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Abstract

Background: We aimed to develop a publicly shared computational physiologically
based pharmacokinetic (PBPK) model to reliably simulate and analyze radiopharma-
ceutical therapies (RPTs), including probing of hot-cold ligand competitions as well
as alternative injection scenarios and drug designs, towards optimal therapies.

Results: To handle the complexity of PBPK models (over 150 differential equations),

a scalable modeling notation called the "reaction graph”is introduced, enabling easy
inclusion of various interactions. We refer to this as physiologically based radiopharma-
cokinetic (PBRPK) modeling, fine-tuned specifically for radiopharmaceuticals. As three
important applications, we used our PBRPK model to (1) study the effect of competi-
tion between hot and cold species on delivered doses to tumors and organs at risk. In
addition, (2) we evaluated an alternative paradigm of utilizing multi-bolus injections
in RPTs instead of prevalent single injections. Finally, (3) we used PBRPK modeling

to study the impact of varying albumin-binding affinities by ligands, and the implica-
tions for RPTs. We found that competition between labeled and unlabeled ligands can
lead to non-linear relations between injected activity and the delivered dose to a par-
ticular organ, in the sense that doubling the injected activity does not necessarily
result in a doubled dose delivered to a particular organ (a false intuition from external
beam radiotherapy). In addition, we observed that fractionating injections can lead

to a higher payload of dose delivery to organs, though not a differential dose deliv-
ery to the tumor. By contrast, we found out that increased albumin-binding affinities
of the injected ligands can lead to such a differential effect in delivering more doses
to tumors, and this can be attributed to several factors that PBRPK modeling allows us
to probe.

Conclusions: Advanced computational PBRPK modeling enables simulation and anal-
ysis of a variety of intervention and drug design scenarios, towards more optimal
delivery of RPTs.
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Introduction

Radiopharmaceutical therapies (RPTs) involve the injection of molecules (ligands)
labeled with radioisotopes to target specific binding sites with increased expression
in tumors (Lever 2002; National Research Council 2007; Banerjee et al. 2015; Morris
et al. 2021). The goal is to use radiopharmaceuticals to cause cellular damage instead
of tracer amounts that do not perturb biological systems (Sgouros et al. 2020; Salih
et al. 2022; Sgouros 2019; Lindsley et al. 2022; Sgouros 2023; Pallares and Abergel
2022). This vastly emerging paradigm has led to significant excitement, while there is
a significant number of phenomena that need to be better understood towards opti-
mal, personalized, and precision RPTs (Siebinga et al. 2022, 2021; Zaid et al. 2021;
Rahmim et al. 2022; Kletting et al. 2016; Gospavic et al. 2016; Hardiansyah et al. 2016;
Maaf et al. 2016).

In RPTs, dose delivery to the tumor and organs at risk (OARs) depends on a wide array
of factors, e.g. the blood circulation in the cardiovascular system of the body (English
et al. 2022). It is a challenging task to predict absorbed dose by tumors and OARs by
solely knowing the injection parameters (i.e. injected activity and specific activity) (Divgi
et al. 2021), and as a result, absorbed doses can span an order-of-magnitude (Del Prete
et al. 2019; Violet et al. 2019), and as a result, patients are commonly undertreated. To
provide a better understanding, physiologically based pharmacokinetics models fine-
tuned to radiopharmaceuticals have been proposed (Siebinga et al. 2022).

There have been previous attempts in modeling the kinetics of pharmaceuticals,
among which are ODE-based models (Zhang et al. 2022; Strand et al. 1993), PDE based
models (Kiani Shahvandi et al. 2022), stochastic models (Convertino et al. 2018), etc.
Many of these models were also fine-tuned to study the kinetics of radiopharmaceuticals
(Kletting et al. 2009, 2012; Pfeifer et al. 2013; Hardiansyah et al. 2016; Gospavic et al.
2016; Hardiansyah et al. 2016; Maaf3 et al. 2016; Begum et al. 2018; Rinscheid et al. 2019;
Bartelink et al. 2022). For instance, PBPK models utilize ordinary differential equations
(ODE) to simulate the kinetics of pharmaceuticals/radiopharmaceuticals in the body
right after the injection. These models include major organs in the body and treat their
structures as different compartments while the flow of species from one compartment to
the other is governed by ODEs.

PBPK model structures have been commonly designed in a way that can challenge
scalability. To be more specific, previous models utilized the concept of “parallel” tracks
to keep track of different species in the body; e.g. labeled and unlabeled radiopharma-
ceuticals. For instance, adding the concept of albumin interaction to the model (a new
attempt pursued in our work) would require adding several other “parallel tracks” to the
model which can make it very hard and complicated to implement. Lack of shared mod-
els in a standardized format, e.g., in systems biology markup language (SBML), can also
challenge reproducible research into the kinetics of radiopharmaceuticals.

In this work, we provide a publicly-shared upgraded design of PBPK modeling that
is easily scalable. We studied the effect of the following factors on the absorbed dose
by tumor and OARs: the competition between labeled and unlabeled ligands in binding
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to the binding sites, multi-bolus injection instead of a single bolus injection, and the
strength of ligand-albumin affinity.

