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The deployment of nanoparticles (NPs) for targeted drug delivery in vivo holds immense potential for
enhancing therapeutic efficacy while minimizing systemic side effects. However, the complexity of
biological environments, including the biological barriers that need to be crossed for effective systemic
delivery, presents significant challenges in optimizing NP delivery. This study demonstrates how a simple
compartmental model facilitates the simulation and analysis of NP-mediated drug delivery, supporting
targeted delivery optimization. The model involves reversible transport between five compartments
related to drug delivery (administration site, off-target sites, target cell vicinity, target cell interior and
excreta) that determine NP dynamics, including biodistribution, degradation, and excretion processes.
This approach enables the estimation of delivery efficiency and the identification of critical factors
affecting NP delivery through sensitivity analysis. A case study involving PEG-coated gold NPs delivered
intravenously to the lungs demonstrates the model's capacity to describe observed biodistribution
patterns and highlights key parameters influencing delivery outcomes. The model is exposed as a web
application that provides a user-friendly graphical interface, enabling researchers to conduct in silico
experiments with the goal of optimizing delivery strategies, thereby accelerating the development of
precision nanomedicine. The model is made available both as a web application, via the Enalos Cloud
Platform, and as a RESTful aaplication programming interface (API), providing a user-friendly graphical
interface and programmatic access, respectively, enabling researchers to integrate the model into their
own computational workflows. This study illustrates how simple compartmental modelling can be
employed to guide the development of targeted drug delivery systems, contributing to more effective
and personalized healthcare interventions.

This work advances sustainability by introducing a computational tool that optimizes nanoparticle-mediated drug delivery, reducing reliance on extensive in
vivo experimentation and thereby minimizing resource consumption and ethical concerns associated with animal testing. By enhancing the efficiency of tar-
geted drug delivery, it contributes to UN Sustainable Development Goal (SDG) 3: good health and well-being, promoting more effective and personalized medical
treatments. The model's potential extension to precision agriculture aligns with SDG 2: zero hunger, by improving nutrient and agrichemical delivery to crops,

enhancing yields while reducing environmental impact. Additionally, the web application's democratization of advanced modeling tools fosters innovation
(SDG 9: industry, innovation, and infrastructure) and supports responsible consumption and production (SDG 12) through efficient resource use in nano-

medicine development.
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1. Introduction

The field of nanoparticle (NP) based drug delivery has witnessed
rapid advances, offering promising solutions for targeted and
efficient therapeutic and theranostic interventions." Targeted
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drug delivery represents a transformative approach in modern
medicine, aiming to direct therapeutic agents precisely to the
diseased site while minimizing systemic exposure and side
effects resulting from accumulation of the therapeutic agent
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away from the site of action, or off-site. Targeting strategies are
thus designed to enhance treatment efficacy and reduce adverse
effects, particularly in oncology, where precision is
paramount.”™ The field of NP-mediated delivery has emerged as
a promising avenue for achieving targeted drug delivery,
leveraging the unique properties of NPs to navigate the complex
biological environment and deliver drugs efficiently to specific
cellular targets.” NP delivery, however, presents a complex
interplay of physiological, pharmacological, and biophysical
factors that challenge the accurate prediction and optimization
of drug delivery outcomes, and hinders transfer of nano-based
medicines from lab to clinical practice.®

NP-mediated drug delivery offers several distinct advantages
over conventional drug delivery systems. Engineered NPs
(ENPs) can significantly enhance drug solubility, stability, and
bioavailability, leading to improved pharmacokinetic profiles
and therapeutic outcomes.”® The nanoscale dimensions,
surface properties, and functionalization potential of NPs allow
for the attachment of specific targeting ligands, which facilitate
precise binding to pathological cells.? This targeted delivery
minimizes off-target effects and elevates the therapeutic index
of the drugs administered, which is the ratio between the dose
required to produce an adverse effect (e.g., LDsq, TD5, etc.) and
the dose necessary to achieve therapeutic effects. However, the
application of NP-mediated delivery involves several complex-
ities. The heterogeneous and dynamic nature of in vivo envi-
ronments necessitates that NPs navigate and surmount a series
of biological barriers, which depend on the administration
route and target site. These barriers can include the air-lung
barrier, the blood-brain barrier as well as cellular
membranes. To reach specific tissues, NPs must also avoid
clearance by the reticuloendothelial system (RES), ensure
immune system evasion, and access efficient cellular
internalization.®** Moreover, the potential cytotoxicity and the
long-term biodistribution and biocompatibility of NPs are crit-
ical factors that require comprehensive investigation and
continuous monitoring.">**

