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Abstract

The progress of contemporary pharmacology is deeply linked to pharmacokinetics (PK)
and its quantitative exploration through PK modeling. By offering a robust mathematical
framework to describe and predict drug absorption, distribution, metabolism, and excretion
(ADME), PK modeling is essential for designing and optimizing safe and effective dosing
regimens and for advancing personalized medicine and model-informed drug development
(MIDD). The reliability of population PK (popPK) and physiologically based PK (PBPK)
models depends on high-quality experimental data to estimate PK parameters. Traditional
PK data sources include clinical studies, preclinical animal models, and human-derived cell
lines. Although considered gold standards, these sources have significant drawbacks. Clini-
cal trials are often restricted by ethical, logistical, and financial challenges and often include
homogenous populations that fail to reflect real-world interindividual variability. Similarly,
animal and cell-based models lack the physiological complexity of humans, leading to
discrepancies between preclinical predictions and clinical outcomes. These constraints
have stimulated interest in alternative platforms that more faithfully recapitulate human
physiology and interindividual diversity. This review explores the potential of organoids
as a novel or complementary source of PK-relevant data. Organoids, three-dimensional
(3D) stem cell-derived structures, mimic the cellular architecture, functional heterogeneity,
and physiological responses of human tissues. In particular, intestinal, liver, and kidney
organoids preserve essential cellular features of ADME processes, positioning them as
promising tools for integration into popPK and PBPK modeling frameworks.

Keywords: organoids; pharmacokinetics; computational modeling; population pharmacokinetic
model; physiologically based pharmacokinetic model; personalized medicine

1. Introduction
The evolution of pharmacokinetics (PK), defined as the study of the kinetics of drug

absorption, distribution, and excretion (ADME), from a primarily descriptive discipline
to a predictive science has been driven by the application of mathematical modeling. The
roots of this transformation can be traced back to 1994, when the U.S. Food and Drug Ad-
ministration (FDA) published its formal guidance introducing pharmacometric approaches
through sparse sampling, Studies in Support of Special Populations: Geriatrics [1]. This
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document emerged in response to an identified gap: PK data were not routinely collected
in elderly patients, a population known to exhibit distinct physiological characteristics that
could influence drug behavior. To address this, the FDA proposed a PK screening strategy,
now recognized as population PK (popPK), based on the collection of sparse PK samples in
geriatric patients and their comparison with data from younger patients. This approach
revealed significant differences in PK parameters between the two groups, highlighting
the need for pharmacometric methods capable of identifying and quantifying sources of
PK variability. Building on these findings, in 1999, the FDA published its first guidance
for the pharmaceutical industry on the use of popPK modeling [2], which was rapidly
integrated into the drug development pipeline. Subsequently, regulatory statements from
other agencies, such as the European Medicines Agency (EMA) [3], further underscored
the importance of pharmacometrics, including PK modeling. A landmark moment oc-
curred in 2004 with the publication of the FDA report Challenge and Opportunity on
the Critical Path to New Products [4], which strongly advocated for model-based drug
development (MBDD). Since then, PK modeling has become an integral component of
New Drug Application (NDA) and Biological License Application (BLA), supporting drug
approval decisions, clinical trial design, and product labeling. The impact of PK analysis
in regulatory submissions has been so powerful that the FDA established the Division of
Pharmacometrics within the Center for Drug Evaluation and Research (CDER) to address
the increasing number and complexity of model-based evaluations [5].

Accurate estimation of PK parameters requires robust datasets that reflect the biologi-
cal complexity of drug PK profiles across individuals. Generating databases for PK analysis
is a critical and time-consuming task. Data should be scrutinized to ensure accuracy. Sparse,
biased, or non-representative data can result in misleading parameter estimates, underesti-
mation of interindividual variability (IIV), and unreliable predictions. This review aims to
explore the potential of organoids as a novel and complementary source of PK-relevant
data. Herein, we discuss current PK data generation strategies and their inherent limita-
tions and evaluate the biological and functional advantages of organoids in the context of
PK modeling.

2. Approaches to PK Modeling
By quantifying PK parameters, researchers can design or optimize dosing regimens

that achieve or maintain the optimal balance between efficacy and toxicity. This predictive
capability is greatly enhanced through physiologically based PK (PBPK) modeling. The
general concept of PBPK modeling is to mathematically describe the physiological, physic-
ochemical, and biochemical processes that influence the PK behavior of a compound [6].
PBPK models are constructed using an extensive set of physiological and anatomical prin-
ciples, including blood flow rates, organ volumes, vessel surface areas, and the expression
levels of enzymes and transporters, which collectively represent the organism as a structure
composed of physiologically relevant compartments, where each compartment typically
corresponds to a single organ or tissue (Figure 1). Additionally, drug-specific properties,
including lipophilicity, solubility, pKa, molecular weight, and plasma protein binding,
are integrated into the model [7,8]. This mechanistic framework has gained significant
regulatory recognition, with the FDA and other major agencies increasingly accepting its
use in drug development [9]. PBPK models are routinely applied to predict food effects,
assess drug–drug interactions (DDIs), evaluate the impact of particle size or formulation
changes, and simulate complex scenarios. Furthermore, these models can be tailored to rep-
resent specific populations, such as pediatric or geriatric groups, or pathological conditions
like renal impairment, providing valuable insights into IIV and supporting personalized
medicine strategies [7].
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Figure 1. Key components of PBPK and popPK models. PBPK models are structured around three
main domains: the drug, the system, and the trial. Drug-related data comprise physicochemical
and experimental or predicted ADME data. System-related data encompasses physiological and
anatomical information relevant for ADME. Trial-related data include study design factors such as
dosing regimen, administration route, and duration. In turn, popPK models rely primarily on analy-
sis datasets, incorporating observed drug concentration-time data, individual covariates (e.g., age,
weight, genetic markers), and study metadata (e.g., dosing history, sampling times). Adapted
from [10], Springer Nature, 2016.

The identification and quantification of IIV in drug exposure and response is effec-
tively achieved through popPK analysis. This approach allows for a systematic evaluation
of variability in plasma drug concentrations observed among human trial subjects, typi-
cally receiving the same dose regimen, by attributing differences to intrinsic factors, such
as body weight, age, renal or hepatic function, and genetic polymorphisms, as well as
extrinsic factors, including food effects and concomitant medications that may alter the
ADME processes of a drug [11]. PopPK models are capable of integrating all relevant
PK information across a wide range of doses and populations, including both patients
and healthy volunteers (Figure 1). This enables a comprehensive assessment of multiple
covariates that may not be captured within a single clinical trial. Data for such analyses can
be derived from studies with rich or sparse sampling, single or multiple dosing regimens,
and different physiological conditions. Population analysis includes a relatively large and
diverse sample of individuals, which increases the precision of the estimates and provides
robust evidence regarding which covariates significantly influence drug exposure. These
insights are critical throughout the drug development process and, as emphasized in FDA
guidance on popPK modeling [2], have broad applicability: from dose regimen selection in
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clinical trials to defining sample size and sampling scheme requirements, deriving exposure
metrics for exposure-response studies, and informing pediatric trial designs. Furthermore,
popPK models are increasingly applied to support drug labeling decisions related to specific
populations and DDIs, using data from early- and late-stage clinical trials.

3. Clinical Studies as the Principal Data Source for PK Models
It is axiomatic that PK models are only as robust and reliable as the data upon which

they are constructed. The datasets required for modeling are inherently complex, requiring
precise and accurate information regarding drug administration (timing, dosage, and
frequency), sample collection schedules, and reliable demographic and laboratory data
associated with each biological specimen [12]. Plasma drug concentration serves as a
surrogate for drug exposure in popPK studies [13], with clinical trials remaining the primary
source of these critical data. To date, over 500,000 clinical studies have been registered with
ClinicalTrials.gov, roughly 14.7 times higher than it was in 2020 (34,000 clinical studies) [14].
Although clinical research findings are often published in peer-reviewed articles or shared
via clinical trial registries, most clinical study data are rarely publicly available.

Traditional methods of PK analysis, such as non-compartmental analysis (NCA),
demand extensive sampling (multiple observations per subject) to accurately estimate drug
exposure. In contrast, popPK modeling allows for the use of sparse sampling strategies,
often utilizing only 1 to 4 samples per individual, even with opportunistic sampling
schedules [15,16]. Even single observations per subject can contribute valuable information
when modeling population-level parameters. PopPK analysis harnesses routinely collected
sparse PK data across diverse individuals to describe the behavior of a drug in the target
population. This approach enables the development of models that can simulate real-world
scenarios, accommodate variability, and ultimately enhance the precision of therapeutic
decision-making [11,17].

According to FDA guidance [2], assessing whether the available data are sufficient
to address the study objectives is a fundamental step in any popPK analysis. The dataset
should encompass an adequate number of subjects with appropriately timed and suffi-
ciently numerous PK samples. Covariates, whether continuous or categorical, cannot be
reliably evaluated for their influence on drug exposure unless their distribution is broad
and their representation in the dataset is sufficient.

