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Abstract
The first- generation tyrosine kinase inhibitor imatinib has revolutionized the 
development of targeted cancer therapy and remains among the frontline treat-
ments, for example, against chronic myeloid leukemia. As a substrate of cy-
tochrome P450 (CYP) 2C8, CYP3A4, and various transporters, imatinib is highly 
susceptible to drug–drug interactions (DDIs) when co- administered with corre-
sponding perpetrator drugs. Additionally, imatinib and its main metabolite N- 
desmethyl imatinib (NDMI) act as inhibitors of CYP2C8, CYP2D6, and CYP3A4 
affecting their own metabolism as well as the exposure of co- medications. This 
work presents the development of a parent–metabolite whole- body physiologi-
cally based pharmacokinetic (PBPK) model for imatinib and NDMI used for the 
investigation and prediction of different DDI scenarios centered around imatinib 
as both a victim and perpetrator drug. Model development was performed in 
PK- Sim® using a total of 60 plasma concentration–time profiles of imatinib and 
NDMI in healthy subjects and cancer patients. Metabolism of both compounds 
was integrated via CYP2C8 and CYP3A4, with imatinib additionally transported 
via P- glycoprotein. The subsequently developed DDI network demonstrated good 
predictive performance. DDIs involving imatinib and NDMI were simulated with 
perpetrator drugs rifampicin, ketoconazole, and gemfibrozil as well as victim 
drugs simvastatin and metoprolol. Overall, 12/12 predicted DDI area under the 
curve determined between first and last plasma concentration measurements 
(AUClast) ratios and 12/12 predicted DDI maximum plasma concentration (Cmax) 
ratios were within twofold of the respective observed ratios. Potential applica-
tions of the final model include model- informed drug development or the support 
of model- informed precision dosing.

http://www.psp-journal.com
https://doi.org/10.1002/psp4.13127
https://orcid.org/0000-0002-5741-2511
https://orcid.org/0000-0002-9984-075X
mailto:thorsten.lehr@mx.uni-saarland.de
https://orcid.org/0000-0002-8372-1465
http://creativecommons.org/licenses/by-nc/4.0/
mailto:thorsten.lehr@mx.uni-saarland.de
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fpsp4.13127&domain=pdf&date_stamp=2024-03-14


   | 927PBPK MODELING OF IMATINIB AND N- DESMETHYL IMATINIB

INTRODUCTION

In 2001, approval of the tyrosine kinase inhibitor (TKI) 
imatinib for the treatment of Philadelphia chromosome- 
positive chronic myeloid leukemia (CML) revolutionized 
not only the therapy of CML, but also the development 
of targeted cancer therapy in general.1 Imatinib selec-
tively inhibits the BCR- ABL oncoprotein encoded by the 
Philadelphia chromosome, suppressing its constitutive 
tyrosine kinase activity and associated uncontrolled pro-
liferation.2 However, resistance to imatinib, primarily due 
to mutations in the BCR- ABL oncogene and other factors, 
necessitated the development of subsequent generations 
of TKIs.3 Despite this, imatinib remains one of the front-
line therapies for CML and has been approved for addi-
tional indications, such as acute lymphoblastic leukemia 
and gastrointestinal stromal tumors (GISTs).4

As a Biopharmaceutics Classification System class I 
drug, imatinib demonstrates high intestinal permeabil-
ity and solubility.5 When administered orally, it is com-
pletely absorbed, achieving an absolute bioavailability 
exceeding 97%.6 Imatinib is primarily metabolized via 
cytochrome P450 (CYP) enzymes 2C8 and 3A4,7 with its 
main metabolite, N- desmethyl imatinib (NDMI), account-
ing for 10%–15% of the overall drug level. NDMI's potency 
against BCR- ABL is approximately three times lower than 
that of imatinib itself.8,9 Furthermore, imatinib has been 

identified as a substrate of numerous influx and efflux 
transporters in  vitro, such as organic cation transporter 
(OCT) 1, OCTN2, organic- anion- transporting polypeptide 
(OATP) 1A2, OATP1B3, breast cancer resistance protein 
(BCRP), and P- glycoprotein (P- gp).10–12 Following oral ad-
ministration, 67% and 13% of a single dose (SD) of imati-
nib are excreted as imatinib- related products in feces and 
urine, respectively, over a period of 7 days.13

Imatinib and its metabolite NDMI are highly sus-
ceptible to drug–drug interactions (DDIs), impacting 
their own metabolism and altering the exposure of co- 
administered drugs via inhibition of CYP2C8, CYP2D6, 
and CYP3A4.14,15 For instance, pretreatment with ima-
tinib resulted in a 2.6- fold increase in the area under 
the curve (AUC) of the active metabolite of simvastatin, 
which is formed by CYP3A4.16 Consequently, the United 
States Food and Drug Administration (FDA) lists ima-
tinib as a moderate inhibitor of CYP3A4.17 However, 
imatinib does not only act as a perpetrator but also as 
a victim drug in DDI scenarios. Here, perpetrator drugs 
affecting imatinib's and NDMI's metabolism via CYP2C8 
and CYP3A4 are of particular clinical importance. For 
example, concomitant administration with the antifun-
gal agent ketoconazole, an inhibitor, increases imatinib 
exposure by 40%. In contrast, pretreatment with the 
antibiotic agent rifampicin, an inducer, leads to a 74% 
reduction in AUC of imatinib.18,19 Given the typical 