NP delivery in vivo involves a complex interplay of physio-
logical, pharmacological, and biophysical parameters; opti-
mizing NP-mediated drug delivery necessitates
a comprehensive understanding of these factors and their
influence on NP biodistribution and therapeutic efficacy.
Traditional biokinetics modeling methodologies to explain the
biodistribution of medicines, such as physiologically-based
kinetic (PBK) models, offer detailed insights into the rates of
uptake and clearance of therapeutic agents but require exten-
sive input data and computational resources.®'* Alternatively,
compartmental models provide a simplified framework, typi-
cally consisting of a few abstract compartments, such as central
and peripheral compartments, with rate constants describing
the translocation of substances between them." Parameters in
these models are estimated using a top-down approach, fitting
the model directly to available in vivo data. This streamlined
structure makes compartmental models easier to parameterize
and suitable for cases where detailed physiological data are not
available. The lack of mechanistic detail and direct physiolog-
ical relevance of compartments limits the applicability of
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compartmental models, particularly in their ability to extrapo-
late across different systems, such as different doses, species,
life stages, administration routes, or disease states. This limi-
tation reduces their utility for predicting NP behavior in vivo
under untested conditions. Nevertheless, these models can
provide valuable insights into how biological barriers influence
NP delivery and help identify kinetic bottlenecks. Sensitivity
analysis, in particular, can highlight key biological processes —
implicitly represented in the translocation rates - that signifi-
cantly impact delivery efficiency. These insights can inform
strategies to optimize NP delivery to target cells through
a functional-by-design approach, analogous to the well-
established safe-by-design strategy.

Here we present the implementation of a compartmental
model as a tool to guide the design process for optimizing NP
drug delivery efficacy. The mathematical framework for the
quantitative description of in vivo NP delivery processes is pre-
sented via a user-friendly graphical web application enabling its
widespread utilization. The core idea of the model is that tar-
geted delivery efficiency can be analyzed in silico by considering
just a few relevant sites (compartments) that reflect the core
locations involved in the delivery process including the
administration site, off-target sites, target cell vicinity and target
cell interior.’* The delivery efficiency can be dynamically
expressed through the model as the ratio of the quantity of NPs
reaching the target cell interior relative to the total adminis-
tered dose.

2. Methodology

2.1. Compartmental modelling for NP delivery optimization

In a recent publication,'® a simple compartmental model was
proposed, which includes just a few critical compartments,
namely the administration site, off-target sites, target cell
vicinity and the target cell interior. The administration site
represents the entry port to the body and, naturally, varies
depending on the administration route, with the most common
sites being the blood, gut and lungs, following intravenous
injection, oral administration and inhalation, respectively.
Once in the body, NPs can move from the administration site to
the vicinity of the target cell, via translocation across different
cell layers and tissue stroma. The target cell vicinity can be
viewed as the interstitial space that is in direct contact with the
target cells. Alternatively, NPs can be translocated from the
administration site to off-target sites, i.e., different cell types or
tissues other than the target. In addition, NPs can move from
the target cell vicinity to off-target sites through various clear-
ance mechanisms, e.g., through lymphatic drainage or phago-
cytosis. Finally, after reaching the target cell's vicinity, NPs can
be taken up (internalized) by the target cells through endocy-
tosis.’ The reader is referred to ref. 16 for a comprehensive
review of the different biological processes that affect the pre-
sented translocation rates between each of these
compartments.

In this study performed as part of the CompSafeNano project
to develop in silico tools for NPs safety and efficacy assessment,
the model of ref. 16 was extended to facilitate in silico
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simulation of the biodistribution patterns of NPs. In particular,
each transport process presented in the original model was
considered to be irreversible. However, most biological trans-
port phenomena are reversible. As a result, all transport rates
are regarded as reversible in this study. The inclusion of an
additional translocation from the vicinity of the target cell back
to the administration site is particularly warranted, especially
when the administration route involves intravenous injection
and thus systemic circulation. This rationale stems from the
perfusion of all tissues by arterial blood, which subsequently
converges into the venous blood pool. Venous blood then
passes through the lungs, where it is enriched with oxygen, and
reaches all tissues again as arterial blood. In addition to the
blood loop, many chemicals are removed from a tissue via
lymph drainage. Chemicals that are removed through this
pathway can re-enter blood from the right lymphatic duct and
thoracic duct, where lymph rejoins the bloodstream. Thus, this
complex loop can effectively act as a chemical or NP recycling
process. Therefore, this translocation pathway is significant in
the context of optimizing delivery outcomes. The same
reasoning can be applied for justifying a translocation rate from
off-target sites back to the administration site. The movement
of NPs from the target cell interior to the target cell vicinity is
described by the process of exocytosis.”” Likewise, the rate at
which substances translocate from off-target sites back to the
vicinity of the target cell encompasses various processes,
including exocytosis originating from neighboring cells within
the target cell vicinity area, but of a different cellular phenotype.