3.1. Underrepresentation in Clinical Trials

Randomized controlled trials (RCTs), the gold standard for evaluating medical inter-
ventions and the top tier of evidence-based medicine, provide valuable information that
underpins therapeutic decision-making and informs clinical prescribing guidelines [18–22].
These trials are meticulously designed to minimize bias and control for confounding
variables, thereby enhancing the internal validity of efficacy assessments for specific inter-
ventions. However, substantial concerns persist regarding the representativeness of the
populations enrolled in such trials. Indeed, most RCTs enroll narrowly defined cohorts,
often including patients with a single medical condition and excluding those deemed at
increased risk of adverse drug reactions (ADRs), such as pediatric and geriatric individuals,
patients with multimorbidity, or those on polypharmacy regimens [22–30]. As a result, the
net benefit or net risk associated with therapeutic interventions remains largely unknown
for a substantial portion of the general population, particularly those receiving concurrent
treatments or living with complex health conditions [22]. In this regard, it becomes evi-
dent that RCTs are designed to exclude a significant portion of the real-world population,
leaving many subgroups without treatment decision information. This limitation becomes
increasingly problematic in the context of an aging global population, where multimor-
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bidity and polypharmacy are more the rule than the exception [31–38]. Moreover, the
exclusion of children from clinical trials, often due to well-understood ethical concerns,
frequently results in off-label prescribing, which clearly presents a risk-benefit balance
that is questionable. Tan and colleagues [22] systematically quantified the prevalence of
individuals with vulnerable characteristics who are typically underrepresented or excluded
from RCTs involving prescription drugs. Drawing on data from 43,895 RCTs registered
in ClinicalTrials.gov and real-world health records of over 5.6 million individuals, the
researchers examined 989 unique drugs across 286 conditions and 13 therapeutic categories.
Their findings revealed striking disparities: vulnerable populations, particularly adoles-
cents, older adults, and individuals with multimorbidity or concomitant medication use,
were frequently excluded from clinical trials.

On one hand, the need for sample homogeneity in clinical trial design is under-
standable. Clinical outcomes may vary depending on the inclusion criteria, and greater
heterogeneity among the study population, mirroring a real-world setting, introduces
complexities that may challenge statistical analyses and interpretation [39]. On the other
hand, several authors advocate for greater diversity in clinical trial enrollment [40,41].
Greater inclusivity is imperative to ensure that the study population is representative of
patients likely to receive the drug post-approval and to strengthen the external validity and
applicability of trial outcomes. Despite such advocacy, pharmacovigilance units continue
to detect moderate to severe ADRs in subpopulations excluded from pre-approval studies.

Ethnic and racial minorities remain notably underrepresented. According to a review
of 167 new molecular entities approved by the FDA between 2008 and 2013, approximately
one in five exhibited differences in drug exposure and/or response across racial or ethnic
groups [42]. Data from 2011 indicate that while African Americans and Hispanics com-
prised 12% and 16% of the US population, respectively, they accounted for only 5% and
1% of clinical trial participants [43]. The 2020 US Census reported a diversity index of
61.1%, with African Americans and Hispanics representing 12% and 19% of the population,
respectively [44]. Despite incremental progress, current efforts to achieve representative
heterogeneity in clinical trials fall far short of ideal.

The FDA itself acknowledges the importance of ensuring that inclusion criteria reflect
the diversity of the populations. Since 2016, it has issued several guidance documents
specifically aimed at promoting greater diversity in clinical trials, with a focus on the
inclusion of underrepresented racial and ethnic populations. In October 2016, the FDA
released guidance on the standardized collection and reporting of race and ethnicity
data [45], followed in November 2020 by a document titled Enhancing the Diversity of
Clinical Trial Populations [46], which provides concrete recommendations on eligibility
criteria, enrollment strategies, and study designs aimed at increasing diversity. In April
2022, the agency published a draft guidance encouraging sponsors to develop a Race and
Ethnicity Diversity Plan [47] to improve the inclusion of underrepresented populations.
Most recently, in January 2024, another draft guidance focused on the collection of race
and ethnicity data in trials involving FDA-regulated medical products was released [48].
Nevertheless, in a brief exploratory search we conducted on PubMed for clinical trials
published in 2025, we observed that most studies still fail to report the racial or ethnic
composition of participants. In many cases, only age, and sometimes BMI and height, are
presented as relevant demographic variables. This trend persists despite more than a decade
of discussions and regulatory efforts calling for increased transparency in participant
reporting. This raises a critical question: why do outdated habits persist, even in the face
of clear regulatory guidance and a growing awareness of the importance of diversity in
clinical research?
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When trial populations are excessively homogeneous, results may be biased or lack
generalizability, thereby limiting the robustness and comprehensiveness of available PK
data and impairing our understanding of interindividual differences in therapeutic re-
sponse. The same issue applies to pediatric populations [49]. Extrapolating adult PK data
to children is often inadequate due to developmental differences in drug ADME [50]. While
both the FDA and EMA support the use of adult data to inform the design of initial pediatric
PK trials [51], findings often deviate significantly, particularly in drug clearance, because
of age-related differences in the expression and activity of metabolizing enzymes [52–55].
In the context of model-informed dosing, it may expose children to sub- and/or supra-
therapeutic concentrations, potentially leading to reduced efficacy and/or heightened
toxicity and poor-outcomes in real-world clinical care settings [56].

Conducting pediatric trials remains a complex task, fraught with unique ethical
and logistical challenges. These include (1) low parental consent rates, (2) limited allow-
able blood volume per subject, (3) insufficient expertise in pediatric popPK/PD model-
ing, (4) difficulty in optimizing sampling times, (5) lack of adequately sensitive micro-
analytical techniques to detect drug concentration in ultra-low volume specimens, and
(6) broader ethical concerns regarding the exposure of vulnerable populations to experi-
mental pharmacological agents [49].

Strategies to Enhance Diversity in Clinical Trials

Given these limitations in participant selection criteria for clinical trials, the construc-
tion of a robust PK model can be an exhaustive task, especially one aimed at characterizing
IIV in PK parameters [57]. In such cases, adequate covariate information must be included.
This requires a study sample that is diverse concerning age, race, ethnicity, body weight
and composition, and sex. One strategy to incorporate underrepresented and vulnerable
populations into PK data collection is the use of scavenged or opportunistic sampling.
These approaches minimize the number of additional blood draws and thereby reduce
patient burden, which is especially important in pediatric and geriatric populations. In
opportunistic sparse sampling, additional blood is collected at the same time as samples
ordered for routine clinical care, eliminating the need for extra venipunctures. Scavenged
sampling relies on residual blood remaining after clinical laboratory testing. Once the
required clinical assays are completed, the research team can recover the leftover sample to
measure drug concentrations [49,58,59]. Girdwood et al. [58] provide a detailed illustration
of how scavenged samples can be used to construct a PK curve.

Opportunistic sampling offers significant advantages over intensive PK studies, which
typically require multiple blood draws over a fixed time window to adequately characterize
ADME processes. PopPK models are inherently well-suited to sparse data, meaning that
the conventional requirement of 10–15 samples per subject is no longer a limitation. The
high number of venipunctures in intensive designs can be painful, particularly if there is
no existing vascular access, and the large blood volume often required (>3 mL per sample)
can be burdensome, impractical, and even unsafe in neonates and young children. These
concerns, combined with parental reluctance, often result in low consent rates for pediatric
PK studies. By using scavenged samples, the risk of anemia is reduced, no additional blood
is drawn beyond that needed for clinical purposes, and higher rates of parental consent
can be achieved. Other benefits include the availability of multiple samples per patient and
the avoidance of rigid, time-specific sampling schedules [49,58,59].

Previous studies have successfully applied sparse sampling with a popPK framework
to characterize antimicrobial PK in children [60–62]. A notable example is a prospective
observational study in a pediatric intensive care unit in which patients receiving cefepime,
meropenem, or piperacillin/tazobactam had residual blood collected from samples ob-
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tained for routine care [63]. Over a two-week period, 138 samples from 22 pediatric patients
were collected. For all three antibiotics, the samples spanned the full dosing intervals
without clustering at specific times. This demonstrated that opportunistic sampling can
yield sufficient data to evaluate PK variability.

However, this approach also has limitations: (1) potential degradation of the drug in
whole blood or processed samples over time, (2) sampling times that may be suboptimal for
PK characterization, (3) less precise recording of collection and dosing times, and (4) small
residual volumes. Therefore, explicit protocols for clinical laboratories on the handling
and storage of residual samples are essential, as is the verification of drug and metabolite
stability in the chosen matrix over the relevant time frame [49].

Another promising strategy to address the challenges of sample collection in pediatric
patients is the use of dried blood spots (DBS). This technique involves placing a small drop
of blood onto filter paper, which is subsequently extracted for analysis. Compared with
conventional venipuncture, DBS collection markedly reduces the required blood volume
while also simplifying the logistics of sample preparation, transport, and storage. Randell
and colleagues [64] evaluated the feasibility of DBS for the external validation of a popPK
model of metronidazole in critically ill preterm infants. Their findings showed that plasma
metronidazole concentrations could be reliably estimated from DBS, enabling successful
model validation. The authors recommended collecting DBS samples in parallel with liquid
matrix samples during early, small-scale studies, performing comparability analyses, and
progressively refining the correlation between the two matrices to optimize the use of DBS
in future large-scale investigations.

While these innovative strategies mitigate the practical and ethical challenges of PK
data collection in underrepresented populations, further efforts are required to actively
increase the inclusion of vulnerable populations in clinical trials. Enhancing demographic
heterogeneity will enable the construction of PK models that more accurately capture IIV
and better identify the influence of covariates on PK parameters.