Study Highlights
WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?
As a victim drug of cytochrome P450 (CYP) 2C8, CYP3A4, and P- glycoprotein, 
imatinib is highly susceptible to drug–drug interactions (DDIs). Additionally, act-
ing as a perpetrator, imatinib affects its own metabolism and the exposure of co- 
medications via inhibition of CYP2C8, CYP2D6, and CYP3A4.
WHAT QUESTION DID THIS STUDY ADDRESS?
This study presents the development of a new whole- body physiologically based 
pharmacokinetic model of imatinib and its main metabolite N- desmethyl imatinib 
(NDMI). The model was applied to describe and predict the role of imatinib and 
NDMI as victims and perpetrators within a newly established CYP2C8/CYP2D6/
CYP3A4/P- glycoprotein- DDI network.
WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?
The DDI network helps to evaluate the effects of co- medication on the pharma-
cokinetics of imatinib/NDMI and the inhibitory potential of imatinib/NDMI, 
highlighting the importance of considering imatinib as both victim and perpetra-
tor in clinical practice.
HOW MIGHT THIS CHANGE DRUG DISCOVERY, DEVELOPMENT, 
AND/OR THERAPEUTICS?
The model can be used to support model- informed drug development and to im-
prove clinical safety and efficacy of imatinib and co- medications through model- 
based precision dosing.
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prescription of five to eight drugs per patient in oncol-
ogy, these interactions present a substantial challenge 
in terms of therapeutic management during imatinib 
treatment. A co- medication review of over 4500 patients 
receiving imatinib identified potential DDIs associated 
with a decrease in imatinib effectiveness in 43% and an 
increase in toxicity in 68% of cases.20

Given these complexities, there is a critical need to 
understand the pharmacokinetics (PK) of imatinib and 
NDMI, especially regarding their interaction potential. 
This understanding is vital to enhance the safety and ef-
ficacy of imatinib therapy. Therefore, this study aimed 
to develop a whole- body physiologically based pharma-
cokinetic (PBPK) model for imatinib and its main me-
tabolite NDMI. Such models are exceptionally useful in 
investigating the PK of drugs, both independently and 
within DDI frameworks, as emphasized by the substan-
tial number of PBPK studies submitted to regulatory 
agencies concentrating on DDI research questions.21 
Furthermore, the versatility of PBPK modeling, espe-
cially in integrating patient- specific demographic, phys-
iological, pathophysiological, and pharmacogenetic 
data, makes it instrumental in facilitating model- based 
precision dosing strategies.22 Utilizing the developed 
imatinib model, this study further conducted predic-
tions and analyses of various complex DDI scenarios, 
showcasing imatinib as both a victim and perpetrator of 
such interactions. Numerous PBPK models of imatinib 
have been developed to explore various research inqui-
ries.23–25 However, our approach uniquely extends this 
body of work by providing a comprehensive whole- body 
PBPK model that incorporates imatinib's main metabo-
lite NDMI, and examines imatinib as both a victim and 
a perpetrator drug in DDI scenarios. To promote wide-
spread access and encourage further research, the final-
ized model files will be made available to the public at 
http:// models. clini calph armacy. me/ .

METHODS

Software

Development of the imatinib PBPK model, including 
parameter identification and local sensitivity analyses, 
was performed using PK- Sim® and MoBi® version 11.0 
(Open Systems Pharmacology Suite, www. open-  syste 
ms-  pharm acolo gy. org, 2022). Engauge Digitizer ver-
sion 12.1 (M. Mitchell, https:// marku mmitc hell. github. 
io/ engau ge-  digit izer/ , 2019) was utilized for the digi-
tization of published clinical study data according to 
Wojtyniak et al.26 The R programming language version 
4.2.3 (R Foundation for Statistical Computing, Vienna, 

Austria, 2023) was used to generate plots and calculate 
PK parameters as well as quantitative model perfor-
mance measures.

Clinical study data

Plasma concentration–time profiles of imatinib and its 
main metabolite NDMI were gathered from published lit-
erature covering a wide dosing range of imatinib admin-
istered either intravenously or orally in SD and multiple 
dose (MD) studies. Once digitized, the profiles were sys-
tematically divided into a training and a test dataset for 
model development and model evaluation, respectively. 
The allocation of profiles was conducted in a deliber-
ate, non- randomized fashion. The goal was to construct 
a training dataset that encompassed a diverse range of 
dosages and administration forms, ensuring each profile 
included a wide array of sampling time points over an 
extended duration. Concurrently, the approach aimed to 
optimize the size of the test dataset, thereby enhancing its 
robustness for thorough model evaluation. Only profiles 
obtained from healthy individuals were selected for the 
training dataset, whereas CML and GIST patients were 
included in the test dataset.