In pursuit of comprehensive refinement of the earlier model,
apart from rendering all processes reversible, additional
compartments and flows were integrated into the original
compartmental model. Specifically, a compartment was
included in order to describe the amount of NPs excreted from
the body. NPs from both the administration site and the off-
target tissues can end up in the excreta compartment. If the
administration site is blood, then this flow of NPs can represent
renal excretion, i.e., renal filtration of arterial blood, while the
translocation rate from off-target sites to excreta represents
hepatobiliary elimination. If the target cell is hepatocytes, then
an extra translocation rate from the cell interior to the off-target
cells is considered, representing bile excretion from hepatocytes
to the small intestine. The translocation of NPs to excreta is an
irreversible process, in contrast to the rest of the translocation
rates. Finally, each compartment supports a compartment-
specific NP degradation rate, thus enabling simulation of
biodegradable NPs. The extended model is schematically illus-
trated in Fig. 1.

The governing equations of the extended compartmental
model are provided below, with the description of each of the
variables provided in Table 1 below. Specifically, eqn (1) repre-
sents the rate of change of NP mass at the administration site
due to transport to and from this location. Eqn (2)-(5) describe
the respective rates of NP mass change in the cell vicinity, cell
interior, off-target sites, and excreta. The total NP mass in the
system is given by eqn (6), while eqn (7) is used to calculate
delivery efficiency.
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dz‘AS = —(kasicv + kasior + kasiex 4 Kaegas) X NPas + kcvias
X NPcy + korias X NPor
(1)
dNP
dtcv = _(kCVtAs + kevier + kevior + kdeg.CV) X NPcy + kasicv
x NPas + kciev X NPep + koriev X NPor
(2)
dNP
dr < = —(kcuev + keror + kaegcr) X NPcr + kevier x NPey
(3)
dNP
dtOT = —(korias + koricv + kotiex + kaegor) X NPor + kasior
x NPas + kcvior X NPev + kcror X NPy
(4)
dNP
thX = kasiex X NPas + korex x NPor (5)

NPTOT = NPAS + NPCV + NPOT + NPCI + NPEX (6)

NP¢;
7
NPror @

Delivery efficiency =

The biological processes that distribute NPs between these
compartments are expressed via the rate constants of the ordi-
nary differential equation (ODE) system. Note that the overall
delivery efficiency is expressed as a ratio of two time-varying
components, namely the NP mass in the cell interior relative
to the total administered NP mass. Therefore, through eqn (7),
the NP delivery efficiency can be analyzed in a time-resolved
manner. A brief description of each parameter and state vari-
able included in the extended compartmental model is
provided in Table 1.

2.2. Demonstration case: targeted delivery of gold NPs to the
lungs

The proposed generic ODE system aims to accelerate the opti-
mization of NP delivery by identifying critical kinetic bottle-
necks of the delivery process. To achieve this, the model should
be parameterized for each case study consisting of a specific NP
and target tissue cell combination, utilizing available biokinetic
data. As a demonstration, we develop a model to analyze the
delivery efficiency of gold NPs (Au NPs) with polyethylene glycol
(PEG) coatings to the lungs via intravenous (IV) injection.
Rather than employing a traditional top-down parameter esti-
mation approach, we adopt a middle-out strategy, exploiting
both in vivo and in vitro data for model parameterization.
Specifically, in vivo data are utilized to estimate parameters
describing the translocation of NPs in compartments other than
the target cell, while in vitro data serve as the best-available
proxies for estimating endocytosis and exocytosis rates of the
target cell. The specific NP was selected for the demonstration

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig.1 Schematic representation of the proposed model for NP-mediated drug delivery. The model comprises an extension of the conceptual
model proposed by Wu et al.,*® with new translocation rates indicated by light orange. The dashed arrow from the target cell interior to off-target

sites is relevant only when the target cells are hepatocytes, indicating

bile flow. The rest of the dashed arrows signify NP degradation, which is

applicable only to biodegradable NPs. For an explanation of the translocation rates, the reader is referred to Table 1.

because both in vitro and in vivo data related to PEG-Au NPs
with the same physicochemical characteristics were available
from the same research group, ensuring data consistency. To
parameterize the model, we utilized the biodistribution data
outlined in ref. 19, which provided comprehensive biokinetic
details regarding the distribution of PEG-Au NPs following IV
administration in rats. The PEG-Au NPs used in the study had
a core size of 10.5 nm and a corresponding hydrodynamic size
around 13 nm. The NPs were administered intravenously to

Table 1 Description of model parameters and state variables used in

male Wistar rats of initial weight around 220 g at a dose of
0.7 mg kg™, and tissue samples were collected at 1 h, 4 h, 24 h,
7 d and 28 d post injection. The authors focused on the primary
physiological compartments that serve as reservoirs for NPs,
and thus, the analysis included the kidneys, liver, spleen, lungs
and blood.