3.2. Data Quality Challenges: Incompleteness, Inaccuracy, and Inconsistency

PopPK models are generally developed using clinical data from retrospective studies.
Such studies are often not designed with the primary aim of characterizing a drug’s PK and;
therefore, the clinical data collected may be suboptimal. The limitations of retrospective
clinical datasets can be broadly categorized into (1) missing information and (2) erroneous
records [18]. Incomplete and irretrievably missing data may arise from participants’ in-
ability to provide required information, inadequate clinical assessments (e.g., insufficient
physical examinations), laboratory errors (e.g., incomplete data entry), or inadequate qual-
ity control within the electronic data management system. Erroneous data, which may go
undetected, can be even more troublesome than incomplete data. Such errors may arise
from specimen mislabeling or poorly calibrated equipment. Ideally, PK models, particu-
larly popPK analysis, should be developed from datasets in which all dosing times, drug
concentration measurements, and sampling times are accurately known. Unfortunately, it
is rare for all of this information to be available [65,66].

Data derived from retrospective studies can also be compromised by procedural errors,
such as blood being drawn from the same line used for drug infusion or insufficiently
discarded waste blood, leading to artifactual increases in measured concentrations. In many
cases, the original sampling strategy may not have collected enough samples to capture
the concentration-time profile of the drug, resulting in datasets of insufficient quality or
quantity to reliably estimate PK parameters. In contrast, prospective studies specifically
designed to characterize PK parameters employ optimized sampling strategies. In these
studies, blood samples for drug concentration analysis are collected within predefined



Future Pharmacol. 2025, 5, 74 8 of 38

time windows, in adequate volume for the analytical assay, and with a sufficient number
of samples per individual to support robust PK modeling. Typically, a power analysis is
performed to determine the number of patients, doses, and samples needed to build a
model, and an optimal sampling scheme is established over an appropriate time course
to capture the relevant PK profile [65]. The D-optimal design is the most widely applied
criterion for optimizing sampling strategies, as it identifies the timepoints that maximize
the informational content about the drug’s PK while minimizing the number of samples
required for the study [65,67,68].

Regarding dosing and sampling times, clinical data in retrospective studies may be
captured inaccurately, often because healthcare professionals are unaware of the importance
of exact timings for pharmacometric analysis, leading to biased plasma concentration-time
profiles. Indeed, clinical trial data are frequently reported as incomplete, particularly
datasets collected during large, late-phase trials or routine patient care and follow-up vis-
its [66]. The timing variable in such cases is typically subject to Berkson-type measurement
error (ME) [69], which is more common in routine clinical practice and less prevalent in
controlled clinical trials. This occurs when actual sampling times are recorded incorrectly,
and nominal protocol times are instead used in the dataset. Santalo et al. [70] reported van-
comycin trough concentrations collected earlier than the protocol-specified time, producing
trough values that did not reflect the actual clinical situation and leading to inappropriate
dosing. Incorrect recording of dosing times can distort the entire PK profile [66]. Since PK
describes the time course of drug concentrations, precise timing of blood sampling and
drug administration is a critical component of any dataset [71]. Observing unexpectedly
high concentrations in a patient compared to others at the same nominal timepoint may
stem from an inaccurate sampling time record or an erroneous concentration entry (e.g.,
0.53 µg/mL instead of 5.3 µg/mL) [66]. To address this issue, many popPK studies simply
use the nominal scheduled time as recorded, accepting that the sampling time, a predictive
variable, is measured with error from a statistical modeling perspective [72].

Although Phase I trials are the primary source of data for model development, Phase II
studies often include PK analysis as a secondary endpoint. As a result, only a few samples
are collected per patient, and sampling schedules are kept as flexible as possible [72].
Again, the lack of a study design tailored for population analysis poses a major limitation to
assembling a robust dataset for popPK modeling. Furthermore, retrospective studies may
not apply the same exclusion criteria that a prospective PK-focused trial would implement.
For instance, using data from Phase I trials in healthy volunteers may yield model estimates
that differ substantially from those relevant to the intended target population for the
popPK analysis [65].

3.3. Bridging Clinical Data and Computational Modeling

In a 2014 press release, the EMA reinforced its commitment to increasing access to
and publication of clinical trial data. In its draft guidance, the EMA proposed controlled
access to raw clinical trial data, including patient-level datasets, individual patient line
listings, individual case forms, and documentation explaining the dataset structure and
content [73]. Beyond the EMA, other transparency initiatives have emerged in recent years,
although this remains a topic requiring ongoing discussion. Notably, platforms such as
ClinicalTrials.gov register the methods and results of both current and past trials. Pharma-
ceutical companies have also implemented patient-level clinical data sharing programs,
including the GlaxoSmithKline (GSK) Transparency Initiative and Roche’s Global Policy on
Sharing of Clinical Trial Data. Access to patient-level data generally requires submission of
a research proposal describing the intended use of the dataset, which is then reviewed by
an independent review panel (IRP).
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The Clinical Study Data Request (CSDR) system is one prominent example, enabling
investigators to request access to anonymized global clinical trial data consolidated from
multiple studies and sponsors. Following IRP review, all CSDR member organizations re-
strict data access to a secure online analysis environment designed to safeguard patient con-
fidentiality while maintaining data utility for secondary analyses [74]. Kochhar et al. [75]
reported CSDR usage metrics, noting that between 2014 and the end of January 2019, a total
of 471 research proposals were submitted through the platform. The authors emphasized
CSDR’s value as a freely available resource aggregating datasets from both pharmaceu-
tical companies and academic research funders. However, they also acknowledged the
substantial financial and operational burden placed on trial sponsors to support this secure,
managed-access model, raising concerns about its long-term sustainability. For pharmaco-
metricians, such a platform represents a particularly valuable avenue for accessing datasets
suitable for PK modeling.

Beyond CSDR, other major clinical data sharing initiatives include the Biological
Specimen and Data Repository Information Coordinating Center (BioLINCC), Project
Data Sphere, Supporting Open Access to Researchers-Bristol Myers Squibb (SOAR-BMS),
Vivli, and the Yale Open Data Access (YODA) Project. An evaluation conducted by
Vasquez et al. [14] examined the characteristics, accessibility, and usage patterns of these
major repositories. Their analysis identified a total of 9091 studies available for request.
Of these, 400 were in the therapeutic areas of cardiovascular disease and diabetes, 418 in
oncology and hematology, and 996 in infectious diseases. Although only these therapeutic
categories were explicitly reported, the absence of other areas, such as respiratory diseases,
suggests they may be underrepresented, potentially limiting the breadth of patient-level
data accessible through such platforms. In addition, the authors detailed the characteristics
of data access requests. Across all platforms, 1201 requests were submitted, of which only
586 resulted in a finalized data sharing agreement. The YODA Project had the highest
approval-to-request ratio, indicating comparatively greater accessibility once a request
is submitted.

Several popPK studies have leveraged patient-level and PK data obtained through
these clinical trial data-sharing platforms. For example, Saleh et al. [76], in 2019, devel-
oped a popPK model of eltrombopag, a thrombopoietic growth factor approved for the
treatment of thrombocytopenia in chronic hepatitis C virus (HCV) patients, using data
from two phase 3 trials (ENABLE1 and ENABLE2). These datasets were made available
by GSK through the CSDR platform following proposal submission and IRP. Similarly,
Retout et al. [77] characterized the PK of emicizumab, a bispecific monoclonal antibody
for routine prophylaxis of bleeding in people with hemophilia A (PwHA), in both adult
and pediatric patients. Their model was based on data from 389 PwHA across five clinical
studies, provided by Roche via the CSDR platform. More recently, pooled phase 1 and
phase 3 data retrieved from CSDR were used to characterize the PK of a long-acting subcu-
taneous antipsychotic (LASCA) and support its clinical use [78]. In the context of oncology,
individual patient tumor data from 11 clinical trials in non-small cell lung cancer (NSCLC)
were used to develop a semi-mechanistic model of NSCLC tumor growth and response to
the therapeutic agents administered in those trials [79]. As described by the authors, data
access was obtained through the CSDR portal, where 11 studies sponsored by Roche and
Eli Lilly that met the study’s requirements were identified.

Other platforms also play an important role. For instance, James et al. [80] conducted
a popPK analysis of fepixnebart, a humanized immunoglobulin G4 monoclonal antibody
to treat broad-spectrum chronic pain, using pooled phase 2 data from three Eli Lilly studies
in osteoarthritis, diabetic peripheral neuropathic pain (DPNP), and chronic low back pain
(CLBP). The datasets were accessed via Vivli after proposal review and approval. In
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another example, a popPK model originally developed from synthetic data generated by a
PBPK model was externally validated using a GSK dataset obtained through Vivli, again
following the platform’s review process [81].

In parallel, efforts such as PK-DB, an open-access PK database developed by Grze-
gorzewski and colleagues [82] are expanding the availability of curated PK data and associ-
ated metadata (e.g., demographics, dosing regimens, PK parameters, and concentration-
time profiles) to support computational modeling. PK-DB has actually been used in several
published studies. Köller et al. [83] employed it to develop a PBPK model of indocyanine
green (ICG), a widely applied test compound that is used in clinical routine to evaluate
hepatic function, to study the effect of liver cirrhosis and liver resection on ICG PK, and to
evaluate the model-based prediction of postoperative ICG-R15 (retention ratio 15 min after
administration) as a measure for postoperative outcome. In another example, PK-DB was
used to develop a PBPK model of dextromethorphan (DXM) to investigate the influence of
CYP2D6 polymorphisms on its PK [84]. These initiatives underscore the critical role of open,
standardized, and well-curated datasets in advancing model-informed drug development.