Methods

We used the PBPK model structure developed by Kletting et al. (2016) as a base-
line model for the kinetics of ”/Lu-PSMA. This involves a compartmental modeling
approach used to simulate the distribution of radiopharmaceuticals among different
organs in the body. Each organ is treated as a collection of compartments, each associ-
ated with a different spacial structure of the organs (i.e. vascular structure, interstitial
space, PSMA binding sites, and the internal space of cells). The interchange of mate-
rial between these compartments is governed by ordinary differential equations (ODE).
However, since there are two types of pharmaceuticals circulating the body, labeled
and unlabeled, two parallel tracks need to be implemented to take these two types into
account (see the Additional file 1: supplementary file subsections S.1 and S.2 for more
details about the model).

We expanded the model and made it more scalable to enable more detailed interac-
tions of the radiopharmaceuticals with other species (i.e. albumin). We changed the defi-
nition of a compartment (as used in Kletting et al. (2016)) from a container containing
only one variable to a container that can contain several variables called species, while
species have their own interaction with each other (through the reaction graph as dis-
cussed in Additional file 1). This modeling structure eliminates the need for the “paral-
lel” track to take the different pharmaceutical types into account. The concept of parallel
tracks is not scalable if we were to explore the effect of albumin binding with more bio-
logical details (for instance to consider the fact that albumin can leak to the interstitial
space of a tumor but not to the interstitial space of the OARs).

We implemented the model in MATLAB Simbiology and utilized population-meas-
ured values (see the Additional file 1: supplementary file section S.4) for the model
parameters (as used in Kletting et al. 2016). Different variations of some parameters (e.g.
different tumor volumes, tumor receptor densities, etc.) constitute the “virtual patients”.
The data published in Kletting et al. (2016) were used for model validation. Implemen-
tation of this work is shared publicly in SBML format to ease model reproduction (see
model sharing in Sect. ).

The PBRPK model is used to calculate the time activity curves for different organs
under different simulation settings (as discussed below). Subsequently, we used the
dosimetry methods, as discussed in Kletting et al. (2016) and section S.3 in the Addi-
tional file 1: supplementary file, to calculate the absorbed doses for further analysis.

Hot and cold interaction

We injected virtual patients (differing in the tumor receptor densities and tumor vol-
umes) with different combinations of labeled and unlabeled ligands (see Table 1) while
measuring the dose delivered to the tumor and OAR.

Furthermore, to be able to compare the effect of different combinations of labeled and
unlabeled radiopharmaceuticals under different patient settings (i.e. different tumor vol-
ume and tumor receptor density), we developed the concept of twist, which is a geo-
metrical measure of the tiltedness of the iso-dose curves (see Fig. 1). In fact, twist is
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Table 1 The range of parameter values on injected hot, injected cold, tumor receptor density, and
tumor volume to study the competition between hot and cold species

Parameter Range of values Unit
Injected hot amount 10 linear samples from the interval [5,100] nmol
Injected cold amount 10 linear samples from the interval [25,800] nmol
Tumor receptor density 10 linear samples from the interval [10,890] nmol/lit
Tumor volume 10 linear samples from the interval [40,2100] ml

measuring the angle between a straight line fitted to each iso-dose curve with the
straight line fitted to the iso-dose curve corresponding to the lowest dose value.

Injection profile

As any multi-bolus injections (with the same injected and specific activity) can be char-
acterized by two parameters, number of injections and time between each injection), we
performed a parameter sweep on the Cartesian product of the different values for each
of them, while keeping the total injected labeled and unlabeled ligands to be 10 nmol and
100 nmol respectively. It is worth noting that, for instance, a fractionated injection con-
sisting of 5 injections with 100 minutes between each, is assumed to be all administrated
in a single therapy session. As such, in this work, instead of injecting the entire portion
at once, we explored the effects of injections in smaller portions, as characterized by
the parameters “time between injections” and “number of injections” (see Table 2). Fur-
thermore, to consider patient heterogeneities, we tested different injection strategies on
virtual patients with different tumor receptor densities and tumor volumes of reasonable
values (see Table 2).

To quantify the effect of multi-bolus injection in contrast to the single bolus injection,
we found the injection strategy yielding the highest delivered dose to each organ and
tumor, and then calculated the relative change in dose compared to the bolus injection
(we call it the maximum relative dose change or MRDC). Note that since dose and TIA
are different up to a multiplicative constant, the maximum relative dose change is the
same as the maximum relative TIA change. In short, MRDC can be defined as:

Dose;(n*, 7*) — Dose; (0, 0)

MRDC = )
Dose;(0,0)

Table 2 The range of parameter values utilized for evaluating the effect of injection profile (multi-
bolus injection)

Parameter Range of values Unit

Number of injections {1,2,3,4,5,6,7,8,9,10} Dimensionless
Time between injections {10,50,100,200,300,400,500,750,1000} min

Tumor receptor density 10 linear samples from the interval [43,342] nmol/lit
Tumor volume 10 linear samples from the interval [40,2100] mi

Injection coefficient {1,2,3,4,56} Dimensionless
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in which Dose;(#, 7) is the dose delivered to organ i as a function of number of injections
(n indexed from O upwards) and time between injections (z), n* and t* are the values
which maximizes the dose to organ i. Note that Dose;(0, 0) means the dose delivered to
organ { under a single bolus injection.

Albumin
For this study, we performed a parameter sweep on the different values of K g”’, logarith-
mically sampled from the range [5, 10°] nmol/lit (see Table 3). For each of those simula-
tions, we injected the patients with 10 nmol hot ligands and 100 nmol cold ligands.