The mass-time profiles for each organ reported in ref. 19
were transformed in order to facilitate parameter calibration of
the compartmental model. Specifically, the data needed to be

the extended compartmental model of Fig. 1

Parameter Description

kastcy Translocation rate from administration site to target cell vicinity
kastor Translocation rate from administration site to off-target sites
kastex Translocation rate from administration site to excreta

kcvias Translocation rate from target cell vicinity to administration site
kcvicr Translocation rate from target cell vicinity to cell interior

kcveor Translocation rate from target cell vicinity to off-target sites
kcrev Translocation rate from target cell interior to target cell vicinity
kcicor Translocation rate from target cell interior to off-target sites
koreas Translocation rate from off-target sites to administration site
kortcv Translocation rate from off-target sites to target cell vicinity
korex Translocation rate from off-target sites to excreta

kdeg,i NP degradation rate at compartment i

NPag NP mass in administration site

NPcy NP mass in target cell vicinity

NP¢; NP mass in target cell interior

NPor NP mass in off-target sites

NPgx NP mass in excreta

NPror Total NP mass

© 2025 The Author(s). Published by the Royal Society of Chemistry
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mapped to the corresponding compartments of the model. The
first step of the process involved identification of the target
compartment. In this scenario, the lungs were selected as the
target tissue for NP delivery, so the sum of NPs in the cell
vicinity and cell interior was set equal to the NP mass in the
lungs compartment during the parameter calibration process.
The blood served as the site of administration since NPs were
delivered to the target tissue via IV injection into the tail vein.
Consequently, the rest of the organs, namely the liver, kidneys
and spleen, were combined into the off-target sites compart-
ment. The difference between the administered dose and the
sum of dose per time point, as reported in ref. 19, was assigned
to the excreta compartment, by assuming that tissues that were
not included in the study accumulate a negligible amount of
NPs. This assumption is supported by literature evidence, based
on which, PEG-Au NPs are primarily translocated into the liver
and spleen.* In addition to the biodistribution data that were
utilized for parameter calibration, in vitro data were also
incorporated into the model. Specifically,” exposed different
cell lines to the same PEG-Au NPs used in ref. 19 and the
internalized amounts allowed estimation of the NP cellular
internalization and excretion rates. From the available human
cell lines, the lung epithelial carcinoma (A549) was selected for
its relevance to lung tissue. The cellular uptake (endocytosis)
and excretion (exocytosis) rates from ref. 21 were directly used
in our study to represent the translocation rates from the target
cell vicinity to the target cell interior and vice versa.

The remaining parameters were estimated by fitting the model
on the available biodistribution data. The Simulation-
Observations Discrepancy Index (SODI) introduced in ref. 22 was
employed as a goodness-of-fit metric for quantitatively comparing
the experimental data with the curves produced by the ODE
system. The methodology that facilitated the optimization process
was the Subplex algorithm.* The optimization workflow was coded
in the R programming language version 4.0.4. The system of ODEs
was solved by employing the Isodes algorithm of the deSolve
package.” Additionally, the Subplex method was integrated into
the code through the nloptr package.”

3. Results

3.1. Parameter estimation and goodness-of-fit

The results of the parameter estimation and goodness-of-fit
analysis are presented below. These findings provide a quanti-
tative assessment of the model's ability to accurately describe
the observed data and highlight the adequacy of the linear ODE
system to accurately capture the NP dynamics as portrayed by
the underlying biodistribution data. The best solution yielded
a SODI metric equal to 0.88, which is equivalent to an absolute
average fold error (AAFE) of 1.78. The parameter estimates of
the model are presented in Table 2. Notably, the translocation
rates from off-target sites to excreta and from off-target sites to
the administration site were set to zero by the optimization
algorithm. This implies that most NPs are excreted through
renal clearance via glomerular filtration, ie., directly from
arterial blood, which in this case is represented by the admin-
istration site, and not through hepatobiliary clearance, which in
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Table 2 Parameter values and units of the PEG—-Au NPs case study
after calibration of the extended compartmental model