Despite these efforts toward facilitating data access, pharmacometricians are not
always able to obtain datasets that directly address their specific research questions. For
this reason, it is also common practice to compile data from multiple sources, particularly
clinical trial reports published in the literature. In such cases, population mean values
are typically used, assigning each trial as a single individual, thereby creating a new
aggregated dataset. This strategy can increase data diversity, as each study follows a
different design and protocol. However, aggregated data from different studies may be
limited or inconsistent in terms of formatting, availability of patient-level information,
sampling times precision, or reported measurement units [57]. An example is a study
published in 2022 aimed at optimizing the dosing regimen of nebivolol in patients with
cardiovascular disease [85]. The developed popPK model was based on a PubMed search
for clinical PK data on nebivolol. Data were extracted from six published studies, five
of which were assigned to single patients using the respective population mean values.
This approach was necessary because the authors faced limitations in accessing metadata,
particularly individual concentration-time profiles for each participant.

4. Animal Models for PK Data Generation
The use of animal models in scientific research is based on the concept of comparative

medicine, owing to the anatomical, physiological, pathological, and behavioral similarities
between humans and animals, particularly mammals. These resemblances make animal
models a valuable resource for investigating a broad range of biological mechanisms and
assessing novel therapeutic approaches, offering essential insights into human disease
pathways, potential preventive and therapeutic targets, and treatment strategies. In the
context of PK, animal models serve as indispensable tools during the preclinical phase,
allowing the assessment of basic PK parameters, drug efficacy, and safety. As such, they
continue to play a crucial role in translational research [86–89].

Data derived from animal studies are routinely employed in PK modeling, particularly
in PBPK models, which often require ADME properties that are not readily available
in humans, as we demonstrated in the previous section. Animal data, especially from
rodents, are widely used to construct both compartmental and non-compartmental PK
models. In PBPK modeling, tissue distribution data, enzyme activity profiles, and plasma
protein binding estimates obtained from animals are usually integrated to predict systemic
and tissue-level drug exposure in humans [90]. For this reason, most PBPK modeling
platforms allow the incorporation of animal-derived data to enable allometric scaling.
This method is based on the principle that anatomical, physiological, and biochemical
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variables across mammals, such as tissue volumes, blood flow, and process rates, can be
scaled between species according to body weight [91]. This scaling is then applied to the
prediction of concentration-time profiles and PK parameters. Despite these advances in
the understanding of this methodology, misconceptions and pitfalls in the application of
allometric scaling during drug development continue to occur [92].

A wide range of animal models is employed in preclinical studies. In a comprehensive
survey, Gattani and coworkers [93] analyzed 841 publications indexed in PubMed between
January 2016 and January 2021, reporting that mice were the most commonly used species
(639 studies), followed by rats (186 studies). Guinea pigs and rabbits were rarely employed,
with only 1 and 15 studies, respectively. Table 1 summarizes these findings along with the
advantages and limitations of commonly used laboratory animal models.

Table 1. Commonly used laboratory animal models in preclinical studies, with their frequency of
use, advantages, and limitations. Representativeness data were retrieved from a systematic review
by Gattani et al. (2024) [93], who analyzed 841 publications published between January 2016 and
January 2021.

Species Representativeness in
Preclinical Studies (n, %) Advantages Limitations

Mouse 639 (75.98%)

Widely used due to low cost, ease of
handling, rapid breeding, and
availability of genetically
modified strains.

Smal body size may limit the volume of blood/tissue
sampling; some physiological processes may differ from

humans, requiring careful translation.

Rat 186 (22.12%)

Larger sizes enable easier surgical
manipulation and sampling;
physiologically closer to humans in
cardiovascular and
metabolic functions.

Genetic manipulation is less advanced.

Dog ND Physiology and size make them useful
translational models for PK.

High cost, ethical concerns, and lower genetic tractability
compared to rodent models.

Non-human
primates ND

High protein sequence and
physiological similarity to humans;
often best predictor of drug clearance.

Expensive, ethical and logistical challenges; limited access.

Pig ND

Useful for skin, cardiovascular, and GI
studies. Anatomic and physiological
similarities make them valuable for
translational research.

Lower availability in PK-specific applications and limited
genetic tools.

Guinea pig 1 (0.12%) Useful for specific toxicology or
immunological studies.

Limited utility in PK studies due to varying metabolism
pathways and less detailed physiological characterization.Rabbit 15 (1.78%)

Despite their widespread use and substantial contributions to modern medicine and
the approval of new molecular entities, the translational success of animal models to
humans has historically been problematic [94,95]. Robinson et al. [96] highlighted three
key concerns regarding the use of animal models: (i) study design and data analysis,
(ii) inherent heterogeneity of animals and humans, and (iii) challenges in translating pre-
clinical animal studies into human clinical trials. First, animal studies are often criticized
for inconsistent methodologies, lack of randomization and blinding, and inadequate or
absent statistical analyses. Variability in drug dosing regimens, laboratory errors that
remain unrecognized or unreported, and methodological inconsistencies can directly affect
data quality. Consequently, integration of such data into PK models may yield imprecise
predictions of concentration-time curves and PK parameters, undermining subsequent
extrapolations to humans. Although improvements in study design and internal valid-
ity have been achieved, these efforts have not translated into greater success in clinical
extrapolation, likely due to fundamental species differences.

Notably, interspecies variations in drug-metabolizing enzymes, transporter expression,
and physiological parameters can severely limit translational accuracy. Martignoni et al. [91]
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compared cytochrome P450 (CYP) isoforms across species and found that CYP2E1 ex-
hibits relatively consistent activity, supporting more reliable interspecies extrapolation for
drugs metabolized primarily by this enzyme. In contrast, CYP1A, CYP2C, CYP2D, and
CYP3A isoforms showed pronounced species-dependent differences in catalytic activity,
highlighting the need for caution when extrapolating metabolism data for such enzymes
from animals to humans. Beyond metabolic differences, anatomical, physiological, and
biochemical variability in the gastrointestinal (GI) tract also play a critical role in drug
absorption [97]. Factors such as gastric pH, bile composition, pancreatic secretions, intesti-
nal fluid volume and content, as well as mucus characteristics, can influence dissolution,
solubility, intestinal transit, and membrane transport. Moreover, microbial composition
of the GI tract may significantly impact reductive metabolism, enterohepatic circulation,
and colonic drug delivery. Variations in lipid and/or protein composition of enterocyte
membranes further alter drug binding and passive, active, and carrier-mediated transport.

Several systematic reviews and meta-analyses have covered the poor translational
value of animal studies to human clinical trials [98]. In one systematic review comparing
treatment effects in six separate animal experiments with human trials, concordance was
highly variable: while some animal results paralleled clinical outcomes, others yielded
contradictory findings [99]. This inconsistency may stem from genetic differences between
animal models and humans, as well as divergent responses to pharmacological interven-
tions. In addition, animal model selection is not always evidence-based. Instead, practical
considerations such as cost, housing, feeding, veterinary support, and laboratory expertise
often guide the choice of species; thus, the selected animal model may not be suitable to
address the clinical question under investigation.

Taken together, these limitations underscore that while animal models remain indis-
pensable tools in early PK evaluation, their predictive value for human drug disposition
is often limited. There is a growing need for alternative or complementary approaches
that provide more human-relevant data. In this context, organoids have emerged as a
promising platform for PK studies, offering the potential to capture IIV and yield more
accurate predictions of human PK.

5. Organoids as an Alternative or Complementary Data Source
The emergence of three-dimensional (3D) human cell culture systems has increasingly

captured scientific interest in recent decades. Indeed, this trend has permeated virtually
all domains of biomedical research and has inevitably become part of the evolution of
PK studies. Organoids are advanced in vitro 3D cellular models derived from stem cells
that possess self-organizing and self-renewal capabilities, and the ability to differentiate
into structures resembling the architecture and functionality of native organs. These 3D
constructs display a high degree of similarity to their parental tissues, faithfully replicating
their unique biological characteristics. In contrast, conventional two-dimensional (2D) cell
cultures fail to reproduce the in vivo morphology and intracellular interactions [100–105].
Due to their planar growth configuration, 2D cells gradually lose their structural organiza-
tion, become flattened, and may exhibit abnormal patterns of division [106]. Consequently,
this leads to impaired cell–cell and cell-extracellular matrix (ECM) interactions, ultimately
generating cellular phenotypes that do not accurately mimic the functional behavior of
in vivo tissues and organs [107].

The first breakthrough in the organoid field was reported in 2009 by Toshiro Sato
and coworkers [108], who successfully cultured intestinal organoids from adult stem cells
(ASCs), reproducing the crypt-villus architecture of the small intestine. Since then, the
repertoire of human organoid models has rapidly expanded, encompassing a wide array
of organs and demonstrating broad applicability in disease modeling, drug development,
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and regenerative medicine [109–111]. Reflecting this rapid progression, the FDA Modern-
ization Act 2.0 (2022) explicitly endorsed the use of scientifically validated alternatives,
including organoids and organ-on-chip systems, for drug safety and efficacy testing [112].
Further, on 10 April 2025, the FDA issued guidance to phase out traditional animal testing
in favor of these human-relevant systems [113]. In alignment, the 2025 establishment
of the NIH Office of Research Innovation, Validation, and Application marked a major
institutional shift toward reducing animal experimentation [114]. Similarly, the European
Union has revised its legislative framework to minimize animal testing and promote reg-
ulatory acceptance of organoid and organ-on-chip data [115]. These policies now allow
pharmaceutical companies to submit non-animal data derived from such platforms as pri-
mary evidence for regulatory applications, favoring innovation in experimental approaches.
These developments collectively signal a paradigm shift from animal-centric models toward
human-relevant platforms like organoids and microphysiological systems (MPS).