Physiologically based pharmacokinetic 
model building

Prior to building the imatinib parent–metabolite model, 
an extensive literature search was conducted regarding 
clinical study data and physicochemical parameters as 
well as information on the absorption, distribution, me-
tabolism, and excretion (ADME) of imatinib and NDMI.

For model simulations, a representative virtual individ-
ual was created for each included study population based 
on the corresponding reported mean and mode data for 
age, sex, weight, height, body mass index, and ethnicity. 
If demographic information was missing or incomplete, a 
default individual was generated according to the popula-
tion database provided in PK- Sim®. Relative expressions of 
relevant transporters and enzymes in the different organs 
were adopted from the expression database included in 
PK- Sim®. Tables S1 and S2 list the reference concentration 
in the respective organ of highest concentration as well 
as the relative expression profile for each implemented 
transporter/enzyme. To visually examine the influence of 
variation in demographic factors, plasma protein binding 
to α1- acid glycoprotein (AGP), as well as transporter and 
metabolizing enzyme abundances on the exposure of ima-
tinib and NDMI, a virtual population of 1000 individuals 
was established for each study population. If no minimum 
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and maximum demographic values were provided, an age 
range of 20–50 years was assumed. Geometric standard 
deviations applied to the incorporated transporter/en-
zyme concentrations for the population sampling process 
are presented in Table S1.

During the parameter identification process, unknown 
parameter values not reported in the literature or param-
eters involved in PK- Sim®'s permeability and partition 
quantitative structure–activity relationship (QSAR) mod-
els were fitted using the training dataset. Following oral ad-
ministration, the release of imatinib was incorporated via 
a Weibull function (Equation S1). Depending on the infor-
mation available in the literature, transport and metabolic 
processes were implemented as either Michaelis–Menten 
(MM) (Equation S2) or first- order kinetics. The role of rele-
vant enzymes in imatinib metabolism was informed by in-
cluding published in vitro data, detailing the proportional 
contribution of each relevant enzyme to the total clearance 
of imatinib, thereby informing the PBPK model with more 
precise metabolic pathway information.

Physiologically based pharmacokinetic 
model evaluation

The imatinib parent–metabolite model was evaluated both 
graphically and statistically. First, predicted plasma con-
centration–time profiles of imatinib and NDMI were plot-
ted alongside corresponding observed data. Goodness- of- fit 
plots were generated to assess the deviation of predicted 
versus observed plasma concentrations, AUC determined 
between first and last plasma concentration measurements 
(AUClast), and maximum plasma concentration (Cmax) val-
ues for each profile. A twofold difference from observed 
values was set as the prediction success threshold. The 
statistical analysis covered the calculation of mean rela-
tive deviations (MRDs) for predicted concentration–time 
points (Equation  1) and geometric mean fold errors for 
predicted AUClast and Cmax values (Equation 2).

where ci = i- th observed concentration, ĉi = predicted con-
centration corresponding to the i- th observed concentration, 
and k = number of observed values.

where pi = observed AUClast or Cmax value of study i, p̂i = 
corresponding predicted AUClast or Cmax value of study i, 
and m = number of studies.

Finally, local sensitivity analyses were conducted for ima-
tinib and NDMI, which are described in Section S2.7.1.

Drug–drug interaction network modeling

To investigate the role of imatinib and NDMI acting as 
either victims or perpetrators in DDI scenarios, the de-
veloped model was coupled with previously published 
PBPK models of rifampicin, ketoconazole, gemfibrozil, 
simvastatin, and metoprolol.27–31 Relevant interaction 
types, including induction, competitive inhibition, non- 
competitive inhibition, and mechanism- based inactiva-
tion, were incorporated as described in the Open Systems 
Pharmacology Suite manual,32 with the corresponding in-
teraction parameters adopted from the literature.

The developed DDI network was graphically evalu-
ated by comparing predicted with observed plasma con-
centration–time profiles of each victim drug with and 
without co- administration of the respective perpetrator 
drug. Predicted and observed AUClast and Cmax ratios were 
calculated for each DDI scenario according to Equation 3 
and compared by applying the limits proposed by Guest 
et  al.33 to determine prediction accuracy (including 20% 
variability).

where PK parameter = AUClast or Cmax, PK parame-
terDDI = AUClast or Cmax of victim drug with perpetrator co- 
administration, and PK parameterControl = AUClast or Cmax of 
victim drug control.

Quantitative evaluation was performed by calculating 
GMFE values (Equation 2) for all predicted DDI AUClast 
and Cmax ratios.