For each value of Kp, we calculated the blood residence time (time-integrated activity
in the vein compartment divided by the injected activity) as well as the delivered dose to

the organs under study. The blood residence time (BRT) can be written as

fotend Ayein(T)dT
Ap

BRT =

in which Aye,(r) is the activity in the vein compartment which is simply
Avein(t) = ApnysHyein With Hyein representing the hot ligands in the vein, and Ay is the
injected activity that is simply Ao = A,pyHo with Ho representing the injected hot
amount.

To reflect the seek for the optimal therapy according to the main objective (i.e. increase
the absorbed dose to the tumor while decreasing the delivered dose to OAR), we calcu-
late a quantity called "enhancement factor using the following formula

by _ TumorDose(K; glb )/OrganDose(K; glb )

EF (K},
TumorDose(00)/OrganDose(00)

in which EF is the enhancement factor, TumorDose(Kglb) represented the tumor

arborbed dose as a function of K glb, and similarly OARDose(K] g”’ ) represents the dose to
organ at risk. Intuitively speaking, EF quantifies the effectiveness of albumin binding in
delivering differential dose to tumor (relative to OAR). For instance, for a given value of
K glb, EF = 4 means that enabling albumin binding with the given K glb, delivered 4 times
more dose to the tumor relative to OAR, compared to the situation where albumin bind-
ing was off (i.e. Kg”’ = 00).

Results

Our scalable model implementation in Simbiology Matlab has a run time of 0.15 £ 0.2
seconds to generate the time activity curves for more than 18 organs for about 50,000
minutes. For instance, a parameter sweep consisting of 1000 model runs, would take
somewhere around 150 seconds to complete. However, this can be accelerated with the

Table 3 The range of parameter values used to study the effect of albumin binding on the kinetics
of radiopharmaceuticals

Parameter Range of values Unit

K‘D’/b 20 logarithmically spaced values from [5,10] nmol/lit
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parallel processing utility in Matlab and the run time can be reduced to about 90 sec-
onds. The implemented model is shared in SBML format and can be found here (link to
the GitHub repository). In what follows, we show the results of applying our model to
the three above-mentioned studies, with further elaborations in the discussion section.

Hot and cold interaction

In Fig. 1 we observe that for a fixed amount of injected activity (i.e. fixed hot amount),
increasing the number of cold molecules (i.e. decreasing specific activities, and moving
up on the dashed line in Fig. 1), will result in lower delivered doses to the tumor. Fur-
thermore, the figure shows that moving from the iso-dose curve corresponding to the
lowest dose (the leftmost) to the iso-dose curve with the highest dose value (the right-
most), the curves become more horizontal.

Figures 2 and 3 show the effects of varying tumor receptor densities and tumor vol-
umes on the tumor absorbed doses, respectively. It is observed that by increasing the
tumor receptor density, the average delivered dose to the tumor increases. Furthermore,
in doing so, the iso-dose curves become less tilted (horizontal) as we move from the
iso-dose curve with the lowest dose value to the one with the highest dose value. This
translates to the decreasing “twist” value as shown in Fig. 4. By contrast, when changing
volumes, as shown in Fig. 5, this twist is less for tumors, but more for kidney and salivary
glands (due to tumor sink effect). Overall, changing tumor receptors and volumes depict

notable patterns.

Injection profile

Figures 6 and 7 shows the effect of multi-bolus injection on the delivered dose to the
tumor, under different scenarios in which we consider different tumor volumes and
tumor receptor densities. These figures show that under a fixed tumor volume or
tumor receptor density, more fractionation (higher number of injections or higher
time between injections) translates to a higher delivered dose to the tumor. Also, Fig. 6
especially shows the trend that with higher tumor receptor density the dose to tumor
increases systematically (look at the color bar).

Tumor Dose Kidney Dose

20 a0 60 80 100
Injected Hot Amount (nmol)

100 4 60 80 100

Injected Hot Amount (nmol) Injected Hot Amount (nmol)

Fig. 1 Dependence of the delivered dose to organs on the injected hot amount and injected cold

amount. Moving from the left side of each plot to the right side, we observe that the iso-dose lines get

tilted, suggesting more competition between hot and cold species. In addition, the two dots on the 20 Gy
iso-dose curve reveal that one can achieve the same absorbed dose in the tumor by lower injected activity if
accompanied by lower cold amount (i.e. higher specific activity)
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Fig. 2 The effect of the tumor receptor density on the competition between hot and cold species for 20 ml

for the tumor volume

Dose [Gy] over HotAmount x ColdAmount over Different Tumor Volume [ml]
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20 40 60 80 100 20 40 60 80 100 20 40 60 80 100
Tumor Volume=1582.33ml Tumor Volume=1838.22ml Tumor Volume=2094.11ml

20 40 60 80 100
Injected Hot [nmol]

Fig. 3 The effect of the tumor volume on the competition between hot and cold species. The value of tumor
receptor density is set to 40 nmol/lit for this simulation



Fele-Paranj et al. EJINMMI Radiopharmacy and Chemistry (2024) 9:6 Page 8 of 17

Twist level of iso-dose curves vs. [RO,Tumor]
6 b
5.5} 1
5 i
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m——TUMor
3F — Kidney .
Salivary Glands
25 1 1 1 1 1
200 400 600 800 1000

Tumor Receptor Density [nmol/Lit]

