24]. Conversely, ML methods are also used
to advance copulas. For example, neural networks can support efficient estimation
of marginal distributions and high dimensional copula structures [25, 26].

Copulas and ML methods are grounded in two distinct application domains: a sta-
tistical domain aimed for inference and an ML domain focused on predictions. The
different objective leads to different model development approaches. Copulas use
all data to estimate the model parameters, aiming to accurately capture the joint dis-
tribution of variables. In contrast, conventional supervised ML models rely on data
partitioning (e.g., training and test sets) to assess the predictive performance and
generalization ability. However, if copulas are used inside an ML workflow, for exam-
ple, to augment the available dataset for developing an ML model, the training and
test datasets are defined for the downstream task [27].

Mechanistic approaches to generate virtual populations
Real-world patient characteristics may often not fully address ultimately observed
variability in PK or PD responses. The use of mechanistic models (e.g., PBPK or QSP
models) may address some of those gaps to understand what physiological, or in this
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thesis microbial, factors may contribute to observed inter-individual variability, i.e.,
through backward calibration of observed treatment outcome data using mechanistic
model [19, 20, 21].

A standard procedure involves first defining a parameter spacewith realistic ranges
and then simulating all parameter combinations. Parameter sets that yield unrealis-
tic outcomes are discarded, while those producing plausible treatment responses
are retained as virtual patients. This two-stage framework forms the basis for model-
calibrated virtual population generation, and recent advances have been focused on
improving computational efficiency using ML surrogate models [28, 29, 30, 31]. In
the context of such approaches, biological parameters in mechanistic models can
be interdependent, yet, this interdependence is often neglected in virtual population
generation using such models because the full prior correlation structure is often un-
known [32]. Even without complete knowledge of the correlation structure, partial
correlation information can still be inferred empirically from published clinical trials or
external databases. Methods like MVN, transMVN and copulas, such as developed
in Chapter 4, can describe this information to exclude unrealistic parameter combina-
tions, facilitating faster virtual population generation and improved QSP predictions.
Among these methods, copulas offer an advantage in capturing tail dependencies,
where extreme values occur simultaneously. Correct characterization of tail depen-
dencies can enhance the prediction for rare but critical scenarios, for example, the
extremely high cytokine levels during a cytokine storm. Ignoring tail dependence can
result in serious consequences. Mechanistic virtual population generation comple-
mented with copulas are thus of interest for future research.

7.2 Model-informed antibiotic treatment optimization
M&S approaches can be used in the context of drug development as well as fur-
ther treatment optimization. Antibiotic therapy is increasingly compromised by rapid
antimicrobial resistance, which, in combination with the low discovery rate of novel
antibiotic classes [33], has forced researchers to focus on optimizing treatment strate-
gies of existing antibiotics. In this context, Section II focused on the application of
M&S-based strategies for antibiotic treatment optimization in bacterial lung infections
and characterization of factors driving potential variability in PK or PD.

Antimicrobial pharmacodynamics
Antibiotic resistance is closely linked to bacterial lifestyle. Compared with planktonic
bacteria, biofilm-associated bacteria typically exhibit greater resistance to antibiotics,
yet have been studied much less. In Chapter 5, we characterized PK/PD relation-
ships for both colistin and imipenem in biofilm-associated Pseudomonas aeruginosa
infections using time-kill assay data. The developed models captured reduced an-
tibiotic diffusion, slower growth rates, and decreased sensitivity of resistant subpop-
ulations in biofilm bacteria. We also observed differences in the treatment outcome
between the two bacterial lifestyles under humanized drug concentration profiles. Al-
though these simulations omit factors such as host immune responses, they high-
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light the impact of bacterial lifestyles under clinically relevant conditions and provide
insight into how microbial properties and associated model parameters may affect
observed PD response.

Chapter 5 utilizes in vitro time-kill assay data that are affected by known experi-
mental factors, such as extensive binding of colistin to polystyrene microplates and
degradation of imipenem under the assay conditions [34, 35]. Conventional PK/PD
models based on time-kill assay treat antibiotic concentration as static. In our case,
this assumption can distort PK/PD relationships. Bacterial regrowth may result from
drug loss rather than resistance development. Although in vitro PK was not mea-
sured during the time-kill assay, drug binding and degradation were addressed by
incorporating the in vitro PK information from previous studies. This approach al-
lows accurate characterization of PK/PD relationships and should be applied when
drug concentrations change substantially over time. This extends beyond microbial
assays to any in vitro experiments that measure drug effects over time. In addition
to colistin and imipenem, other drugs are also subject to binding- and degradation-
related losses. For example, mecillinam has been reported to exhibit a 2-hour half-life
in MOPS medium at 37°C and pH 7.4 [36]; doxycycline and minocycline showed sig-
nificant binding to polypropylene test tubes [37].