RESULTS

Physiologically based pharmacokinetic 
model building and evaluation

The imatinib parent–metabolite model was developed 
using 24 clinical studies providing a total of 42 and 18 
plasma concentration–time profiles of imatinib and 
NDMI, respectively. The profiles were allocated to either 
the training (n = 8) or the test (n = 52) dataset. Of these 
60 profiles, 40 were collected in healthy subjects, while 
20 were derived from CML and GIST patients. Given no 
apparent difference between plasma profiles of healthy 
subjects and patients, the developed PBPK model was 
applied to CML and GIST patients without modifications 

(1)MRD = 10x ; x =

�
∑k

i=1

�
log10ĉi− log10ci

�2

k

(2)
GMFE = 10x ; x =

∑m
i=1

����
log10

�
�̂i
�i

��
��
�

m

(3)DDI PK parameter ratio=
PK parameterDDI
PK parameterControl
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to the drug- dependent parameters of imatinib and 
NDMI or the physiological parameters of the simulated 
virtual individuals. Routes of administration included 
intravenous dosing of imatinib via infusion (100 mg, SD) 
and oral intake as tablet or capsule (25–750 mg, SD and 
MD). Information on all profiles and study populations 
used is listed in Table S3.

Figure 1 provides a schematic representation of the 
transport and metabolic processes implemented in the 
model. Imatinib metabolism via CYP2C8 and CYP3A4 
was incorporated in the model via MM kinetics, account-
ing for 67% and 33% of NDMI formation, respectively. 
The model further integrated the transformation of 
imatinib into unspecified metabolites through CYP3A4, 
following first- order kinetics. Additionally, P- gp was 
incorporated as a transport protein for imatinib, with 
its function modeled using MM kinetics. NDMI me-
tabolism was implemented via CYP2C8, CYP3A4, and 
a nonspecific first–order hepatic clearance process. The 
effect of genetic polymorphisms on the incorporated 
transporters and enzymes was not accounted for in the 
model due to a lack of studies stratifying their cohorts 
by genotype or phenotype.

During model building, lipophilicities of imatinib and 
NDMI which are crucial parameters in several key QSAR 
equations were optimized. This fitting resulted in values 
within the reference range for imatinib and approximately 
one logarithmic unit lower than the reference for NDMI. 

Parameters for first–order clearance processes were also 
included in the parameter optimization procedure. For 
biotransformation steps modeled as MM kinetics, MM 
constants (KM) were adopted from the literature, while 
catalytic rate constants (kcat) were fitted within one mag-
nitude of reported values. Conversely, both KM and kcat 
were optimized for the transport of imatinib via P- gp, as 
the KM value could not be informed from the literature. In 
addition, (auto)inhibition was integrated using published 
data.14,34,35 Here, for imatinib, mechanism- based inactiva-
tion of CYP3A4 was implemented. Moreover, competitive 
inhibition of CY2C8, CYP2D6, P- gp, and BCRP was inte-
grated. With respect to NDMI, competitive inhibition pa-
rameters of CYP2C8, CYP2D6, and CYP3A4 were informed 
via literature.14 A Weibull function was applied to simulate 
the release of imatinib from both tablets and capsules, with 
parameters time to 50% dissolution and shape derived from 
a tablet dissolution profile of previous work according to 
Langenbucher et  al.36,37 The final model parameters for 
imatinib and NDMI are provided in Table S4.

The developed imatinib PBPK model demonstrated 
good performance in describing (training dataset) and pre-
dicting (test dataset) plasma concentration–time profiles 
of imatinib and NDMI following intravenous and oral ad-
ministration of imatinib to healthy subjects and patients. 
Figure 2 presents a representative selection of imatinib/
NDMI population predictions compared to correspond-
ing observed data. Linear and semilogarithmic plots of all 
model predictions including observed data are provided in 
Sections S2.1–S2.3.

Goodness- of- fit plots of predicted versus observed 
plasma concentrations as well as AUClast and Cmax values 
separated by dataset are shown in Figure 3. Overall, 92% 
of predicted imatinib and NDMI concentration measure-
ments as well as 98% of predicted AUClast and 98% of pre-
dicted Cmax values were within twofold of corresponding 
observed data. Moreover, statistical model evaluation re-
sulted in a mean (range) MRD of predicted plasma con-
centrations of 1.46 (1.07–2.81) along with mean (range) 
GMFEAUClast and GMFECmax values of 1.28 (1.00–2.40) and 
1.26 (1.00–2.08), respectively. Values for MRD, AUClast, 
and Cmax of all profiles are listed in Tables S5 and S6.

