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Abstract
Background and Objective  This study provides a physiologically based pharmacokinetic (PBPK) model-based analysis of the 
potential drug–drug interaction (DDI) between cyclosporin A (CsA), a breast cancer resistance protein transporter (BCRP) 
inhibitor, and methotrexate (MTX), a putative BCRP substrate.
Methods  PBPK  models for CsA and MTX were built using open-source tools and published data for both model building 
and for model verification and validation. The MTX and CsA PBPK models were evaluated for their application in simulating 
BCRP-related DDIs. A qualification of an introduced empirical uniform in vitro scaling factor of Ki values for transporter 
inhibition by CsA was conducted by using a previously developed model of rosuvastatin (sensitive index BCRP substrate), 
and assessing if corresponding DDI ratios were well captured.
Results  Within the simulated DDI scenarios for MTX in the presence of CsA, the developed models could capture the 
observed changes in PK parameters as changes in the area under the curve ratios (area under the curve during DDI/area under 
the curve control) of 1.30 versus 1.31 observed and the DDI peak plasma concentration ratios (peak plasma concentration 
during DDI/peak plasma concentration control) of 1.07 versus 1.28 observed. The originally reported in vitro Ki values of 
CsA were scaled with the uniform qualified scaling factor for their use in the in vivo DDI simulations to correct for the low 
intracellular unbound fraction of the CsA effector concentration. The resulting predicted versus observed ratios of peak 
plasma concentration and area under the curve DDI ratios with MTX were 0.82 and 0.99, respectively, indicating adequate 
model accuracy and choice of a scaling factor to capture the observed DDI.
Conclusions  All models have been comprehensively documented and made publicly available as tools to support the drug 
development and clinical research community and further community-driven model development.
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Conclusion: The models predicted a weak interaction potential for 
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Key Points 

Whole-body physiologically based pharmacokinetic 
(PBPK) models of methotrexate (MTX) and cyclosporin 
A (CsA) have been developed and evaluated to cap-
ture relevant absorption, distribution, metabolism, and 
excretion-related properties of MTX and CsA to describe 
the pharmacokinetic (PK) characteristics of MTX and 
CsA.

These models have been applied to describe and evalu-
ate the CsA-MTX drug–drug interaction (DDI) with the 
purpose of assessing the effect of breast cancer resist-
ance protein transporter (BCRP) inhibition on MTX PK. 
To calibrate and cross-qualify the BCRP inhibition by 
CsA, a published PBPK model for rosuvastatin was used.

The work lays the foundation for the evaluation of DDIs  
mediated by the BCRP pathway. The models capture a 
weak interaction potential for CsA with MTX, which 
is mediated through inhibition of aldehyde oxidase 
metabolism and BCRP-related active transport, and the 
models are available for further development in the Open 
Systems Pharmacology PBPK model repository.

1  Introduction

Characterising drug–drug interactions (DDIs) with drug 
metabolising enzymes and transporters is a critical part of 
the drug development process because a drug’s exposure 
following co-administration with another drug can lead to 
a loss of efficacy or an adverse drug reaction [1]. The DDI 
risk assessment is initiated at an early stage in drug research 
by using in vitro tools. Depending on the outcomes of such 
a risk assessment, clinical DDI studies may be conducted to 
address the likelihood and potential magnitude of DDIs, and 
are ultimately used to support labelling requirements and 
prescribing information [2–4].