From the perspective of PK data generation for computational modeling, organoids
represent a valuable data-generation platform, especially for studies that are ethically or
practically unfeasible in human subjects. They more accurately simulate human physio-
logical responses than conventional in vitro systems or animal models. Traditional in vitro
ADME assays rely on recombinant enzymes, liver microsomes, and 2D cultures such as
primary hepatocytes and Caco-2 cells [116]. Alongside clinical and preclinical data, these
assays contribute critical inputs to PK model development, including absorption parame-
ters (e.g., bioavailability, permeability, absorption constant rate), distribution (e.g., protein
binding, transporter interactions), metabolism (clearance, Michaelis-Menten constant, max-
imum velocity), and excretion (e.g., elimination rate constant). However, these models
often lack the architectural and functional complexity of intact tissues, leading to discrep-
ancies between in vitro results and in vivo drug behavior [117]. Notably, the FDA has
acknowledged that one limitation to PBPK model acceptance is the inadequate character-
ization of drug elimination or disposition pathways of the probe substrate model [117].
Given this context, 3D cellular platforms that recapitulate the physiological environment
of their source organs offer a promising alternative for generating reliable PK-relevant
data [117–120]. Organoid-based models can bridge the translational gap by providing
predictive data for human drug disposition.

Numerous organoid protocols have been developed, with two primary stem cell
sources used for their generation: induced pluripotent stem cells (iPSCs) and ASCs
(Figure 2) [121]. iPSC-derived organoids are generated through the reprogramming of
somatic cells into pluripotent states, followed by differentiation into multiple organ-specific
cell types [122]. Conversely, ASC-derived or patient-derived organoids (PDOs) are estab-
lished directly from dissociated tissues (healthy or diseased) and cultured under organ-
specific growth factor conditions. ASC-derived organoids closely mirror the phenotypes of
their tissue of origin, making them particularly valuable for personalized medicine, as they
faithfully represent the disease state of individual patients [123].
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Figure 2. Establishment and maturation processes of organoids. iPSC-derived organoids typically
exhibit limited maturation, resembling embryonic or early fetal tissues, whereas embryonic stem
cell (ESC)-derived organoids reach a more advanced maturation stage. ASC-derived organoids
closely mimic native human tissues, and tumor-derived organoids capture the properties of adult
tumors. The generation of iPSC- and ESC-derived organoids requires the initial specification of
pluripotent cells into germ layer (endoderm, mesoderm, or ectoderm), followed by induction and
maturation through exposure to growth factors that guide the development of organ-specific cell
types. ASC- and tumor-derived organoid cultures are established by isolating tissue-specific cell
populations, which are then embedded in ECM and maintained with defined growth factor cocktails
that support their propagation and structural organization. Adapted from [105,124], Springer Nature,
2020, and Wiley, 2023. Created with Servier Medical Art (https://smart.servier.com), licensed under
CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/) (accessed on 26 November 2025).

5.1. iPSC-Derived Organoids

The principle behind the differentiation of iPSCs into ‘tissue in a dish’ is well under-
stood [125], as well as the generation and characterization of human induced pluripotent
stem cells (hiPSCs) [103]. hiPSCs exhibit similarities to human embryonic stem cells (hESCs)
in terms of their genetic and epigenetic characteristics, possessing the capacity for multilin-
eage differentiation [126]. However, hiPSC-based technologies are preferred over hESCs
primarily due to the ease of derivation from healthy or diseased donors, thereby circum-

https://smart.servier.com
https://creativecommons.org/licenses/by/4.0/
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venting the ethical concerns associated with the use of embryonic cells. The protocol for
generating iPSC-derived organoids relies on the time and dose-specific supplementation of
a range of inductive factors, namely Wnt, fibroblast growth factor (FGF), retinoic acid (RA),
and transforming growth factor β/bone morphogenetic protein (TGFβ/BMP) to promote
self-renewal potential and spontaneous differentiation into the three germ layer lineages:
ectoderm, mesoderm, or endoderm [103,125,127–130]. This is followed by embedding the
cells in an ECM to establish the 3D culture system, which recreates the endogenous microen-
vironment by providing various autocrine signals, enabling a more accurate simulation of
cellular morphology, proliferation, migration, and other developmental processes.

In general, these protocols are more complex and time-consuming than adult stem cell
(ASC)-derived organoid protocols, due to the pluripotent nature of iPSCs. Unlike ASCs,
which are already committed to a specific organ lineage, iPSCs must first be directed toward
the desired germ layer prior to terminal differentiation into the target tissue or organ [103].
Depending on the germ layer lineage, different types of ‘mini-organs’ can be generated:
endoderm-derived organoids typically include more complex systems such as the GI and
respiratory tracts, mesodermal derivatives include kidney, muscle, heart, and blood vessels,
and ectodermal derivatives encompass the brain, eyes, and ears (Figure 2) [103,130].

Several authors have discussed the limitations associated with iPSC-derived organoid
models (Table 2), and strategies to overcome these challenges have already been reported,
continuously bringing these models closer to the ideal [103,130]. It is anticipated that,
shortly, iPSC-derived organoids will become the first-line model for addressing a wide
range of scientific and biomedical questions.

Table 2. Key limitations of iPSC-derived organoids [103,130].

Limitation Description

Regulatory compliance and
ethical considerations

Development and establishment of clinical-grade
iPSCs must comply with strict ethical and legal
guidelines, limiting access and scalability.

Lack of standardized protocols
Variability in iPSC generation and differentiation
methods leads to inconsistent cell quality, affecting
reproducibility and cross-study reliability.

Limited biobank diversity
iPSC biobanks often lack sufficient representation
of diverse ethnic, genetic, and gender
backgrounds, restricting generalizability.

Resource-intensive processes
iPSC-based organoid development is
labor-intensive and costly, requiring specialized
infrastructure, equipment, and technical expertise.

Cellular immaturity

Many iPSC-derived cells display immature
phenotypes, resembling embryonic or fetal stages,
which may limit their relevance for adult disease
modeling or PK studies.

Incomplete regional identity
Organoids may not fully represent the specific
anatomical or functional region of the organ being
modeled, limiting precision in data generation.

In particular, patient-specific iPSCs represent a great model for PK research, as they
provide an in vitro system that recapitulates individual variability in drug disposition
by directly capturing the influence of genetic, epigenetic, and environmental covariates.
iPSC-derived hepatocytes, for instance, can be used to evaluate differences in CYP activity,
phase II metabolism, or transporter expression across patients, providing mechanistic
insights into how factors such as genetic polymorphisms, sex, age, comorbidities, or prior



Future Pharmacol. 2025, 5, 74 16 of 38

drug exposure impact clearance. Similarly, iPSC-derived intestinal or renal models can
shed light on variability in drug absorption and excretion pathways, allowing the charac-
terization of covariates that are otherwise difficult to study in clinical trials. By integrating
these patient-specific experimental data into popPK or PBPK models, researchers can better
predict sources of variability and refine dosing strategies for subpopulations at risk or
altered drug response.

To the best of our knowledge, the use of hiPSC-derived data as a basis for PK model
construction remains limited. Mayumi et al. developed a novel PBPK approach that
incorporated results from a permeation study using hiPSC-derived intestinal epithelial
cells (hiPSC-IECs) to predict human PK profiles following oral drug administration. In
hiPSC-IECs, the expression of CYP3A4 and P-gp was upregulated by rifampicin and
1,25-dihydroxyvitamin D3. The permeability of 24 compounds, including CYP3A4 and
P-gp substrates, showed a strong correlation with GI availability (Fa × Fg). This relationship
enabled the conversion of permeability values to an apparent absorption rate constant
(kaapp), based on correlations between Fa Fg and the in vivo ka of 27 drugs. The derived
kaapp values were subsequently integrated into the PBPK model, which also included
optimized processes for metabolism and tissue distribution. The absolute average fold
error for key PK parameters, such as maximum plasma concentration and bioavailability,
was less than two for the test drugs, indicating a high predictive accuracy. hiPSC-derived
hepatocyte-like cells (HLCs) have been reported as reliable models to reflect IIV in hepatic
drug-metabolizing capacity and drug responsiveness. In their study, Takayama et al.
demonstrated that the CYP metabolic capacity and drug responsiveness of primary human
hepatocyte-derived iPSC-HLCs (PHH-iPS-HLCs) were highly correlated with those of the
original primary human hepatocytes (PHHs). This finding indicates that PHH-iPS-HCLs
retain donor-specific CYP metabolic function and that interindividual differences in drug
metabolism, caused by polymorphisms in CYP genes, can be faithfully recapitulated in
these cells. This study supports our view that such tools are extremely valuable for PK
modeling and for accelerating drug discovery, particularly for predicting individual PK
profiles. Moreover, they enable the identification of covariates influencing drug kinetics,
which may increase or decrease efficacy and/or toxicity, thereby exerting a significant
impact on therapeutic response.

5.2. Patient-Derived Organoids (PDOs)

Although predominantly applied in oncology, PDOs, self-organizing miniature
organ-like structures derived from tissue-specific ASCs, hold significant potential for the
customization and optimization of therapeutic regimens for a wide range of compounds.
This is primarily due to their unique ability to mimic the structural and functional proper-
ties of human organs and tissues. PDOs are generated from biopsies of either healthy or
diseased tissue by embedding extracted ASCs into a 3D ECM (such as Matrigel), which
provides the necessary mechanical and biochemical support. The cells are then cultured in
tissue-specific media formulations, supplemented with growth factors tailored to simulate
the target organ environment in vitro.