Local sensitivity analyses were performed based on 
simulated steady- state conditions following oral admin-
istration of 400 mg imatinib once daily for 28 days. The 
steady- state AUC of imatinib and NDMI exhibited the 
greatest sensitivity to changes in the acid dissociation 
constant of the amino group within the piperazine ring 
and the unbound fraction (fu), respectively. Both param-
eters were adopted from the literature. Of note, given the 
proximity of the model parameter for the acid dissociation 
constant (7.84) to the physiological pH of 7.4, an increase 
of 10% causes only a small change in imatinib and NDMI 

F I G U R E  1  Schematic overview of the processes incorporated 
in the developed imatinib parent–metabolite model. Following 
administration of a single dose of imatinib, 57% of modeled 
imatinib metabolism leads to the formation of N- desmethyl 
imatinib via CYP2C8 and CYP3A4, while the remaining pathway 
involves the conversion of imatinib to undefined metabolites 
via CYP3A4. In addition, transport via P- gp was included for 
imatinib. For the metabolism of N- desmethyl imatinib, the model 
incorporates CYP2C8, CYP3A4, and a nonspecific hepatic clearance 
process. CLhep: hepatic clearance, CYP: cytochrome P450, P- gp: 
P- glycoprotein.
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   | 931PBPK MODELING OF IMATINIB AND N- DESMETHYL IMATINIB

F I G U R E  2  Predicted compared to observed plasma concentration–time profiles of imatinib and NDMI of the training (a–c) and test 
(d–l) dataset. Solid lines and ribbons represent population predictions (n = 1000; geometric mean and geometric standard deviation), while 
corresponding observed data are shown as dots (± standard deviation, if available).6,18,38,43,47–51 Detailed information on all investigated 
profiles is provided in Table S3. BID: twice daily, Healthy: healthy subjects, Ima: imatinib, iv: intravenous, n: number of study participants, 
NDMI: N- desmethyl imatinib, Patients: cancer patients, po: oral, QD: once daily, SD: single dose.
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AUC values, while a reduction of 10% is associated with a 
large decrease in exposure. Section S2.7.2 provides a de-
tailed evaluation of the sensitivity analyses.

Drug–drug interaction modeling

The DDI network centered around imatinib as a victim 
and perpetrator drug was developed using five DDI stud-
ies. In total, three studies investigated the influence of 
perpetrator co- administration on the exposure of imatinib 
and NDMI. Here, one study examined pretreatment with 
the competitive CYP2C8/CYP3A4/P- gp inhibitor and 
inducer rifampicin, while a second study addressed co- 
treatment with the competitive CYP3A4/P- gp inhibitor 
and non- competitive CYP2C8 inhibitor ketoconazole.18,19 
Finally, one study analyzed the effect of pretreatment with 
the CYP2C8 mechanism- based inactivator gemfibrozil.38

Moreover, DDI studies assessing the influence of imati-
nib pretreatment on the PK of simvastatin and metoprolol 
as well as their active metabolites were available, with in-
teractions predominantly caused by CYP3A4 mechanism- 
based inactivation and CYP2D6 competitive inhibition, 
respectively.15,16 In the case of metoprolol, a drug–drug–
gene interaction (DDGI) study was included in which the 
study population was additionally stratified into CYP2D6 
normal metabolizers (NMs) and intermediate metabo-
lizers (IMs). Here, the same KM value was used for both 
study cohorts, while phenotype- specific kcat values were 
applied.28 Because most NMs and IMs were *1/*10 and 
*10/*10 genotypes, respectively, kcat values equivalent to 
64% and 19% of the wildtype kcat were included in the 
DDI model. Figure 4 shows a schematic overview of the 
modeled DDI network, depicting the respective main in-
teraction mechanisms. Detailed information on the DDI 
studies used and model parameters of each DDI partner 
are available in Sections S3.1–S3.2.

Predicted versus observed plasma concentration–
time profiles of each victim drug with and without co- 
administration of the respective perpetrator drug are 
displayed in Figure  5. Table  1 presents the predicted 
versus observed impact of each perpetrator on the re-
spective victim, stating the exposure (AUC) during perpe-
trator co- administration relative to the control exposure. 
Furthermore, predicted versus observed DDI AUClast and 
Cmax ratios are shown in Figure 6. In total, 11/12 of pre-
dicted DDI AUClast and 10/12 of Cmax ratios were within 
the limits proposed by Guest et  al.33 with mean (range) 
GMFE values of 1.21 (1.02–1.65) and 1.23 (1.01–1.87), 
respectively. Predicted and observed DDI profiles (linear 
and semilogarithmic) and corresponding DDI ratios are 
provided in Sections S3.3–S3.6.