The breast cancer resistance protein transporter (BCRP; 
ABCG2) is an ATP-binding cassette efflux transporter that is 
highly expressed in barrier tissues such as the colon, small 
intestine, blood–brain barrier, placenta, and liver canalicular 
membrane and plays a critical role in the oral (PO) absorp-
tion and hepatic elimination of substrate drugs [5]. Geneti-
cally impaired BCRP activity has been shown to increase 
exposure to several marketed drugs, including rosuvastatin 
(RSV), sulfasalazine, and methotrexate (MTX) [6, 7]. While 
many drugs are inhibitors of BCRP in vitro, there are only 
a few reported clinically relevant DDIs that are attributed 

solely to BCRP, in part due to the fact that transporters 
often have overlapping substrate specificities [8, 9]. For 
instance, RSV is not only a substrate of BCRP but also of 
organic anion transporting polypeptides (OATP) 1B1 and 
1B3, organic anion transporter OAT3, and P-glycoprotein 
(P-gp). Transporter-overlapping substrate specificities can 
often complicate the interpretation of clinical DDI results 
[10, 11].

Advances in modelling and simulation approaches permit 
mechanistic and quantitative insights to assist in decision 
making regarding DDI risk assessments [1]. Physiologically 
based pharmacokinetic (PBPK) models are mathematical 
models that mechanistically describe drug pharmacokinet-
ics (PK) based on the physicochemical properties of a drug 
in combination with the established knowledge on human 
physiology and by integrating this information within a 
mechanistic framework [12]. PBPK can thus enable a mech-
anism-based evaluation of DDI potential [13–15], helping 
to distinguish the impact of BCRP inhibition on a drug’s 
absorption, distribution, and elimination from effects on 
other enzymes or transporters, and can be informative for 
the optimal design of clinical DDI studies.

This study aimed to develop PBPK models of cyclosporin 
A (CsA; background information in the Electronic Supple-
mentary Material [ESM]), a BCRP inhibitor, and MTX 
(background info in the ESM), a putative BCRP substrate, 
to investigate MTX as a victim of BCRP inhibition. With 
this aim in mind, BCRP transport was incorporated into the 
MTX model. Metabolism to the primary metabolite 7-OH-
MTX by the aldehyde oxidase (AOX) enzyme was included 
for the stratification of DDI effects, as CsA inhibits both 
BCRP and AOX, and the model performance was compared 
with reported PK of MTX and 7-OH-MTX in plasma and 
urine.

First, we developed a PBPK model of CsA that was able 
to describe the CsA concentrations in plasma, whole blood, 
and urine while incorporating relevant absorption, distri-
bution, metabolism, and excretion (ADME) processes to 
predict intracellular unbound concentrations as effect con-
centrations of DDIs. Previously developed PBPK models 
of MTX [16–18] were evaluated but could not be adopted 
owing to the use of either a different PBPK software or a 
simpler model structure tailored to and qualified for a dif-
ferent context of use not suitable for DDI evaluations. Simi-
larly, existing PBPK models of CsA were evaluated [19–21]. 
The model developed by Thiel et al. [20] focused on the 
cross-species extrapolation of intravenous (IV) data. Jamei 
et al. [19] developed a CsA model to evaluate DDI with 
RSV. Both models did not consider the reported binding 
to cyclophilin (CyP). Zapke et al. [21] developed a model 
for dose optimisation, extrapolating CyP binding properties 
from rats. Considering all aspects of the published models 
and using published clinical data from whole blood, plasma, 
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and urine, we aimed to develop a refined consensus PBPK 
model for CsA. The model of CsA as a perpetrator of BCRP 
inhibition was then qualified using a previously published 
model of the BCRP-sensitive substrate RSV [22]. The last 
step in the qualification of the minimal DDI interaction 
network was the evaluation of the BCRP component in the 
MTX model by prediction of observed (published) DDIs 
with CsA.

2 � Methods

2.1 � Software Used

PBPK models were developed using the open-source model-
ling software PK-Sim (Open Systems Pharmacology Suite 
9.1, www.​open-​syste​ms-​pharm​acolo​gy.​org [23, 24]). Pub-
lished plasma concentration–time profiles from the literature 
were digitised with WebPlotDigitizer (www.​autom​eris.​io/​
WebPl​otDig​itizer). Generation of the goodness-of-fit graph-
ics was done with R (version 1.3.1093; RStudio Inc., Boston, 
MA, USA).