Parameter Value Units Source

kastcv 0.0178 h? Calibrated using data from ref. 19

kastor 0.0159 h™* Calibrated using data from ref. 19

kastex 0.0758 h? Calibrated using data from ref. 19

kcvias 0.5688 h™ Calibrated using data from ref. 19

keveer 0.4000 h! Based on ref. 21

kcvior 1.5325 h™ Calibrated using data from ref. 19

kerey 0.0598 h! Based on ref. 21

kcror 0.0000 h™ Not included in the model as this
translocation rate specifically
applies to hepatocytes, particularly
the transport from hepatocytes to
the small intestine via bile acids

kortas 0.0000 h™? Calibrated using data from ref. 19

korecy 0.0087 h™ Calibrated using data from ref. 19

kortex 0.0000 h! Calibrated using data from ref. 19

this model is represented through the translocation rate from
off-target sites to excreta. The PEG-Au NPs used in this study
have a core size of around 10 nm and a hydrodynamic size equal
to 13 nm, which is close to the renal clearance filtration
threshold that was found to be close to 10 nm in a previous
study exploring renal clearance of quantum dots in mice,*® and
that is generally accepted.”

The generated goodness-of-fit of the model on the experi-
mental data is illustrated in Fig. 2. The extended compart-
mental model exhibited a satisfactory goodness-of-fit on the
administration site, excreta, and cell vicinity & cell interior
compartments. The latter compartment is the most crucial in
terms of goodness-of-fit, as it directly defines and characterizes
the target site and NP delivery efficiency, and any model devi-
ations from the experimental data will also affect the down-
stream delivery efficiency in silico analysis. The model's
predictive ability was somewhat less accurate for the off-target
sites compartment, which nonetheless has little effect on the
overall model assessment. The deviation of predictions from
observations for the off-target sites compartment can be
attributed to the simple, linear kinetics assumed by the model,
in combination with the fact that the NP mass of the off-target
sites compartment is an estimate derived through the
summation of the measured tissues reported in ref. 19.

3.2. Sensitivity analysis

An important aspect of estimating NP delivery efficiency
through compartmental modeling is the ability to perform
dynamic sensitivity analysis. In particular, the amount of NPs
entering and exiting the target site is not constant but is
substantially influenced by the progress of other biodistribution
processes, such as systemic clearance. Therefore, different
kinetic profiles could result in different dynamic patterns in
relation to the delivery efficiency, e.g., a different maximum,
a different time to reach maximum etc. Fig. 3 highlights the
importance of conducting sensitivity analysis for evaluating the
efficacy of NP delivery and further elucidating critical factors

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Goodness-of-fit plots of the extended compartmental model for NP targeted delivery on the PEG-coated AuNPs (10 nm core size)

experimental data of Kozics et al.*®

influencing the delivery process. As observed in Fig. 3, the
impact of reducing certain parameters is more profound in
changing the resulting delivery efficiency profile compared to
the impact of increasing others. Specifically, the model predicts
that the highest increase in the area under the curve (AUC) of
delivery efficiency can be achieved by reducing the rate of
translocation from the administration site to excreta. One
potential strategy to achieve this could involve increasing the
particle size, thereby preventing NPs from passing through the
glomerular filtration barrier due to their larger size. Another
option for increasing delivery efficiency is reducing the rate of
translocation from the target cell vicinity to off-target sites.
However, this approach would not yield a long-lasting effect,
but a rather temporary one. Therefore, simple compartmental
modelling can reveal the most influential translocation
parameters and indicate the direction of change — whether an
increase or decrease - that is necessary to achieve optimal
delivery efficiency. However, translating these findings into
a design problem, specifically determining which physico-
chemical properties should be modified and how, remains
a challenging task due to the complex interplay between NP
physicochemical properties and their impact on the various
translocation rates. For example, an increase in the NP's
hydrodynamic size would reduce the excretion rate, but it would
also inevitably influence all other translocation rates in complex
ways that cannot be easily predicted or accounted for.

© 2025 The Author(s). Published by the Royal Society of Chemistry

The R code used to acquire predictions from the extended
compartmental model as well as the code for running sensitivity
analysis on the model can be found at the following link:
https://github.com/ntua-unit-of-control-and-informatics/NP-
delivery-modelling.

3.3. NP delivery web application

In the context of the CompSafeNano Cloud platform, we
developed a web application that leverages the extended
compartmental model for describing the dynamics of NP
delivery to the target cell interior. The web application inte-
grates the presented equations into a user-friendly interface,
enabling researchers and practitioners to simulate and analyze
diverse scenarios related to NP-mediated in vivo drug delivery.
By providing a comprehensive mathematical description of in
vivo NP delivery, this web application software aims to accel-
erate the development of next-generation therapeutic strategies,
ultimately contributing to the advancement of precision medi-
cine and improved patient outcomes. The application is freely
accessible through the following link:
https://www.enaloscloud.novamechanics.com/

compsafenano/ivpd/

The web application allows users to test various ‘what-if’
scenarios by adjusting kinetic parameter values. By exploring
these scenarios, users can observe how changes in translocation
rates affect the resulting biodistribution, as reflected in the