DISCUSSION

In the present work, a parent–metabolite whole- body 
PBPK model for imatinib was developed demonstrating 
its capability to accurately describe and predict plasma 
concentration–time profiles for both imatinib and its 
main metabolite NDMI. The model is robust across a wide 
dosing range of intravenously and orally administered 
imatinib (25–750 mg, SD and MD studies) in both healthy 
subjects and cancer patients. PK differences between 
these populations are documented in the literature and 
were investigated during model building. For instance, 
a 2–5- fold increase in AGP plasma levels is reported for 
CML patients compared to healthy subjects, potentially 
influencing imatinib fu.39 However, since elevated AGP 
levels were also observed to normalize during imatinib 
treatment, no CML- specific fu value was incorporated in 
the model.40 Overall, imatinib clearance in CML patients 
appears to depend on both the disease stage and the du-
ration of imatinib use, while in GIST patients, for exam-
ple, changes in liver function due to hepatic metastases or 
surgery have been reported.40 Given the frequent unavail-
ability of detailed physiological data for cancer patients, 
mechanistic modeling to account for these differences was 
constrained. Therefore, our approach remained focused 
on leveraging broadly applicable physiological param-
eters. Moreover, given the performance of the unmodified 
model in both populations (mean MRD: healthy subjects 
1.39 vs. patients 1.59), no population- specific adjustments 
were made to minimize the model's complexity. The final 
PBPK model was further applied to predict different DDI 
scenarios involving imatinib and NDMI acting as both vic-
tims and perpetrators.

A key constraint of the model lies in the limitations 
of current knowledge as well as published clinical and 
in vitro data. For instance, consistent with literature data, 
when simulating an oral administration of 400 mg imati-
nib, the entire dose is absorbed.6 However, at 83%, the pre-
dicted total bioavailability was moderately lower than the 
reported literature value of more than 97%.6 One potential 
explanation for this discrepancy may lie in the in vivo de-
conjugation of imatinib glucuronides by gut microbes,41 
a process integral to the enterohepatic circulation (EHC). 
This phenomenon could lead to the reabsorption of ima-
tinib, influencing its overall bioavailability. Although the 
model accounts for the EHC of imatinib with a modeled 
EHC fraction of 1, it does not incorporate the sequential 
formation and breakdown of imatinib glucuronides. This 
omission is primarily due to the complexity of these pro-
cesses and the lack of comprehensive data regarding the 
conjugation and deconjugation of imatinib, as well as the 
PK of its various glucuronide forms.
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Furthermore, imatinib has been identified as a substrate 
of several influx and efflux transporters in vitro, such as 
OCT1, OCTN2, OATP1A2, OATP1B3, BCRP, and P- gp,10–12 
potentially influencing ADME processes. However, the 
relevance of these transporters in vivo remains uncertain 
due to conflicting study results. In our model, P- gp was 
selected as the efflux transporter over BCRP, primarily be-
cause the data for P- gp were more consistent and reliable 
compared to that for BCRP. Incorporating P- gp into the 
model led to an increase in the predicted urinary excretion 
of unchanged imatinib, rising from under 2% to about 5% 
following SD oral administration. This adjustment brings 
the model's predictions more in line with the urinary ex-
cretion rates observed in  vivo.37,42 During model build-
ing, the incorporation of various influx transporters such 
as OCT1, OCTN2, OATP1A2, and OATP1B3 was tested. 
Despite considering the integration of these transporters 
into the model, we ultimately did not include them in the 
final model. This decision was based on the observation 

that their inclusion did not markedly alter the base model's 
predictive performance or the simulated DDIs, with the 
total bioavailability consistently estimated around 83%. 
Furthermore, the data on transport parameters necessary 
to inform the model were limited and often conflicting. 
For example, while some studies identified OATP1A2 as 
a key transporter in imatinib uptake, evidence from pre-
treatment with the OATP1A2 inhibitor rosuvastatin indi-
cated no significant impact on imatinib's PK, adding to the 
ambiguity in these transporters' roles.43,44

Overall, as only one mean intravenous imatinib profile 
was available from the literature, additional intravenous 
studies would be of particular interest to further investi-
gate the discrepancy between modeled and reported total 
bioavailability. Moreover, dedicated studies on the pa-
rameterization and quantification of transport processes 
would be of great value to allow for an even more precise 
simulation of imatinib's PK. However, as both oral and in-
travenous administration of imatinib and metabolism to 

F I G U R E  3  Goodness- of- fit plots of the final imatinib parent–metabolite model. Stratified by training (left column) and test dataset 
(right column), predicted plasma concentration measurements (a, b) as well as AUClast (c, d) and Cmax (e, f) values are plotted against 
corresponding observed data. The solid line represents the line of identity, while dotted lines indicate 1.25- fold, and dashed lines twofold 
deviation from the respective observed value. Detailed information on all investigated profiles is provided in Table S3. AUClast: area under 
the curve determined between first and last plasma concentration measurements, Cmax: maximum plasma concentration, NDMI: N- 
desmethyl imatinib.