Fig. 4 The effect of tumor receptor density on the competition degree (i.e. twist) between hot and cold
species (with 20 ml for the tumor volume). Higher tumor receptor leads to less competition (thus less twist)
in the tumor, while the competition level remains the same in kidney and salivary glands

Twist level of iso-dose curves vs. Tumor Volume

6.4 ]
6.2 i
6 i
S

< 5.8 i
5.6 ]
5.4+t i

m—TUmMor

e Kidney
5.2t Salivary Glands i

500 1000 1500 2000

Tumor Volume (ml)

Fig. 5 The effect of the tumor volume on the competition degree (i.e. twist) between hot and cold species
(tumor receptor density set to 40 nmol/lit). Higher tumor volume does not alter competition in tumor as
much as Fig. 4 (changing tumor receptor density), but more greatly impacts competition in kidney and
salivary glands due to the tumor sink effect

However, these trends can be captured more clearly by calculating MRDC. For
instance Fig. 8 shows that by fractionating the injection, the relative delivered dose to the
tumor (compared to the baseline bolus injection) decreases with higher tumor receptor
density.
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Fig. 6 Effect of receptor density on the effectiveness of multi-bolus injection. These plots suggest that
receptor density plays the main role in increasing the uptake due to injection fractionation
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Fig. 7 Effect of tumor volume on the effectiveness of multi-bolus injection. The value of tumor receptor
density is set to 40 nmol/lit for these plots
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Effect of Receptor Density on Fractionation
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Fig. 8 Effect of receptor density on injection fractionation (MRDC). We can observe that at low receptor
densities, the effect of fractionation is more significant
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Fig. 9 The effect of albumin affinity on the blood residence time of activity. We can observe that the
increased albumin affinity (lower Kp) will increase the blood residence time
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Fig. 10 Dependence of dose on the dissociation constant of the albumin-ligand reaction. With higher
albumin affinity (i.e. lower values of the dissociation constant), we observe that the dose to OAR and tumor
both start to increase (as one moves to the left of the solid line) which is due to the increased residence time
of the radiopharmaceuticals. However, for further lower dissociation value (beyond the dotted-dashed line),
the dose to OAR starts decreasing while the dose to tumor still increases, attributed to leakage of albumin
and albumin-bound ligands in the interstitial space of the tumor (see discussion). Finally, with much lower
values of Kg’b (beyond the dashed line), all doses decrease related to the fact that with very strong affinities,
there will be limited binding to receptors

Enhancement Ratio vs. KD Albumin

= Kidney
== Salivary Glands

10t 102 103

104

10° 10° 107

K2® [nmol/lit]

Fig. 11 Dependence of enhancement factor on the dissociation rate of albumin-ligand interaction. Lower
values ofo)’/b lead to higher enhancement ratios, meaning that higher albumin affinity will help in delivering
more dose to the tumor and sparing (to some degree) the OAR
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Albumin

Figure 9 shows that the blood residence time is increased with a higher affinity of the
radiopharmaceutical to the albumin. Furthermore, Fig. 10 represents the absorbed dose
by tumor and OARs as a function of dissociation constant. The vertical lines in this fig-
ure show different regions of the plot in which dose to tumor and OAR exhibit different
behaviors in terms of decreases and increases (we discuss these regions in the figure cap-
tion and Discussion section).

Moreover, Fig. 11 depicts the enhancement factor for tumor dose with respect to sali-
vary glands and kidney. It is seen that values increasingly greater than one are seen for
the enhancement factor for increasing binding affinities to albumin. Overall, this com-
putational framework enables the gaining of more insights into radiopharmaceutical
development considerations.

Discussion

Model limitations

In general, PBPK models have many parameters and this can be both its strength and
weakness (see Sager et al. 2015; Tan et al. 2018; Quijano-Mateos 2022; Khalil and Léer
2011 for more detailed discussions). It can be considered a strength because given
enough accurate measurements of the parameters, the model can predict the behavior
of complex interconnected systems. However, when dealing with few measured parame-
ters, using PBPK models for accurate predictions requires significant care. In the present
work, we focus on behavioral analysis of these models for a range of realistic parameters.
Future efforts on personalization of PBPK models and digital twinning of patients (Rah-
mim et al. 2022) need to address the above-mentioned challenge. In this paper, we rep-
resented a scalable PBPK model structure and performed numerical explorations to find
possible answers for questions of clinical importance to demonstrate the capabilities of
PBPK models, also aiming to enable the community to use computational tools towards
understanding and optimization of RPTs.

As discussed in the supplementary file, the reaction between albumin and ligand is
assumed to be one-to-one (meaning only one ligand can bind to the albumin). This is
not exactly true. The ligand can bind to different albumin binding sites thus having a
larger-than-one stoichiometric coefficient, which is assumed to be 1 on our model.
This assumption can be made more accurate following more investigations in this area.
Furthermore, we have assumed that due to the larger size of albumin molecules, the
albumin-ligand complex will not be able to bind to the binding sites. Also, we made the
assumption that the albumin leakage to the tumor interstitial space is due to the porous
structure of the vascular wall, thus its permeability coefficient in entering the intersti-
tial space does not scale with its molecular weight, and in fact, we assumed the values
are the same as the permeability coefficient of ligands (this assumption is worth further
investigating; in the present work, it helps us obtain an upper bound for the effectiveness
of albumin binding, which will help in designing future studies).