2.2 � PBPK Model Development and Application 
(Workflow)

For the investigation of MTX as a victim of BCRP inhi-
bition, the developed PBPK models were evaluated and 
validated prior to their context of use qualification (Fig. 1). 
PBPK models for both the victim MTX and the perpetrator 
CsA were first developed and validated using literature PK 
data and then evaluated for their suitability for capturing 
DDIs on BCRP using a reference DDI scenario and by inves-
tigating the BCRP effect size. The resulting DDI network is 
depicted in Fig. 1B.

In order to develop the PBPK models for CsA and 
MTX, a literature search was performed to collect the 
parameters on physicochemical properties and relevant 
ADME processes related to the involved drug transporters 
and metabolising enzymes. The logP, pKa, solubility, and 
fraction unbound in plasma were obtained using the Drug-
Bank database and literature. In case multiple values were 
reported in the literature, values for, for example, logP, the 
fraction unbound in plasma and intestinal permeability, 
were refined post hoc [14, 20] using the published PK data. 
The partition coefficients in the tissues were calculated 
using the method from Rodgers et al. [25]. All CsA-related 

Fig. 1   A Workflow for the model development, validation and applica-
tion to investigate methotrexate (MTX) as a victim of breast cancer 
resistance protein transporter (BCRP)  inhibition. B Visualisation of the 
evaluated (minimal) drug–drug interaction (DDI) network. Blue arrow 
depicts metabolic process, green arrows depict transport processes. Red 

lines depict inhibition of processes by cyclosporin A (CsA). In addition 
to BCRP transport, CsA also inhibits organic anion transporting polypep-
tides (OATPs) 1B1 and 1B3 and P-glycoprotein (P-gp) transport of rosu-
vastatin (RSV) and digoxin. AOX aldehyde oxidase

http://www.open-systems-pharmacology.org
http://www.automeris.io/WebPlotDigitizer
http://www.automeris.io/WebPlotDigitizer
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and MTX-related, drug-dependent model parameters are 
listed in Table 1.

To obtain the PK data and PK property/exposure 
parameters of CsA and MTX, the literature (MEDLINE, 
PubMed) and the UW DIDB (University of Washington 
Drug Interaction Database, www.​drugi​ntera​ction​solut​
ions.​org) were screened. Primarily studies with known 
demographic information such as age, sex, height, weight, 
renal function, dosing information, available plasma con-
centration–time profiles and/or exposure parameters were 
included in the model development. The studies used for 
model development for MTX and CsA are listed in Tables 
S1 and S2 of the ESM. Further background on the PBPK 
model structure is outlined in Sect. 3 of the ESM. Criteria 
for the model goodness-of-fit evaluation are outlined in 
Sect. 2.6.

2.3 � PBPK Model of CsA

The PBPK model for CsA was built by incorporating all 
physicochemical compound-related properties as outlined 
in Sect. 2.1, Table 1, and was subsequently refined using the 
observed clinical data extracted from the literature (Table S2 
of the ESM) with different formulations (Neoral Soft Gela-
tin Capsules, Sandimmune Soft Gelatin Capsules and Oral 
Solution, Novartis). Cyclophilin binding was incorporated 
into the model using the PK-Sim tissue expression and a 
protein binding kinetic, while the observed rapid red blood 
cell uptake was accounted for by incorporating an increased 
permeability into red blood cells (0.1 cm/min; scaled by 
10e4 from 1×10e-5 cm/min). Higher than predicted permea-
bility was also incorporated in the tissue extravasation kinet-
ics by an increased cellular permeability (P [interstitial → 