Disease modeling and drug response studies have become increasingly precise within
the context of individual patients, enabling the development of patient-tailored therapeutic
strategies. The establishment of biobanks containing large collections of patient-derived
tumor organoids (PDTOs), alongside matched healthy organoids, has been reported in
multiple studies. This represents a significant advancement in cancer research, supporting
the study of cancer biology, biomarker identification, and drug screening. Beyond oncology,
PDOs have also been employed in the study of various other diseases, as highlighted in
several articles.
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Despite the numerous opportunities presented by these 3D models, PDOs, similar
to iPSC-derived organoids, exhibit certain limitations (Table 3) that currently hinder their
widespread preclinical and clinical implementation. Although numerous protocols for
organoid generation exist, the efficiency and reproducibility of these methods remain
suboptimal. In vitro cell differentiation is highly susceptible to disruption by environ-
mental factors and manual intervention, due to the low level of automation, resulting
in batch-to-batch variability and an increased risk of human error. These limitations are,
however, often overlooked due to the high costs associated with organoid production.

Table 3. Limitations of PDOs and strategies to overcome them.

Limitation Strategies to Overcome References

Low efficiency and
reproducibility of protocols

(1) Develop and adopt standardized differentiation protocols
across laboratories

[131–134]

(2) Implement automation and biomanufacturing techniques to
reduce variability

[135–139]

(3) Use defined or synthetic ECMs instead of animal-derived matrices [140–142]

(4) Establish international biobanks with controlled organoid cultures [134,143–146]

High costs associated with
organoid generation

(1) Scale-up production using bioreactors [147–149]

(2) Use of synthetic or defined ECMs instead of animal-derived matrices [140–142]

Micron scale and lack of
vascularization

(1) Co-culture with endothelial cells to promote vascularization [150–153]

(2) Microfluidic organ-on-a-chip systems [154,155]

(3) Transplantation into animal models to induce vascularization
in vivo

[156–158]

Ethical concerns

(1) Ensure robust informed consent processes -

(2) Implement clear regulatory frameworks -

(3) Develop iPSC-derived organoid as alternatives -

Furthermore, given their micron-scale size, organoids can only recapitulate a limited
set of tissue functions. A major challenge lies in the absence of vascular systems, native
tissue microenvironments, and fully functional ECMs. While more complex than traditional
2D cell cultures, organoids still fall short of replicating the complexity of human beings.
In particular, drug metabolism and responses in organoids continue to differ substantially
from those observed in vivo, due to variability in enzyme expression and activity. Vascular
networks are critical for delivering nutrients, oxygen, and growth factors to cells. However,
as organoids increase in size, central cells often become deprived of these essential elements,
and waste clearance becomes increasingly inefficient. Several reports [159–161] have noted
the formation of a necrotic core in organoids, as these structures can grow up to a few
millimeters in diameter, leading to insufficient mass transfer of oxygen and nutrients.
Consequently, the expression of genes associated with hypoxia and apoptosis increases,
along with the activation of stress-related metabolic pathways that impair the normal
development and maturation of large organoids. This phenomenon can evidently bias
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quantitative PK parameters, such as metabolic rates and transporter activities; therefore,
the integration of organoid-derived data into PK modeling must be undertaken with
caution, carefully considering all factors, including intra-organoid gradients. Currently,
two strategies are being explored to overcome this challenge: (1) in vivo vascularization
through transplantation into animal models, and (2) in vitro vascularization via co-culture
with endothelial cells and microengineering technologies. In addition, controlling organoid
size may represent a simpler and more cost-effective strategy to mitigate this limitation.

The lack of inter-organ communication makes these systems overly simplified for
the integration of organoid-derived data into full-body PBPK or popPK models. The
intestine-liver-kidney axes, representing the primary organs responsible for ADME pro-
cess, as well as enterohepatic recirculation, which plays an active role in prolonging drug
half-life and, consequently, its pharmacological effect, and endocrine feedback mecha-
nisms that maintain homeostasis, are all critical components that must be considered when
constructing a PK model. At present, organoid-based systems are not yet capable of repli-
cating these complex interactions. However, emerging models such as organoids-on-a-chip
have been proposed to simulate more physiologically relevant multi-organ microenvi-
ronments. Several authors [162,163] declare that these platforms can effectively reca-
pitulate inter-organ communication through precise control of chemical, physical, and
cellular microenvironments.

Another notable limitation is the lack of standardized culture protocols. Variability
across research institutions, stemming from differences in tissue sources and freshness,
processing techniques, media formulations, and ECM components, introduces technical
inconsistencies. Ethical concerns related to the origin of tissue samples also present barriers.
These include obtaining informed consent from patients and adhering to stringent ethical
guidelines that ensure patient rights and confidentiality. Such requirements often impede re-
search groups from adopting organoid-based models. While several companies (e.g., HUB
Organoids B.V., Merck KGaA, and ATCC®) have begun commercializing organoids, their
high cost and limited culture duration still exceed those of conventional cell lines. Unless
these obstacles are addressed, organoids will remain a promising, but largely theoretical,
alternative to existing models. From the perspective of integrating organoid-generated
data into PK modeling, these latter limitations are of particular concern, as they restrict
large-scale screening and data generation across multiple donors. PopPK models are
deigned to identify variability among individuals; therefore, organoids would need to be
developed from each donor represented in the modeled population. This raises several
critical questions: How many replicates per donor are required? What is the cost associated
with producing organoids from multiple donors? How much time would be needed to
generate organoids and produce data suitable for model integration? How many donors
are sufficient to identify covariates influencing PK parameters? At present, there are no
definitive answers.

Nonetheless, many researchers advocate for the replacement of animal models with
PDOs in preclinical studies, especially as our understanding of interspecies differences
continues to grow. It is now widely accepted that extrapolating data from animal studies to
humans often fails to predict drug behavior in the human population accurately. Although
still in its early stages, the development of organoids representing key organs involved in
ADME processes is progressing, aligning with the goal of complementing or even replacing
animal-based toxicity and efficacy studies in drug development. These include intestinal
organoids, liver organoids, and kidney organoids.
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5.2.1. Intestinal Organoids

The absorption of orally administered drugs occurs predominantly in the small in-
testine, making this organ critical for evaluating PKs and GI-related drug toxicity. Ideally,
PK assessment in the human small intestine should be based on assays performed using
primary human intestinal cells or native intestinal tissues. However, the availability of
such biological material is limited. Currently, Caco-2 cells, derived from a human colorec-
tal adenocarcinoma cell line, are widely employed for intestinal drug absorption studies.
These cells are capable of forming polarized monolayers that mimic some aspects of the
intestinal epithelial barrier, but their limited expression of drug-metabolizing enzymes and
transporters hinders the accurate evaluation of intestinal drug kinetics. Animal models
have also been used; however, interspecies differences in anatomy, physiology, and trans-
porter/enzyme expression, as previously stated, limit the translational relevance of such
models to human physiology.

Having said that, intestinal organoids have emerged as a promising alternative. In
2009, Sato et al. demonstrated for the first time that intestinal epithelial tissue organoids
could be generated from Lgr5-positive stem cells isolated from crypt regions of the small
intestine. They showed that when these crypt regions were embedded in Matrigel, they
could give rise to self-organizing 3D intestinal structures. Importantly, these organoids
could be maintained in culture for over eight months while retaining structural and func-
tional integrity. Since then, numerous protocols have been developed and optimized to
generate intestinal organoids (Table 4).

Table 4. Representative protocols for generating intestinal organoids and their key characteristics.

Study Cell Source Key Factors Main Application

Spence et al., 2011 [164] Human PSCs Activin A, FGF4, Wnt3a

Cell differentiation,
epithelial morphogenesis,
stem cell dynamics, and
enteric formation

Zhang et al., 2024 [165] Somatic cells from urine
samples

Noggin, FGF4, CHIR99021,
Sag, BMP4, FGF7, FGF10

Precision medicine, drug
metabolism studies, and
barrier function assays

Tong et al., 2023 [166] Mouse small intestine
stem cells R-spondin 1, Noggin, EGF

Evaluation of the transport
efficiency of oral drug
delivery vehicles

Takahashi et al., 2018 [167] hiPSCs Activin A, hWnt3a, hFGF2,
hFGF4, EGF

HTS of pathogenic factors
and candidate treatments
for GI diseases

Belair et al., 2020 [168] Adult human ileal small
intestinal tissue NA

Evaluation of GI toxicity
associated with small
molecule drugs

Peters et al., 2019 [169] Primary human small
intestine cells NA

Evaluation of barrier
function and prediction of
drug-induced toxicity

Takahashi et al., 2023 [170] hiPSCs
Activin A, CHIR99021, FGF4,

Y-27632, EGF, Noggin,
R-spondin 1, A83-01

Disease modeling,
drug screening,
personalized medicine
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Table 4. Cont.