Our PBRPK model presented here reflects the kinetics of radiopharmaceuticals.
However, making accurate statements about the number of cells killed because of a
given activity profile requires yet another model that takes radio-biology into account.
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However, in this work, to limit the number of possible sources of errors to the conclu-
sions, we did not include any radiobiological modeling. Needless to say, there are sig-
nificant efforts towards reliable and accurate computational and mathematical models
to describe the survival rate of cells in RPTs (EANM Radiobiology Working Group 2023)
(which can be quite distinct from external beam radiotherapy), and our future investiga-
tions will include such models. In other words, while the present work focuses on phar-
macokinetics (what the body does to a drug), pharmacodynamics (what the drug does to
the body) which in our case involves radiation biology is an area of upcoming investiga-
tion, and upgrade to our PBRPK model.

Hot and cold interaction

Considering two red dots on the iso-dose curve of the tumor in Fig. 1, we observe
that despite the fact that they have the same delivered dose to the tumor, they are not
achieved through the same injected activity, and one has almost half the injected activity
of the other one; in other words, specific activities can play a significant role in delivered
doses, which is a key consideration. Meanwhile, Figs. 4 and 5 suggest that the iso-dose
curves become less parallel with respect to the very first iso-dose curve as we decrease
tumor receptor densities especially, indicating significant impact in delivery of doses
with varying injected radioactivities and specific activities.

Since smaller amounts of radioactive injection (i.e. low hot and cold amounts) fall
on the very first iso-dose curve, and it has a certain relation between the hot and cold
amount that results in the corresponding dose, we decided to compare other iso-dose
curves with this particular one, given its almost constant behavior in all of the plots (i.e.
can be thought of as a common ground between the figures). Obviously, we could select
other common references between plots to perform the measurements, e.g. the vertical
y-axis. However, a vertical iso-dose curve indicates that there is no competition between
hot and cold species in binding to the receptors: a scenario where this can be achieved is
when we have an infinite number of receptors, thus there is no limited common binding
site for hot and cold. However, since this scenario is somehow hypothetical, the y-axis is
not an appropriate reference for these measurements.

Lower twist values for the iso-dose curves for a given value of tumor receptor den-
sity and tumor volume indicate that the iso-dose curves associated with the high dose
amount behave similarly to small injections. Lower twist value for a given hot-cold plot
thus indicate lower receptor saturations.

Comparing Figs. 4 with 5 reveals that increasing the tumor receptor density decreases
the receptor saturation in tumors but not in OAR. However, increasing the tumor vol-
ume will decrease the saturation in OAR as well. This is related to the tumor sink effect
(Beauregard et al. 2012) wherein higher tumor volumes will inhibit uptake in OARs, and
we show that this can result in decreased OAR saturation as well.

Injection profile

A core observation in this work is that the delivered dose to tumors and OARs increases
as we fractionate the injection more (i.e. injecting in smaller portions over time, rela-
tive to prevalent single bolus injections). The increasing trend in the effectiveness of
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multi-bolus injections as tumor receptor densities decrease (Fig. 8) is related to the fact
that higher fractionation will help towards less saturation in the receptors, and thus
more free ligands in the body are susceptible to clearance through the kidneys.

Albumin
In utilizing the albumin kinetics for radiopharmaceutical delivery, three factors inter-
act with each other, contributing to the 3 colored regions in Fig. 10 of different pat-

terns of increase or decrease in tumor vs. OAR doses:

+ Kidney clearance: Albumin is not cleared through the kidney, and as such, albu-
min-bound ligands will also not be removed from the body and will stay longer
in the blood. This will result in higher blood residence time (see Fig. 9). This can
explain the blue region in Fig. 10.

+ Porous vascular structure in the tumor microenvironment: Due to the mechani-
cally distorted and porous structure of the tumor vasculature, albumin (and also
albumin-bound ligands) can leak into the interstitial space of the tumor but not
the OAR. This can result in a higher dose to tumors but not OARs, resulting in the
green region in Fig. 10.

+ The large size of albumin protein: Albumin is a very large molecule (about 70
kD) compared to radiopharmaceuticals (about 1 kD). Thus the albumin-bound
ligands will not be able to bind to the PSMA binding sites. This can result in a
lower delivered dose to the tumors and OARSs, resulting in the orange region (left-

most) in Fig. 10.

As context for the present effort, we note that following successful exploitation of
albumin binding mechanism for pharmaceuticals to enhance the therapeutic index
(Lee and Wu 2015; Fan et al. 2022), there has been an increased motivation in the
nuclear medicine community to study the effect of albumin binding in radiopharma-
ceuticals (Boinapally et al. 2023; Sziics et al. 2023; Busslinger et al. 2023; Brandt et al.
2022; Alati et al. 2023). However, to our best knowledge, there have been no computa-
tional models to study phenomena in this domain, motivating our design of a scalable
PBRPK model and computational studies in albumin binding.