In Chapter 5, we show bacterial lifestyle strongly influences antibiotic responses,
highlighting the need for bacteria lifestyle-guided treatment strategies. However, in
routine clinical practice, antibiotic regimens are mainly optimized for planktonic bac-
teria. In clinical microbiology, antibiotic susceptibility testing (AST) is routinely per-
formed under planktonic conditions, and its key output, the minimal inhibitory con-
centration (MIC), is inherently designed for this lifestyle. MIC-based PK/PD indices,
such as the ratio of maximal free concentration to MIC (fCmax/MIC), are widely used
to guide antibiotic dosing by defining efficacy targets that can be achieved through
dose escalation, prolonged or continuous infusions and loading doses [38]. In con-
trast, the management of biofilm-associated infections presents challenges. While
the minimal biofilm inhibitory concentration (MBIC) has been proposed [27], clinical
adoption remains low, and there is a lack of evidence to support the use of biofilm AST
to guide treatment of Pseudomonas aeruginosa pulmonary infections in CF patients
[39, 40, 41]. This reflects a limited correlation between in vitro biofilm susceptibil-
ity and clinical outcomes. Although in Chapter 5 we derived PK/PD targets for both
planktonic and biofilm-associated infections, the application of biofilm-specific PK/PD
targets remain confined to translational research [42, 43, 44]. Current clinical guide-
lines for biofilm associated infections (e.g., chronic lung infection and device related
infections) emphasize longer duration, combination therapy, local/high concentration
delivery, and source control, but does not specify PK/PD targets tailored to biofilm
lifestyle for routine dosing decisions [45].

Spatial drug distribution
Ensuring attainment of sufficient antibiotic exposure at the site of infection is another
prerequisite for bacterial eradication and prevention of resistance. This may be of par-
ticular relevance in patients with cystic fibrosis (CF), who typically suffer from chronic
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lung infections due to the presence of a thick mucus layer in the respiratory tract,
where treatment including antibiotics may often be associated with reduced efficacy.
To determine whether the mucus layer in CF patients may act as a diffusion barrier
for drug delivery, in Chapter 6, we developed a spatial PK/PD modelling framework
to predict the temporal and spatial kinetics of drug concentration and its effect. We
found that under intravenous PK profiles, molecule size plays an important role in
drug movement within mucus. Small molecules (radius < 1nm) could freely penetrate
mucus. In contrast, large molecules/particles showed impaired diffusion. In addition,
drug-mucin interactions and muco-ciliary clearance showed a minor impact, in con-
trast to prior reports. To demonstrate how such spatial PK models may be coupled
to PD models, a spatial PK/PD model was developed based on the imipenem PK/PD
model developed in Chapter 5, which revealed that baseline bacterial organization
influenced eradication outcomes. Overall, this study adds quantitative and mechanis-
tic understanding of drug diffusion in airway mucus, and highlights how consideration
of spatial heterogeneity may be critical in understanding PK/PD responses in some
conditions. Moreover, methodologically, the current study represents one of the few
M&S examples that have considered spatial PK models.

Covariates and key parameters selection enables population
variability
Virtual populations enable the prediction of treatment exposure and outcome variabil-
ity by incorporating variability in covariates or key parameters. The methodology for
identifying which covariates or parameters drive this variability depends on the under-
lying models. In top-down models, such as the population PK model used in Chapter
5, covariates like body weight and GFR are typically identified based on the statistical
significance in improving overall model fit together with biological plausibility. These
identified covariates form the basis for virtual population that supported the prediction
of population-level bacteria response. In contrast, bottom-up models often involve a
large number of parameters and face challenges of parameter identifiability. As a
result, sensitivity analysis is commonly applied to prioritize parameters that strongly
influence model outputs. Then, variability is incorporated into virtual population for
these influential parameters. The screening process was also used in the physio-
logically based spatial PK model developed in Chapter 6, where sensitivity analysis
revealed that variation in the physiological parameters (i.e., mucin concentration and
mucociliary clearance) had minimal impact on the drug diffusion, indicating limited
relevance for predicting population-level PK and PD variability.