RSC Sustainability, 2025, 3, 1494-1506 | 1499
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Fig. 3 Delivery efficiency for different perturbation levels in the translocation rates of the compartmental model.

generated mass-time profiles. The graphical user interface
(GUI) is divided into two main sections. The first section allows
users to input specific values for the model parameters. The
parameters are categorized into four groups: five initial values
for the state variables of the ODE system, twelve translocation
rates among compartments, four degradation rates, and two
simulation parameters (the integration time step and the
duration of the simulation). After entering the parameter
values, users can click the “Calculate Drug Delivery” button to
initiate the analysis. This action generates two detailed plots.
The first plot displays the evolution of the state variables of the
ODE system over time. This includes tracking the total NP mass,
as well as the NP mass distributed across the five compart-
ments: the administration site, the vicinity of cells, the cell
interior, off-target sites, and excreta. The second plot illustrates
the temporal evolution of delivery efficiency, providing insights
into how effectively the NPs are delivered to the target site over
time. These visualizations help users understand the dynamic
behavior of the NP distribution and efficiency of delivery based
on the input parameters. An overview of the NP delivery web
application is presented in Fig. 4.

Upon launching the web application, the GUI loads a preset
parameterization that replicates the PEG-Au NP delivery to the
lungs scenario from the demonstration case (Table 2), providing
guidance for users (Fig. 4). In the demonstration case, sensitivity
analysis revealed that the NP delivery efficiency to the lung tissue
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can only be increased by decreasing two parameters: the trans-
location rate from the administration site to excreta, and the
translocation rate from the cell vicinity to off-target sites. Fig. 5 and
6 illustrate the impact of reducing the translocation rate from the
administration site to excreta by a factor of ten, and the trans-
location rate from the cell vicinity to off-target sites by a similar
factor, respectively. The simulations demonstrate a significant
increase in NP delivery efficiency. Specifically, reducing the trans-
location rate from the cell vicinity to off-target sites appears to be
more effective. However, the efficiency reaches a peak not observed
when reducing the administration site to excreta translocation
rate. Additionally, Fig. 7 shows the effect of introducing a biodeg-
radation rate of 0.2 h™" in all biological compartments except
excreta. Here, the total NP mass decreases exponentially, resulting
in a bell-shaped delivery efficiency profile characterised by an early
maximum followed by a sharp decline. Note that this scenario
serves only demonstration purposes, since AuNPs are not generally
known to be biodegradable, although more recently a potential
cellular biotransformation pathway has been elucidated.”®

To obtain parameter estimates for various scenarios, including
different NPs, end-users can utilize the code available at https://
github.com/ntua-unit-of-control-and-informatics/NP-delivery-
modelling. By following the instructions outlined in the
README.md file, users can easily run the R scripts with
minimal effort. The only required input is an appropriately
formatted Excel file containing the necessary data. The code

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 Overview of the NP delivery web application, showing the input parameters on the left-hand side and the two plots generated based on
solving the differential equations to show the evolution of the state variables of the ODE system over time (top right) and the temporal evolution

of delivery efficiency (bottom right).

automatically fits the model to the provided data, generates
parameter estimates, and produces plots for local sensitivity
analysis.

The NP delivery web application is integrated into the Enalos
Cloud Platform, a comprehensive suite of predictive models
provided as web services (Fig. 8). This integration enhances the
utility of the NP delivery model. The Enalos Cloud Platform is
a freely accessible online resource in cheminformatics and
nanoinformatics, offering user-friendly GUIs for a suite of
nanoinformatics modeling tools. This integration lowers the
barriers for conducting complex scientific computations by
eliminating the need for programming skills. It supports
advanced data analysis and modeling across various scientific
fields, including Safe and Sustainable by Design (SSbD), making
it accessible to a broader audience.
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Time
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To further enhance the accessibility and integration of the NP-
mediated drug delivery application, we have developed a repre-
sentational state transfer (REST) application programming inter-
face (API), accessible at https://enaloscloud.novamechanics.com/
compsafenano/swagger-ui/index.html (Fig. 9). The
implementation of the REST API is a significant contribution to
this work, as it enables integration of the computational
workflow into various systems and platforms. Researchers and
developers can now interact with the model programmatically,
without requiring direct access to the original computational
environment or graphical user interface.

3.4. Data management

The complete biodistribution dataset involved in the demon-
stration case was cleaned, structured and uploaded into the

% NP delivery estimation

Time

Fig. 5 Evaluation of the effect of reducing the translocation rate of the PEG-coated AuNPs from the administration site to excreta ten-fold on

the resulting biodistribution and NP delivery efficiency.
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Fig. 6 Evaluation of the effect of reducing the translocation rate of the PEG-coated AuNPs from the cell vicinity to off-target sites ten-fold on

the resulting biodistribution and NP delivery efficiency.