F I G U R E  4  Schematic overview 
of the modeled drug–drug interaction 
network. The network covers the effects of 
rifampicin, ketoconazole, and gemfibrozil 
on the pharmacokinetics of imatinib 
as a victim, as well as the impact of 
imatinib as a perpetrator on the plasma 
levels of simvastatin and metoprolol. 
The respective main mechanisms of 
interactions are presented. For simplicity, 
the interaction effects of and on the 
corresponding metabolites, such as 
N- desmethyl imatinib, are summarized 
under the name of the parent drug. CYP: 
cytochrome P450, P- gp: P- glycoprotein.
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F I G U R E  5  Evaluation of the modeled drug–drug interaction network. Presented are predicted plasma concentration–time profiles 
of victim drugs imatinib (a–c), simvastatin (d), and metoprolol (e, f) without (Control) and with (DDI) co- administration of the respective 
perpetrator drug rifampicin (a), ketoconazole (b), gemfibrozil (c), or imatinib (d–f), alongside corresponding observed data.15,16,18,19,38 Solid 
(Control) and dashed (DDI) lines and ribbons represent model population predictions (n = 1000; geometric mean and geometric standard 
deviation), while corresponding observed data are shown as dots (± standard deviation, if available). For the effect of rifampicin on NDMI, 
only DDI ratios were reported in the respective study (see Figure 6). Detailed information on all investigated DDI studies is provided in 
Table S8. CYP: cytochrome P450, DDI: drug–drug interaction, Healthy: healthy subjects, IM: intermediate metabolizer, Ima: imatinib, 
Meto: metoprolol, n: number of study participants, NDMI: N- desmethyl imatinib, NM: normal metabolizer, OH- Meto: hydroxymetoprolol, 
Patients: cancer patients, Simva: simvastatin, Simva- Acid: simvastatin hydroxy acid.
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NDMI were well described by the model, we consider he-
patic clearance processes, and thus the fraction escaping 
first- pass liver metabolism, to be adequately represented 
in the model. Furthermore, the good prediction of mainly 
metabolic DDIs indicates a well- described relationship 
between fraction absorbed and fraction escaping gut wall 
metabolism.

In line with literature reports, CYP2C8 and CYP3A4 
were implemented for the metabolism of imatinib and 
NDMI, while biotransformation via CYP3A5 was excluded 

due to its relatively minor role in the biotransformation 
process.7 Here, model predictions for the relative influence 
on NDMI formation of CYP2C8 (67%) and CYP3A4 (33%) 
are in close agreement with the approximate in vitro liter-
ature values of 69% and 31%, respectively.7 Overall, 57% of 
the modeled total metabolism of imatinib is accounted for 
by the formation of NDMI, closely aligning with in vitro 
findings which reported a similar contribution of 51%.7 
Listed fractional contributions of CYP2C8 and CYP3A4 
to the metabolism of imatinib refer to a simulated SD 

T A B L E  1  Predicted versus observed impact on the exposure of each victim drug upon perpetrator co- administration.

Victim Perpetrator Compound measured

DDI exposurea [%]

ReferencesPredicted Observed

Imatinib Rifampicin Imatinib 24 26 Bolton 200419

NDMI 76 89

Imatinib Ketoconazole Imatinib 144 140 Dutreix 200418

NDMI 104 86

Imatinib Gemfibrozil Imatinib 151 93 Filppula 201338

NDMI 54 51

Simvastatin Imatinib Simvastatin 391 322 O'Brien 200316

Simva- Acid 491 299

Metoprololb Imatinib Metoprolol 119 126 Wang 200815

OH- Meto 112 129

Metoprololc Imatinib Metoprolol 138 117 Wang 200815

OH- Meto 133 142
aRelative to the corresponding exposure without perpetrator co- administration.
bCYP2D6 normal metabolizers.
cCYP2D6 intermediate metabolizers, CYP: cytochrome P450, DDI: drug–drug interaction, NDMI: N- desmethyl imatinib, OH- Meto: hydroxymetoprolol, Simva- 
Acid: simvastatin hydroxy acid.

F I G U R E  6  Evaluation of the modeled drug–drug interaction network. Predicted versus observed DDI AUClast (a) and DDI Cmax 
(b) ratios are shown with the solid line representing the line of identity, dotted lines indicating 1.25- fold, and dashed lines twofold deviation 
from the respective observed value. Curved lines mark the prediction success limits proposed by Guest et al.33 including 20% variability. 
Detailed information on all investigated DDI studies is provided in Table S8. AUClast: area under the curve determined between first and last 
plasma concentration measurements, Cmax: maximum plasma concentration, DDI: drug–drug interaction, NDMI: N- desmethyl imatinib, 
OH- Meto: hydroxymetoprolol, Simva- Acid: simvastatin hydroxy acid.