7.3 Open science

Data sharing
The future development of the field of M&S in quantitative pharmacology depends
on not only the advancement of quantitative approaches but also equitable accessi-
bility of high-quality patient data. While the number of published models has grown
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exponentially, the underlying patient data are rarely made public due to stringent
privacy policies. When individual level data can be shared, anonymization and de-
identification techniques, such as age banding and k-anonymity, can help protect pa-
tient privacy by masking or removing key identifiers [46]. When such data cannot be
shared, summary metrics or models derived from the raw data are often shared and
used to generate synthetic datasets. In most quantitative pharmacology M&S stud-
ies, patient characteristics are typically reported as mean, median and range. This
approach ignores the correlation between patient characteristics and therefore may
not accurately represent the observed data. Copula models offer greater flexibility
in capturing both variability and dependence structures, enabling to generate syn-
thetic datasets that better reflect the observed data without distorting the underlying
information [47]. In addition, ML approaches, such as regression models, Bayesian
networks and variational autoencoders, can also support data sharing [48, 49]. These
methods not only offer a viable starting point for researchers without direct data ac-
cess, but also help circumvent the delay caused by lengthy data-sharing approvals,
as synthetic data can be used as a robust proxy for preliminary modelling and help
streamline the study workflow.

The robustness and applicability of copulas or other models depend on the quality
and representativeness of the input data. Single-center datasets may lack the het-
erogeneity in real-world populations, so reliable copulas generally benefit from large
and diverse datasets that capture real-world patient populations. This demands a
joint effort from healthcare institutions and industry partners to pool resources to bet-
ter reflect the populations encountered in clinical practice. By transforming clinical
data into the shared resource, such initiatives support model-informed drug develop-
ment and precision dosing, and ultimately enable improved real-world care.

Knowledge transfer
Quantitative pharmacological M&S approaches operate at the intersection of math-
ematics, statistics, biology and pharmacology. Because of this unique positioning,
the field inevitably advances through knowledge transfer, often by adapting method-
ologies from other domains to solve complex pharmacological problems. This thesis
illustrates such cross-disciplinary evolution through the application of copulas as a
methodology for virtual population generation. While copulas, as a statistical method,
are widely accepted and applied in finance, insurance, hydrology and climate, their
integration into quantitative pharmacology is an emerging and accelerating trend [1,
50, 51, 52]. Similarly, Chapter 6 employed the use of partial differential equations,
a core mathematical framework in fluid mechanics in physics, yet relatively novel for
modelling pharmacological data.

Knowledge transfer across disciplines may be hampered by differences in termi-
nology, underlying assumptions and conventions. These challenges occur not only
in collaborations between researchers from different backgrounds, but also at the
individual level when, for example, a pharmacometrician seeks to adopt statistical
methodologies. For this reason, Chapter 2 presents a tutorial on copula-based vir-
tual population generation, covering both theory and practical coding guidance. The
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same concepts may be expressed using different “languages”. Meaningful exchange
therefore requires careful clarification of definitions and assumptions before produc-
tive discussion can begin. This challenge is particularly evident in collaborations
between experimentalists and modellers, where progress depends on shared under-
standing of experimental design, data-generating assumptions, and the abstraction
in modelling [53].

Recognizing the necessity of knowledge transfer is only the first step. Effective
transfer can be facilitated by sharing well-documented and reproducible code, in-
cluding clear records of software versions and even computational environments. At
the community level, additional educational initiatives, such as conference keynote
lectures and journal tutorials that provide step-by-step guidance on cross-disciplinary
workflows, are essential. Ultimately, the most important bridge between these worlds
is the interdisciplinary researchers who can translate, integrate and synthesize ideas
across fields.

Tools
Beyond methodological development itself, future impact of M&S approaches also
depends on the accessibility of the resulting tools. Openly available tools, supported
by intuitive interfaces, transparent workflows and well-chosen examples could lower
the barrier to adoption and help convey intuition effectively than abstract descriptions
alone. Furthermore, stable maintenance and user feedback-driven issue resolution
are essential for sustained application of the tool. At the same time, user friendli-
ness as a key to ensure uptake by stakeholders and thus enhance the impact of
open science. This thesis provides tools tailored for both technical modeller and non-
technical users. Chapter 2 introduced the pmxcopula R package, an open-source
tool for assessing whether virtual population is representative of the real-world popu-
lation. Chapter 3 presented a user-friendly web application that allows non-modellers
to generate realistic virtual population using the NHANES copula. These efforts align
with broader open-source initiatives within quantitative pharmacology, such as the
open systems pharmacology community, which aims to provide robust and accessi-
ble M&S tools for life-sciences [54].

7.4 Conclusions
In conclusion, this thesis advanced and demonstrated the value of novel approaches
to generate realistic virtual populations, as well as the use of quantitative mechanism-
based M&S strategies to further characterize sources of variability in the context of
antibiotic treatment optimization. As such, the approaches developed in this thesis
may serve as a framework that can be expanded towards other patient populations,
therapeutic indications and modalities in drug development and patient care.
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