NanoPharos database (https://db.nanopharos.eu/), which was
developed within the Horizon 2020 (H2020) projects
NanoCommons (https://www.nanocommons.eu/) and
NanoSolveIT.*” The NanoPharos platform follows the FAIR
(Findable, Accessible, Interoperable, Reusable) data principles
to provide wusers with high-quality, publicly accessible
datasets, ready for modeling applications. It can be accessed
through a REST API and is designed to readily interact with
external databases. The dataset used for the parameterization
of the model was thoroughly reviewed, organized, and
formatted. The data have been uploaded on the NanoPharos
database under the ID np28.

4. Discussion

The use of compartmental modeling constitutes a strategy for
analyzing available experimental data and enables estimation
of the NP delivery efficiency profile at the target site. In this
work, we utilized the conceptual model proposed by ref. 18 and,
for the first time, applied it to real-world data, demonstrating its
practical applicability and validating its utility in a practical
context. Initially, we attempted to apply the original conceptual
model, which assumed irreversible NP translocation between
compartments, to the demonstration case data. However, the
model produced poor fits based on the generated goodness-of-
fit metrics. To address this, the model was extended to include
reversible kinetics, enhancing its flexibility and accuracy. As
part of this extension, an additional compartment termed
“excreta”, was introduced. This compartment reflects the
unidirectional nature of NP elimination from the body, where
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Fig. 7
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NPs exiting cannot re-enter. Consequently, only irreversible
translocation to the excreta compartment was considered.
Furthermore, NP biodegradation was incorporated into the
model's general structural framework, acknowledging its
potential as a  critical process influencing NP
biodistribution.?***

The extended compartmental model represents a valuable
tool for optimizing NP properties to enhance targeting and
delivery. As a simple mathematical framework, it serves as an
effective screening tool for comparing NPs with different char-
acteristics via model fitting and parameter estimation, illus-
trating how variations in physicochemical properties influence
NP biodistribution. Through local sensitivity analysis, we
demonstrated how modeling can identify critical translocation
parameters, supporting and guiding subsequent iterations in
the functional-by-design framework. However, translating these
in silico findings into tangible outcomes through NP modifica-
tions is far from straightforward. Numerous studies have
explored how specific physicochemical properties of NPs
influence cellular uptake and clearance mechanisms.**** Yet,
altering a single NP property does not solely impact a single
model parameter; instead, it affects multiple parameters in
interconnected and often unpredictable ways. This complex
parameter interplay poses a significant challenge to the design
process, complicating efforts to achieve desired outcomes.

Processing biokinetic data through simple ODE systems is
concise, computationally straightforward, and cost-effective for
gaining insights into delivery effectiveness. However, the
model's simplicity inherently simplifies complex transport
phenomena. The proposed ODE system is linear, which may
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Evaluation of the effect of NP biodegradation on the resulting biodistribution and NP delivery efficiency.
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particle delivery general model and UANanoDock for nanoinformatics and cheminformatics modelling, enhancing accessibility to predictive
tools for researchers in various scientific fields (accessed on 21 October 2024).

limit its ability to describe non-linear kinetics, such as multi-
phasic elimination, potentially resulting in reduced goodness-
of-fit when calibrating the model against experimental data.
An alternative to the proposed strategy is mechanistic
modeling, with PBK models being a prime example. These
models aim to capture the complexities of physiology by intro-
ducing multiple interconnected compartments. However, this

detailed structure requires the estimation of significantly more
parameters. Specifically, a common approach for developing
PBK models for humans involves first constructing a rodent
model, which is then extrapolated to humans. Developing a PBK
model for rodents requires extensive tissue sampling over time,
making it both time-consuming and expensive, particularly
when the goal is to optimize delivery efficiency. In contrast, the
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Fig. 9 The REST API environment of the model (accessed on 21 October 2024).
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proposed simplified compartmental model requires minimal
measurements, focusing solely on the site of interest while
lumping the rest of the body into a single compartment. This
approach offers a more sustainable option for screening
experiments. However, the compartmental modeling approach
has intrinsic limitations, as it does not support extrapolation to
different scenarios, such as varying doses or species, due to its
reliance on abstract kinetic parameters and lack of system-
specific information. On the other hand, PBK models excel in
such extrapolation tasks and, importantly, can incorporate the
variability of physiological and biochemical parameters,
enabling stochastic analyses of NP delivery to the target site.>*¢