(a) (b)
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administration of imatinib. However, a shift in the enzy-
matic contributions toward a greater influence of CYP2C8 
was observed upon simulated MD administrations of ima-
tinib, most likely due to the pronounced autoinhibition of 
CYP3A4. Under simulated steady- state conditions, 75% 
of imatinib metabolism leads to the formation of NDMI 
(SD: 57%), with an increasing role of CYP2C8 within the 
NDMI pathway (SD: 67% vs. MD: 84%). This modeled de-
crease in CYP3A4 contribution to the overall metabolism 
of imatinib at steady- state reflects the results from DDI 
studies involving CYP3A perpetrators. Here an effect of 
ketoconazole on SD administration of imatinib was ob-
served, while ritonavir showed almost no influence on 
the steady- state AUC of imatinib.18,45 This finding could 
be confirmed via modeling (see Section S3.7). The influ-
ence of different polymorphically expressed transporters 
and enzymes on imatinib exposure has been investigated 
in previous works. For example, one study showed that 
the CYP3A4 rs2242480 polymorphism resulted in signifi-
cantly lower steady- state imatinib trough concentrations, 
relative to the wild type.46 However, the model does not 
account for genotype- specific activities of the incorpo-
rated transporters and enzymes, primarily due to the scar-
city of comprehensive data. Future studies focusing on the 
impact of various genetic polymorphisms on the plasma 
levels of imatinib and NDMI, especially over extended 
periods and not just at trough concentrations, would be 
valuable. Such research could facilitate the integration of, 
for example, different CYP3A4 activities into the model, 
allowing more personalized predictions.

Following the model development process, a DDI 
network centered around imatinib acting as both a vic-
tim and perpetrator drug was successfully established 
by coupling the final imatinib model with previously 
published models of the perpetrator drugs rifampicin, 
ketoconazole, and gemfibrozil, as well as of the victim 
drugs simvastatin and metoprolol.27–31 Good overall pre-
dictive performance was attained for the modeled DDI 
scenarios, reflected by 24/24 predicted AUClast and Cmax 
ratios being within twofold of observed ratios. However, 
the modeled DDI network has limitations due to incom-
plete or biased published data. For instance, the effect 
of co- treatment with ketoconazole on imatinib exposure 
was examined solely in the context of SD administration 
of ketoconazole. As the metabolites of ketoconazole also 
exhibit potent inhibition of CYP2C8, CYP3A4, and P- gp, 
DDI studies involving pretreatment with ketoconazole 
would be of great interest to analyze the maximum in-
hibitory effect of ketoconazole and its metabolites on 
the AUC of imatinib and NDMI.

Various other PBPK models for imatinib are docu-
mented in the literature. These models address aspects 
such as interethnic differences in imatinib PK as well as 

dose optimizations for children and adults in DDI sce-
narios with imatinib as the victim drug.23–25 Contrasting 
with these, our whole- body PBPK model of imatinib en-
compasses the formation and biotransformation of both 
imatinib and its main metabolite NDMI. This approach is 
crucial as NDMI not only contributes to imatinib's phar-
macodynamic effects but also plays an important role 
in inhibiting enzymes such as CYP2C8, CYP2D6, and 
CYP3A4. Hence, the inclusion of NDMI in the model 
enhances the model's clinical relevance for imatinib ap-
plication and provides a more robust framework for the 
prediction of DDIs. While the activity and the inhibitory 
effect of NDMI are not overly prominent when imatinib 
is administered alone given its rather low contribution 
to the overall exposure, the importance of NDMI can in-
crease greatly depending on the concomitant medication. 
For example, pretreatment with the inducer rifampicin 
causes the contribution of NDMI to total exposure to in-
crease from 15% to 38%.19 In a clinical oncology environ-
ment with five to eight drugs prescribed per patient, the 
importance of NDMI might therefore increase consider-
ably and should not be neglected.20 Furthermore, to the 
best of our knowledge, the developed DDI network is the 
first to cover imatinib not only as a victim, but also as a 
perpetrator drug. In particular, the good model prediction 
regarding the effect of imatinib on simvastatin exposure, 
mainly via CYP3A4 inhibition, is of great value as it allows 
the verification of the appropriate implementation of ima-
tinib autoinhibition.

In summary, the developed imatinib parent–metab-
olite whole- body PBPK model shows good descriptive 
and predictive performance for both imatinib and its 
active metabolite NDMI in healthy subjects and CML/
GIST patients. In addition, the role of imatinib and 
NDMI as CYP2C8, CYP3A4, and P- gp (imatinib) sub-
strates, as well as inhibitors of CYP3A4 and CYP2D6, 
was successfully investigated and predicted within a 
newly established DDI network. Potential application 
areas of the developed model and corresponding ima-
tinib DDI network include model- informed drug de-
velopment as well as model- based precision dosing for 
patients. After being evaluated across various DDI sce-
narios, the imatinib model is capable of integration with 
any existing and validated PK- Sim® victim or perpetrator 
model to predict clinically untested DDIs and even mul-
tiple DDIs involving more than two DDI partners (e.g., 
two perpetrators). Hence, the developed imatinib model 
enables the prediction of effects both by and on imati-
nib and NDMI across a wide array of clinically relevant 
polypharmacy scenarios. This capability facilitates the 
identification and quantification of potential drug in-
teractions. Subsequently, the presented model may be 
used to generate dose recommendations for imatinib or 
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relevant victim drugs to improve both therapy safety and 
efficacy.
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