Study Cell Source Key Factors Main Application

Pleguezuelos-Manzano
et al., 2020 [171] ASCs ENR, Notchi, MEKi,

BMP4, BMP2

Disease modeling,
drug screening,
personalized medicine

PSCs, pluripotent stem cells; FGF4, fibroblast growth factor 4; CHIR99021, potent inhibitor of glycogen synthase
kinase 3 (GSK3); Sag, S-antigen; BMP4, bone morphogenetic protein 4; FGF7, fibroblast growth factor 7; FGF10,
fibroblast growth factor 10; EGF, epidermal growth factor; hFGF2, human fibroblast growth factor 2; hFGF4,
human fibroblast growth factor 4; Y-27632, ROCK inhibitor Y-27632; ENR, enoyl-acyl carrier protein reductase;
MEKi, mitogen-activated protein kinase; BMP2, bone morphogenetic protein 2.

Among the various applications, pharmacokinetically functional intestinal organoids
have been reported as valuable in vitro models for studying drug absorption. To our knowl-
edge, the first study characterizing the PK properties of intestinal organoids was conducted
in 2018 by Onozato et al. [172]. Until then, only intestinal organoids derived from murine
intestinal cells had been described for evaluating efflux transport via the ATP-binding cas-
sette subfamily B member 1/multidrug resistance protein 1 (ABCB1/MDR1), also known
as glycoprotein P (P-gp) [173,174]. Onozato et al. [172] aimed to establish the differentiation
of hiPSCs into pharmacokinetically functional intestinal organoids, demonstrating CYP3A4
activity and inducibility, as well as Pgp-mediated efflux, thus culminating in a model
suitable for in vitro experiments in PK studies. hiPSC-derived organoids are capable of
expressing key drug transporters and demonstrating functional efflux activity of P-gp,
as well as expressing drug-metabolizing enzymes such as CYP3A4. In addition, these
organoids exhibit microvilli, tight junctions, and multiple intestinal cell types, including
enterocytes, goblet cells, and Paneth cells, which are key features of the GI tract [175].
Saito and colleagues [176] initially developed a protocol to generate mature enterocyte-like
cells from hiPSCs that exhibited Pgp-mediated efflux and CYP3A-mediated metabolism.
However, they recognized that the protocol was complex and time-consuming, requiring
continuous maintenance of iPSC cultures and lengthy, multi-step differentiation procedures.
The authors reported that the total time required to obtain a mature intestinal organoid
exceeded 20 days from the onset of differentiation. Due to this prolonged culture period,
quality control was a limiting factor. With the identification of key growth factors that
support long-term maintenance of ASCs—notably Wnt agonist R-spondin 1, EGF, and
Noggin [177], Sato et al. [178] established a simpler and more accessible protocol using
3D cluster culture to generate iPSC-derived intestinal organoids. These organoids can be
expanded long-term (over three months) and cryopreserved. Characterization of these 3D
culture systems demonstrated expression of markers for enterocytes, intestinal stem cells,
Paneth cells, enteroendocrine cells, and goblet cells. Moreover, the organoids exhibited
high expression levels of drug transporters (e.g., ABCG2 and ABCB1) and CYP enzymes
(e.g., CYP3A4). Therefore, these models are suitable for predicting drug bioavailability
and other PK parameters related to intestinal absorption. Incorporating such data into PK
modeling opens the door to a more streamlined and accelerated science.

As organoids in general, these 3D models face several limitations. First, the spherical
architecture of intestinal organoids limits direct access to the luminal side, complicating
the assessment of luminal-to-basal drug transport when compared to conventional 2D
monolayer cultures or Transwell systems [111]. Having said that, advanced cell culture
techniques such as microinjection of compounds directly into the lumen or the development
of organoid-derived 3D scaffolds with an exposed luminal surface are viable solutions to
overcome this structural barrier. Second, like many organoid systems, intestinal organoids
typically lack components of the vasculature, immune system, and enteric nervous system,
which restricts their ability to fully recapitulate systemic interactions or immune-related
responses. Third, while intestinal organoids have shown utility in predicting certain
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drug-induced toxicities, such as diarrhea, they remain insufficient for modeling a broader
spectrum of GI adverse effects (nausea, vomiting, constipation). These symptoms likely
require co-culture systems incorporating elements of the innate immune and nervous
systems to more accurately replicate the physiological responses of the human gut. Lastly,
most of these models are cultured under static conditions, lacking mechanical cues such as
fluid flow and peristaltic motion that are critical for mimicking the dynamic environment
of the intestine [179]. MSPs, like organ-on-a-chip platforms, have been proposed as a
promising approach to enhance the physiological relevance [180,181].

5.2.2. Liver Organoids

As previously highlighted throughout this manuscript, although animal studies com-
bined with 2D cell-based models are widely used to predict drug-induced hepatotoxicity
during drug discovery and development, nearly 50% of compounds that appear non-toxic
in these systems ultimately fail to predict toxicity in humans. This limitation arises from
interspecies differences in animal models and the oversimplified nature of 2D cell cultures.
Consequently, these models neither accurately reproduce human-specific drug metabolic
reactions nor reflect the broader physiological functions of the human liver, in addition
to being constrained by high costs and ethical concerns [182–185]. Hepatic organoids,
therefore, have the potential to predict drug-induced hepatotoxicity with greater accu-
racy. Indeed, researchers and the pharmaceutical industry are increasingly investing in
animal-free approaches to study drug PK and toxicity [186].

Several studies have described the growing number of protocols for generating hepatic
organoids with applications in PK modeling (Figure 3). For instance, Hu et al. [187] summa-
rized and compared different liver organoid culture strategies, reinforcing the controversies
surrounding medium components. Variations exist in terms of cell sources, culture medium
composition, and cultivation techniques. However, a major drawback remains the lack
of a standardized protocol for the generation of hepatic organoids. Liu et al. [188] like-
wise outlined multiple strategies for organoid generation, highlighting the concept that
organoids can be derived not only from stem cells but also from differentiated cells such
as cholangiocytes.

 

Figure 3. Schematic overview of the culture workflow for tissue-derived liver organoids. Liver or
liver tissues are enzymatically dissociated into single cells, which are subsequently embedded in
Matrigel and plated. Organoid growth is then supported by the addition of a defined culture medium
with specific growth factors. Adapted from [187], Springer Nature, 2023. Created with Servier
Medical Art (https://smart.servier.com), licensed under CC BY 4.0 (https://creativecommons.org/
licenses/by/4.0/) (accessed on 26 November 2025).
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Hepatic organoids generally recapitulate key features of liver physiology, including
albumin secretion, regenerative capacity, inflammatory responses, drug metabolism, and
detoxification [185,189]. A major milestone in the field was the market withdrawal of
trovafloxacin following the identification of hepatotoxicity risks using liver organoids,
which strengthened confidence in these models for early hepatotoxicity prediction [189].
Notwithstanding, depending on the protocol employed for organoid generation, reduced
expression of CYP enzymes is often observed. Since CYPs are the most critical enzymes
in drug metabolism, efforts have been directed toward modifying culture conditions to
promote metabolic maturation and nuclear receptor activity compared to conventional
2D cells [190].

Indeed, several studies have employed human liver organoids for compound toxicity
prediction. For example, Sgodda et al. [191] differentiated hESCs into hepatic progenitors
through modulation of the Wnt signaling pathway and subsequently transferred them
into a 3D culture system to create ESC-derived hepatic organoids. Upon acetaminophen
exposure, these organoids exhibited higher sensitivity to acetaminophen-induced toxic-
ity compared with 2D ESC-derived hepatic cells. Another study by Forsythe et al. [192]
developed human liver organoids by embedding a suspension of 80% primary human hepa-
tocytes, 10% hepatic stellate cells, and 10% Kupffer cells in Matrigel, which was seeded into
96-well plates to form spherical aggregates. Using this system, they successfully screened
four environmental heavy metals. Beyond small-scale in vitro assays for metabolism and
toxicity, hepatic organoids can also be applied to HTS. Shinozawa et al. [193] generated
hepatic organoids with human hepatocyte-like properties by embedding foregut cells
differentiated from hiPSCs into Matrigel, followed by the addition of maturation factors
and transfer into floating cultures. These organoids were replated onto 384-well plates for
HTS live imaging. Using this approach, they evaluated 238 drugs, including 32 negative
controls and 206 reported drug-induced liver injury (DILI) compounds, with bile acid trans-
port activity and cell viability as endpoints. Their results showed high predictivity, with
88.7% sensitivity and 88.9% specificity. Notably, they demonstrated that bosentan-induced
cholestasis was specific to CYP2C9*2 human liver organoids, revealing that organoids can
capture drug susceptibility differences associated with genetic polymorphisms. This partic-
ular feature of hepatic organoids is especially relevant for popPK, where the influence of
genetic variability on drug kinetics is a critical factor. Due to ethical considerations, access
to patient-specific genetic backgrounds, particularly polymorphisms in drug-metabolizing
enzymes, is limited, making the integration of such information into popPK studies im-
practical. Incorporating hepatic organoid models into popPK modeling, therefore, offers
a promising strategy to overcome this limitation and improve the predictive power of
PK simulations.

A selection of major drawbacks of liver organoid technology, together with corre-
sponding strategies developed to overcome them, is presented in the table below (Table 5).

Table 5. Summary of key limitations of liver organoids and corresponding approaches developed to
mitigate them [111,179,187].

Limitation Strategy to Overcome

(1) Immaturity of organoids: PSC-derived hepatocytes often
express immature or fetal markers and lack full
hepatocyte functionality, particularly CYP expression.

Overexpression of transcription factors or miRNAs,
as well as supplementation with growth factors or
small molecules, to promote hepatocyte
differentiation and maturation [194].
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Table 5. Cont.