The physicochemical properties of engineered NPs vary
widely, influencing their biodistribution patterns in the body
after administration. Variations in characteristics such as size,
surface area, shape, composition, and zeta potential signifi-
cantly impact cellular uptake and the overall dynamic internal
disposition.*”** To maintain consistency, we selected a case
where both in vivo and in vitro data were available for the same
NP from a single research group. Specifically, endocytosis and
exocytosis rates were derived from an in vitro assay, while the
remaining parameters were estimated using in vivo data. The
use of cellular uptake data from in vitro assays to simulate in
vivo systems has been successfully demonstrated for NPs.**
However, extrapolating in vitro parameters to in vivo contexts
remains challenging due to differences between the two
systems that affect ADME processes, such as variations in
protein content.** Consequently, the success and methodology
of in vitro-in vivo extrapolation (IVIVE) are case-specific and
depend heavily on both the material studied and the cell line
used. An added complexity in the case of NPs is the formation of
a protein corona, a dynamic in vivo phenomenon that strongly
influences biodistribution.”** Another potential limitation of
this study is the reliance on rat data as a surrogate for human
data. Differences in physiological and pharmacokinetic behav-
iors, such as immune system activity, organ perfusion, and
reticuloendothelial system responses, may result in different
biodistribution outcomes in humans in relation to rodents.
However, the primary objective was to demonstrate how
a simple compartmental model can identify major kinetic
bottlenecks in NP delivery rather than serve as a predictive
model. Human biodistribution data are scarce due to ethical
constraints and the invasive nature of sampling. Nonetheless,
a few studies have utilized imaging techniques to quantify NP
biodistribution in humans.”” In this context, rodent studies
provide a more feasible approach and are widely used as proxies
to generate human-relevant insights.

5. Conclusions

This study demonstrates the utility of compartmental modeling
in optimizing NPs design for NP-mediated drug delivery.
Compartmental modeling constitutes a robust framework for
simulating and analyzing the biodistribution and delivery effi-
ciency of NPs in vivo. By integrating comprehensive biological
processes and incorporating reversible transport rates, the
model enhances our understanding of the dynamics of NP
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delivery, thereby offering a valuable tool for supporting the
development of targeted drug delivery strategies. The inclusion
of additional compartments and reversible transport processes,
as well as the consideration of NP degradation and excretion,
has enabled a more detailed and accurate representation of NP
behavior within the body, which can be applied for screening
purposes and for analyzing the impacts of changing specific
translocation rates between the compartments on NP delivery
efficacy. The utility of the model was showcased through
a demonstration case study involving PEG-coated Au NPs that
validated the model's capacity to describe observed bio-
distribution patterns and provided insights into the critical
parameters affecting delivery efficiency. Notably, the ability to
perform sensitivity analysis has highlighted key factors, such as
the impact of reducing excretion rates for example by adjusting
particle size, which can improve NP delivery efficiency.

Despite the inherent limitations of compartmental models,
such as their reduced predictive ability for extrapolating to
different scenarios, the simplicity and computational efficiency
of this approach make it a practical and valuable tool for initial
assessments and hypothesis generation in NP-mediated drug
delivery and development of NPs that are functional-by-design
in addition to safe-by-design. The availability of the model
both as a web application and as a RESTful API significantly
enhances its accessibility and utility, allowing researchers to
easily integrate it into their own computational workflows,
automate simulations, and perform high-throughput analyses.
The web application facilitates easy access to this modeling
framework, empowering researchers and practitioners to
explore a variety of therapeutic scenarios and optimize delivery
strategies for improved patient outcomes via a set of “what if”
scenario generation steps. Overall, this study highlights the
potential of using compartmental modeling to accelerate the
development of next-generation nanomedicine, contributing to
the advancement of precision medicine and the realization of
more effective and personalized therapeutic interventions.
Future research could explore application of the model to NPs
with diverse physicochemical characteristics to identify
patterns and correlations. Specifically, parameter estimates
could be systematically associated with specific NP properties,
offering insights into how variations in size, shape, surface
charge, or composition (ie, different nanoforms) influence
biodistribution. Another promising direction involves inte-
grating mechanistic models in a modular fashion, particularly
by replacing the target cell module. This approach could
enhance parameter interpretability while preserving the overall
simplicity and utility of the compartmental modeling
framework.

Abbreviations

AAFE Absolute average fold error

API Application programming interface
AS Administration site

AUC Area under the curve

CI Cell interior
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Cv Cell vicinity

ENPs Engineered nanoparticles

GUI Graphical user interface

IVIVE In vitro-in vivo extrapolation

NPs Nanoparticles

ODE Ordinary differential equation

oT Off-target sites

PBK Physiologically-based kinetic

PBPK Physiologically-based pharmacokinetic
PEG Polyethylene glycol

RES Reticuloendothelial system

REST Representational state transfer

SaaS Software as a service

SSbD Safe and sustainable by design

SODI Simulations-observations discrepancy index
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