Conclusion

In this work, we have extended PBPK modeling and made it more suitable for simu-
lating complicated kinetics of radiopharmaceuticals. The new PBRPK model is pub-
licly shared and easy to implement computationally. It is easy to expand the model
and to include ligand-protein interactions. We implemented the model in MATLAB
Simbiology, and shared the SBML implementation with the community. Using the
new PBRPK model, we studied the interactions between hot and cold ligands and
found out that cold ligands can saturate the receptors and leave limited binding sites
available for the hot ligands, demonstrating that specific activities of injected radi-
opharmaceuticals can make a crucial difference. In addition, we studied the effect of

multi-bolus injection on the efficiency of dose delivery to tumors and OAR. We found
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that fractionating the injection can lead to a higher payload (i.e. higher delivered
doses per unit injected activity), though a differential advantage was not observed (i.e.
no further sparing of OARs with respect to tumor doses). Moreover, we found that
higher affinity of the ligands to albumin can lead to significant differential advantages
in delivering doses to tumors, and provided more insights into phenomena involved
towards optimal radiopharmaceutical therapies.

Model sharing

The latest version of the PBPK model in SBML format can be found in the following repository:

https://github.com/alifele/Computational-Physics/tree/main/PSM A-PBPK-Model-Matlab
The various parameters used in the model are also provided as Additional file 1: sup-

plemental material.

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/541181-023-00236-w.

Additional file 1. Detailed overview of the structure of the PBPK model, and tabulated parameter values used to run
the simulations.

Acknowledgements

This work was supported by the Canadian Institutes of Health Research (CIHR) Project Grant PJT-162216, Networking
Health Ltd., as well as the Natural Sciences and Engineering Research Council of Canada (NSERC) Discovery Grant RGPIN-
2019-06467. We also acknowledge helpful discussions with Drs. Joseph Lau and Francois Benard.

Author contributions

All authors contributed to the study conception and design. Material preparation, computational modeling and
simulations, and analysis were performed by AFP. The first draft of the manuscript was written by AFP and all authors
commented on versions of the manuscript. This work was under the supervision of AR, BS, and CU. All authors read and
approved the manuscript.

Funding

This work was supported by the Canadian Institutes of Health Research (CIHR) Project Grant PJT-162216, Network-
ing Health Ltd,, as well as the Natural Sciences and Engineering Research Council of Canada (NSERC) Discovery Grant
RGPIN-2019-06467.

Data availability

This work has no associated patient data. The latest version of the PBPK model in SBML format can be found in the fol-
lowing repository: https://github.com/alifele/Computational-Physics/tree/main/PSMA-PBPK-Model-Matlab The various
parameters used in the model are also provided as Additional file 1: supplemental material.

Declarations

Ethics approval and consent to participate

Not applicable. This work requires no ethics approval or consent as models were fine-tuned based on publicly available
data sets. No animals were involved in this study. This work provides computational modeling, and as such experimental
protocols were not involved, thus requiring no approvals, and no ethical standard approvals were required.

Consent for publication
Not applicable.

Competing interests
The authors have no relevant disclosures to make.

Received: 1 November 2023 Accepted: 22 December 2023
Published: 22 January 2024

References
Alati S, Singh R, Pomper MG, Rowe SP, Banerjee SR. Preclinical development in radiopharmaceutical therapy for prostate
cancer. Semin Nucl Med. 2023:53(5):663-86.


https://github.com/alifele/Computational-Physics/tree/main/PSMA-PBPK-Model-Matlab
https://doi.org/10.1186/s41181-023-00236-w
https://github.com/alifele/Computational-Physics/tree/main/PSMA-PBPK-Model-Matlab

Fele-Paranj et al. EJINMMI Radiopharmacy and Chemistry (2024) 9:6 Page 16 of 17

Banerjee S, Pillai MRA, Knapp FFR. Lutetium-177 therapeutic radiopharmaceuticals: linking chemistry, radiochemistry, and
practical applications. Chem Rev. 2015;115(8):2934-74.

Bartelink IH, Stadt EA, Leeuwerik AF, Thijssen VLIL, Hupsel JRI, Nieuwendijk JF, Bahce I, Yaqub M, Hendrikse NH. Physi-
ologically based pharmacokinetic (PBPK) modeling to predict PET image quality of three generations EGFRTKI in
Advanced-Stage NSCLC patients. Pharmaceuticals 2022;15(7)

Beauregard J-M, Hofman MS, Kong G, Hicks RJ. The tumour sink effect on the biodistribution of 68Ga-DOTA-octreotate:
implications for peptide receptor radionuclide therapy. Eur J Nucl Med Mol Imaging. 2012;39(1):50-6.

Begum NJ, Thieme A, Eberhardt N, Tauber R, D'Alessandria C, Beer AJ, Glatting G, Eiber M, Kletting P. The effect of total
tumor volume on the biologically effective dose to tumor and kidneys for 177Lu-Labeled PSMA peptides. J Nucl
Med. 2018;59(6):929-33.

Boinapally S, Alati S, Jiang Z, Yan Y, Lisok A, Singh R, Lofland G, Minn |, Hobbs RF, Pomper MG, Banerjee SR. Preclinical
evaluation of a new series of Albumin-Binding 177Lu-Labeled PSMA-Based Low-Molecular-Weight radiotherapeu-
tics. Molecules 2023;28(16).

Brandt F, Ullrich M, Laube M, Kopka K, Bachmann M, Léser R, Pietzsch J, Pietzsch H-J, Hoff J, Wodtke R. clickable albumin
binders for modulating the tumor uptake of targeted radiopharmaceuticals. J Med Chem. 2022;65(1):710-33.

Busslinger SD, Becker AE, Vaccarin C, Deberle LM, Renz M-L, Groehn'V, Schibli R, Muller C. Investigations using albumin
binders to modify the tissue distribution profile of radiopharmaceuticals exemplified with folate radioconjugates.
Cancers 2023;15(17).