Limitation Strategy to Overcome

(2) Reproduction of liver zonation is challenging: organoids
are spherical structures with less organization than the
human liver; factors such as oxygen gradients, hormone
concentrations, and Wnt signaling, contributing to
zonation, are not sufficiently supplied.

Culturing liver organoids on oxygen-permeable
plates or microwells has been shown to improve
oxygen delivery, increasing albumin secretion and
CYP-mediated metabolism [195,196].

(3) Epigenetic and genetic aberrations may occur during
PSC reprogramming and derivation of liver organoids,
including genomic instability and artificial culture
conditions that do not mimic the native environment.

Primary tissue-derived organoids are more mature
and exhibit greater genomic stability [187].

(4) High economic cost associated with derivation and
expansion of iPSC-derived liver organoids.

Primary tissue-derived organoids are most
cost-effective [187]

5.2.3. Kidney Organoids

The kidney is one of the most complex and highly organized organs in the human body,
containing approximately one million nephrons, the functional units responsible for blood
filtration [197]. From a PK perspective, the kidneys play a pivotal role in the elimination
(metabolism and excretion) of a wide range of drugs. Similarly to other organoid systems,
kidney organoids have emerged in response to the limitations of simpler models. These
have been developed to recapitulate specific functions of the nephron, including podocytes
in the glomerular capillaries, epithelial cells in the proximal tubules, loops of Henle, and
distal tubules [198–200]. Owing to the diversity of renal cell types, protocols for generating
kidney organoids differ considerably in terms of complexity and cellular composition. In
this context, Khoshdel-Rad et al. [197] have provided useful compilations of protocols for
generating both ASC- and iPSC-derived renal organoids.

Given their PK properties, particularly drug accumulation in the cytoplasm and subse-
quent clearance, nephrotoxicity remains one of the most frequently reported adverse effects
associated with pharmacotherapy. Approximately 30% of drugs fail in human clinical
trials (Figure 4), particularly in Phase III, due to nephrotoxicity, imposing a substantial eco-
nomic burden on the pharmaceutical industry [201–203]. This reflects the same recurring
limitation: conventional 2D cell culture systems and animal models often fail to predict
in vivo nephrotoxicity accurately. While kidney organoids have substantial potential to
serve as in vitro platforms for the preclinical investigation of drug effects, efficacy, and
safety, their translation into practical application remains limited. Theoretically, these
systems provide distinct advantages over traditional 2D cultures. One such benefit is their
multicellular composition, in contrast to 2D cell cultures, which are generally restricted
to one or two cell types [198]. Importantly, nephrotoxicity can manifest in various renal
cell types. Whereas 2D systems containing a single cell type may fail to capture critical
toxicological information, 3D culture systems provide a more physiologically relevant
context for drug testing. So far, current kidney organoid protocols for nephrotoxicity as-
sessment have focused on tubular injury, as is the case with gentamicin and cisplatin [204].
However, little is known about their capacity to model glomerular toxicity, which may
be induced by agents such as mitomycin C and non-steroidal anti-inflammatory drugs
(NSAIDs) [205]. Another advantage of these organoids is their ability to be maintained in
culture for extended periods while preserving cell-type-specific phenotypes, whereas 2D
cells progressively lose phenotypic traits, rendering them unsuitable for long-term in vitro
studies. Finally, kidney organoids may also serve as platforms for HTS, which is currently
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not feasible with 2D cell cultures. Evidence exists regarding organoid differentiation to be
adapted for 96- and 384-well plate formats compatible with HTS using automated liquid
handling systems [206].

Figure 4. Reported causes underlying the ~90% clinical failure rate of drug development during
Phase II and Phase III clinical trials based on data from 2010 to 2017: insufficient clinical efficacy
(45%), unmanageable toxicity (30%), suboptimal drug PK properties (15%), and limited commercial
viability or inadequate strategic planning (10%) [201–203].

Despite these features, no preclinical evidence yet supports the use of kidney organoids
as reliable predictive tools for PK or toxicity studies. Several authors argue that, although
considerable work remains, PK studies in organoids would be of great value [198]. Notably,
their potential is increasingly recognized by major regulatory agencies. hPSC-derived
kidney organoids have been shown to reproduce the toxicity of known nephrotoxic agents
such as doxorubicin, aminoglycosides, and cisplatin [207].

Several limitations still hinder the broad application of these models. First, epithelial
cells within kidney organoids typically mature only to mid-to-late fetal stages, which
compromises their physiological relevance [208,209]. Second, current models lack func-
tional glomerular filtration and the consequent urine flow. Although kidney organoids
may contain podocytes and small blood vessels, these are not yet connected to the larger
vasculature that could interface with external pumps to simulate blood circulation. Third,
the absence of a complete immune system limits the capacity of organoids to model renal
injury accurately [209]. At present, no reliable in vitro-to-in vivo extrapolation system
exists for quantitative prediction of renal clearance [198]. While transporter expression in
proximal tubular cells can be quantified using liquid chromatography-tandem mass spec-
trometry, transporter expression varies across in vitro systems depending on culture time
and conditions, and the precise subcellular localization of transporters remains difficult
to determine [198,210–213]. Moreover, the lack of quantitative data on uptake and efflux
transporter expression in vivo, as well as their relative contributions to renal drug transport,
further complicates scaling from in vitro to in vivo. Similarly, although Caco-2 and MDCK
(Madin-Darby canine kidney) cells can be used to investigate drug permeability, these
models do not fully replicate human proximal tubule permeability or microvilli architecture.
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Many 2D proximal tubule models, including primary cells, lack transporter expression and
localization altogether, rendering them unsuitable for predicting renal clearance.

In principle, kidney organoids could be used to predict drug clearance. The integration
of organoid-derived in vitro data with MPS and PBPK modeling represents a powerful
approach to predict renal clearance of drugs and metabolites, as well as DDIs involving
renal transporters. Once in vitro data are generated, PBPK modeling can further be em-
ployed to predict changes in renal clearance under different conditions, including renal
impairment, progression of chronic kidney disease (CKD), age, weight increase, and sex
differences [214]. Taken together, the combination of kidney-on-a-chip technologies with
PBPK modeling holds great promise to elevate renal clearance prediction to the same level
of accuracy currently achieved for hepatic metabolic clearance.

6. Conclusions
Organoids generate data that can be integrated into PK modeling across virtually all

stages of drug development (Figure 5). Throughout this manuscript, we have outlined the
multiple sources of data used for PK model building, namely clinical trials and animal stud-
ies. Indeed, the importance of these studies for the discovery of new therapeutic molecules
cannot and should not be overlooked. However, scientific progress is driven precisely by
identifying limitations and developing new solutions. Preclinical drug discovery involves
the optimization of efficacy and the generation of lead compounds with the most favorable
ADME/PK profile. Current models used to predict these properties, including in silico
approaches and in vitro systems, such as liver microsomes, primary cells, and tumor cell
lines, do not accurately determine the PK parameters ultimately observed in the clinic.
Consequently, only ~9% of preclinical candidates reach the market, primarily due to high
toxicity and limited efficacy, with attrition increasing as clinical trial phases progress [215].

Organoids can mimic the architecture and function of native tissues. When derived
from human organs that are central to drug ADME, namely the intestine, liver, and kidney,
they form a 3D model system highly useful for assessing drug efficacy and toxicity [103,215],
ultimately improving the translational value of laboratory findings into clinical settings.
Therefore, organoids may help to close the gap between animal data and clinical outcomes,
as discussed in earlier sections, by addressing challenges such as species differences, ethical
constraints, low-quality data, and the difficulty of studying IIV. Species differences are
a major limitation in animal models, which organoids, being derived specifically from
human cells, can overcome. Ethical concerns exist both in animal studies and in clinical
trials, particularly restricting PK profiling in vulnerable populations such as children and
the elderly. Patient-specific hiPSCs and PDOs represent an optimistic solution to this
challenge: with only a small blood sample or biopsy, it is possible to grow organoids that
retain the donor’s original phenotype. Moreover, issues related to low-quality clinical PK
data (e.g., sparse or suboptimal sampling timepoints) may also be addressed, as these 3D
cellular systems allow for continuous in vitro monitoring in which researchers can collect
all necessary data for PK modeling. When data generated from patient-specific hiPSCs are
incorporated into PK models, particularly popPK models, it becomes feasible to study IIV
in subpopulations typically excluded from clinical trials. This enables the construction of
a comprehensive PK profile of a drug within a given population and the optimization of
therapeutic regimens based on patient-specific characteristics, like age, weight, sex, and
genotype. Such an approach represents a major step toward personalized medicine.
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Figure 5. Limitations of PK data generation across drug development phases (Preclinical to Phase
IV) and potential solutions provided by organoid technology. Created with Servier Medical Art
(https://smart.servier.com), licensed under CC BY 4.0 (https://creativecommons.org/licenses/by/4.
0/) (accessed on 26 November 2025).

Although the use of organoid-derived data for PK modeling is still in its embryonic
phase, its potential is evident, and more studies are needed to further address this topic. Sev-
eral reports have already demonstrated the value of intestinal, hepatic, and renal organoids
for predicting drug uptake, metabolism, and excretion. A multi-organ or even whole-body
in vitro reflection of PK may seem futuristic at present. However, multi-organ-on-a-chip
systems for this purpose are already being reported [163]. The complete establishment and
validation of these models for application in drug development and clinical practice is still
pending but will undoubtedly benefit from ongoing progress in bioprinting, microfluidics,
and organoid research.
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