Convertino M, Church TR, Olsen GW, Liu Y, Doyle E, Elcombe CR, Barnett AL, Samuel LM, MacPherson IR, Evans TRJ. Sto-
chastic Pharmacokinetic-Pharmacodynamic modeling for assessing the systemic health risk of perfluorooctanoate
(PFOA). Toxicol Sci. 2018;163(1):293-306.

Del Prete M, Buteau F-A, Arsenault F, Saighi N, Bouchard L-O, Beaulieu A, Beauregard J-M. Personalized 177lu-octreotate
peptide receptor radionuclide therapy of neuroendocrine tumours: initial results from the P-PRRT trial. Eur J Nucl
Med Mol Imaging. 2019,46(3):728-42.

Divgi C, Carrasquillo JA, Meredith R, Seo Y, Frey EC, Bolch WE, Zimmerman BE, Akabani G, Jacobson DA, Brown B, Davern
SM, Hobbs RF, Humm J, Moros EG, Morse D, Papineni R, Zanzonico P, Benedict SH, Sgouros G. Overcoming barriers
to radiopharmaceutical therapy (RPT): an overview from the NRG-NCI working group on dosimetry of radiopharma-
ceutical therapy. Int J Radiat Oncol Biol Phys. 2021;109(4):905-12.

EANM Radiobiology Working Group: Pouget J-P, Konijnenberg M, Eberlein U, Glatting G, Gabina PM, Herrmann K, Holm S,
Strigari L, Leeuwen FWB, Lassmann M. An EANM position paper on advancing radiobiology for shaping the future of
nuclear medicine. Eur J Nucl Med Mol Imaging 2023;50(2):242-246

English KK, Knox S, Graves SA, Kiess AP. Basics of physics and radiobiology for radiopharmaceutical therapies. Pract Radiat
Oncol. 2022;12(4):289-93.

Fan J, Gilmartin K, Octaviano S, Villar F, Remache B, Regan J. Using human serum albumin binding affinities as a proactive
strategy to affect the pharmacodynamics and pharmacokinetics of preclinical drug candidates. ACS Pharmacol
Transl Sci. 2022;5(9):803-10.

Gospavic R, Knoll P, Mirzaei S, Popov V. Physiologically based pharmacokinetic (PBPK) model for biodistribution of radiola-
beled peptides in patients with neuroendocrine tumours. Asia Ocean J Nucl Med Biol. 2016;4(2):90-7.

Hardiansyah D, Begum NJ, Kletting P, Mottaghy FM, Glatting G. Sensitivity analysis of a physiologically based pharmacoki-
netic model used for treatment planning in peptide receptor radionuclide therapy. Cancer Biother Radiopharm.
2016;31(6):217-24.

Hardiansyah D, Maass C, Attarwala AA, Muller B, Kletting P, Mottaghy FM, Glatting G. The role of patient-based treatment
planning in peptide receptor radionuclide therapy. Eur J Nucl Med Mol Imaging. 2016;43(5):871-80.

Khalil F, Ler S. Physiologically based pharmacokinetic modeling: methodology, applications, and limitations with a focus
on its role in pediatric drug development. J Biomed Biotechnol. 2011;2011: 907461.

Kiani Shahvandi M, Soltani M, Moradi Kashkooli F, Saboury B, Rahmim A. Spatiotemporal multi-scale modeling of radiop-
harmaceutical distributions in vascularized solid tumors. Sci Rep. 2022;12(1):14582.

Kletting P, Bunjes D, Reske SN, Glatting G. Improving anti-CD45 antibody radioimmunotherapy using a physiologically
based pharmacokinetic model. J Nucl Med. 2009;50(2):296-302.

Kletting P Muller B, Erentok B, Schmaljohann J, Behrendt FF, Reske SN, Mottaghy FM, Glatting G. Differences in predicted
and actually absorbed doses in peptide receptor radionuclide therapy. Med Phys. 2012;39(9):5708-17.

Kletting P Kull T, Maal3 C, Malik N, Luster M, Beer AJ, Glatting G. Optimized peptide amount and activity for 90Y-Labeled
DOTATATE therapy. J Nucl Med. 2016;57(4):503-8.

Kletting P, Schuchardt C, Kulkarni HR, Shahinfar M, Singh A, Glatting G, Baum RP, Beer AJ. Investigating the effect of ligand
amount and injected therapeutic activity: a simulation study for 177Lu-Labeled PSMA-Targeting peptides. PLoS
ONE. 2016;11(9):0162303.

Lee P, Wu X. Review: modifications of human serum albumin and their binding effect. Curr Pharm Des.
2015;21(14):1862-5.

Lever SZ. Evolution of radiopharmaceuticals for diagnosis and therapy. J Cell Biochem Suppl. 2002;39:60-4.

Lindsley CW, Mller CE, Bongarzone S. Diagnostic and therapeutic radiopharmaceuticals. J Med Chem.
2022;65(19):12497-9.

MaaR C, Sachs JP, Hardiansyah D, Mottaghy FM, Kletting P, Glatting G. Dependence of treatment planning accuracy in
peptide receptor radionuclide therapy on the sampling schedule. EJNMMI Res. 2016;6(1):30.

Morris ZS, Wang AZ, Knox SJ. The radiobiology of radiopharmaceuticals. Semin Radiat Oncol. 2021;31(1):20-7.

National Research Council (US), Institute of Medicine (US) Committee on State of the Science of Nuclear Medicine: Radi-
otracer and Radiopharmaceutical Chemistry, pp. 1-2. National Academies Press (US) 2007.

Pallares RM, Abergel RJ. Development of radiopharmaceuticals for targeted alpha therapy: Where do we stand? Front
Med. 2022;9:1020188.

Pfeifer ND, Goss SL, Swift B, Ghibellini G, Ivanovic M, Heizer WD, Gangarosa LM, Brouwer KLR. Effect of ritonavir on (99m)
Technetium-Mebrofenin disposition in humans: a semi-PBPK modeling and in vitro approach to predict Transporter-
Mediated DDIs. CPT Pharmacometrics Syst Pharmacol. 2013;2(1):20.



Fele-Paranj et al. EJNMMI Radiopharmacy and Chemistry (2024) 9:6 Page 17 of 17

Quijano-Mateos A. The perks and drawbacks of physiologically-based pharmacokinetic modeling. Med Res Arch
2022;1009)

Rahmim A, Brosch-Lenz J, Fele-Paranj A, Yousefirizi F, Soltani M, Uribe C, Saboury B. Theranostic digital twins for personal-
ized radiopharmaceutical therapies: reimagining theranostics via computational nuclear oncology. Front Oncol.
2022;12:1062592.

Rinscheid A, Lee J, Kletting P, Beer AJ, Glatting G. A simulation-based method to determine optimal sampling schedules
for dosimetry in radioligand therapy. Z Med Phys. 2019;29(4):314-25.

Sager JE, Yu J, Ragueneau-Majlessi |, Isoherranen N. Physiologically based pharmacokinetic (PBPK) modeling and simula-
tion approaches: a systematic review of published models, applications, and model verification. Drug Metab Dispos.
2015;43(11):1823-37.

Salih S, Alkatheeri A, Alomaim W, Elliyanti A. Radiopharmaceutical treatments for cancer therapy, radionuclides character-
istics, applications, and challenges. Molecules 2022;27(16).

Sgouros G. Radiopharmaceutical therapy. Health Phys. 2019;116(2):175-8.

Sgouros G, Bodei L, McDevitt MR, Nedrow JR. Radiopharmaceutical therapy in cancer: clinical advances and challenges.
Nat Rev Drug Discov. 2020;19(9):589-608.

Sgouros G. A persistent belief in radiopharmaceutical therapy. Med Phys 2023.

Siebinga H, Veen BJ, Beijnen JH, Stokkel MPM, Dorlo TPC, Huitema ADR, Hendrikx JJMA. A physiologically based phar-
macokinetic (PBPK) model to describe organ distribution of 68Ga-DOTATATE in patients without neuroendocrine
tumors. EINMMI Res. 2021;11(1):73.

Siebinga H, Veen BJ, Stokkel MDM, Huitema ADR, Hendrikx JJMA. Current use and future potential of (physiologically
based) pharmacokinetic modelling of radiopharmaceuticals: a review. Theranostics. 2022;12(18):7804-20.

Strand SE, Zanzonico P, Johnson TK. Pharmacokinetic modeling. Med Phys. 1993;20(2 Pt 2):515-27.

Szlcs D, Szabo JP, Aratd V, Gyuricza B, Szikra D, Toth |, Képes Z, Trencsényi G, Fekete A. Investigation of the effect on the
albumin binding moiety for the pharmacokinetic properties of 68ga-, 205/206bi-, and 177Lu-Labeled NAPamide-
Based radiopharmaceuticals. Pharmaceuticals 2023;16(9)

Tan Y-M, Worley RR, Leonard JA, Fisher JW. Challenges associated with applying physiologically based pharmacokinetic
modeling for public health Decision-Making. Toxicol Sci. 2018;162(2):341-8.

Violet J, Jackson P, Ferdinandus J, Sandhu S, Akhurst T, Iravani A, Kong G, Kumar AR, Thang SP, Eu P, Scalzo M, Murphy D,
Williams S, Hicks RJ, Hofman MS. Dosimetry of 177Lu-PSMA-617 in metastatic Castration-Resistant prostate cancer:
correlations between pretherapeutic imaging and Whole-Body tumor dosimetry with treatment outcomes. J Nucl
Med. 2019;60(4):517-23.

Zaid NRR, Kletting P Winter G, Prasad V, Beer AJ, Glatting G. A physiologically based pharmacokinetic model for in vivo
alpha particle generators targeting neuroendocrine tumors in mice. Pharmaceutics 2021;13(12).

Zhang Y, Sun L, Chen X, Zhao L, Wang X, Zhao Z, Mei S. A systematic review of population pharmacokinetic models of
methotrexate. Eur J Drug Metab Pharmacokinet. 2022;47(2):143-64.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.



	Physiologically based radiopharmacokinetic (PBRPK) modeling to simulate and analyze radiopharmaceutical therapies: studies of non-linearities, multi-bolus injections, and albumin binding
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Introduction
	Methods
	Hot and cold interaction
	Injection profile
	Albumin

	Results
	Hot and cold interaction
	Injection profile
	Albumin

	Discussion
	Model limitations
	Hot and cold interaction
	Injection profile
	Albumin

	Conclusion
	Model sharing
	Acknowledgements
	References