Table 1   Cyclosporin A and methotrexate drug-dependent model parameters

“Refined” indicates that the values have been identified by parameter identification to a value within ranges of values found in the literature. 
Original (“origin”) literature values are provided in brackets. “Fitted” indicates that these values have either not been reported, or the obtained 
values resulting from the fit are outside the range of the values found in the literature. “Predicted” values are calculated using PK-Sim-intrinsic 
methods based on compound properties
AOX aldehyde oxidase, BCRP breast cancer resistance protein transporter, B:P blood plasma ratio, CL clearance, fu fraction unbound in plasma, 
GFR glomerular filtration rate, MW molecular weight, n.a. not applicable, OATP organic anion transporter peptide, P-gp P-glycoprotein

Parameter Unit Cyclosporin A Methotrexate

Value (origin) Source (origin) Value (origin) Source (origin)

MW g/mol 1202.6 – 454.4 –
pKa basic – n.a. DrugBank 5.5 DrugBank
pKa acid – 11.83 DrugBank 4.8 DrugBank
LogP – 3 (1.9–3.4) Refined ([45, 54, 55]) −1.85 DrugBank (exp. LogP)
Solubility mg/L 1.5 (0.0093) Fitted ([56]) 3000 Bolger et al. (poster, 

measured FaSSIF)
Intestinal permeability 10e-6 cm/min 1200 (2.75) Fitted ([57]) 60 [26] Table 3
B:P ratio – 1.24 (0.2–4) Predicted ([45, 55, 58]) 0.55 Predicted
fu(human) % 12 (3.5–17) Refined ([45, 55, 59]) 40 (42–57) Refined ([59])
CYP3A4 Vmax pmol/min/pmol 5 (0.024–5) Refined ([58, 60, 61]) – –
CYP3A4 Km µmol/L 1.7 (1.2–2.2) Refined ([60]) – –
AOX Vmax µmol/min/L – – 3.41 Fitted
AOX Km µmol/L – – 2792 [62]
AOX reference concentration µmol/L – – 2.5 Fitted
P-gp Vmax pmol/min/pmol 10 (–) Fitted ([63]) – –
P-gp Km µmol/L 6.1 (3.8–8.4) Refined ([63]) – –
BCRP Vmax µmol/L/min – – 3982 (2500) Fitted [64]
BCRP Km µmol/L – – 1340 [65]
AOX Ki nmol/L 2 Fitted – –
BCRP Ki µmol/L 0.05 (0.25–7.2) Fitted ([66]) – –
P-gp Ki µmol/L 0.04 (0.9–3.2) Fitted ([67]) – –
OATP1B3 Ki µmol/L 0.007 (0.03–2.2) Fitted ([38, 66, 68]) – –
OATP1B1 Ki µmol/L 0.007 (0.03–2.2) Fitted ([38, 66, 68])
GFR fraction – – – 1.0 [69]
Renal CL (plasma) L/h/kg – – 0.0085 [69] Tubular Secretion

http://www.druginteractionsolutions.org
http://www.druginteractionsolutions.org
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intracellular] increased seven-fold for non-mucosal tissue), 
based on experimental PK data used for fitting (Table S2 
of the ESM). Elimination of CsA was implemented as 
metabolism through cytochrome P450 (CYP) 3A4 (Michae-
lis–Menten kinetics), forming metabolites (M1 + M17), and 
CsA is excreted unchanged to urine at relatively low rates 
through P-gp.

2.4 � PBPK Model of MTX

The PBPK model for MTX was built by incorporating phys-
icochemical and compound-related properties as outlined 
in Sect. 2.1, Table 1, and subsequently refined using the 
observed clinical data extracted from the literature (Table S1 
of the ESM see ESM Sect. 3 and Figs. S1 and S2 for details 
on model structure). MTX is classified as class III as per 
the Biopharmaceutical Classification System (high solubility 
and low permeability) [26]. For the developed PBPK model, 
three different formulations were used, differing in time to 
50% dissolution (30, 60, and 90 minutes, Weibull dissolution 
function), and calibrated based on PO PK. MTX is a sub-
strate of BCRP (included in the model as Michaelis–Menten 
kinetics) and is also a substrate for active transport by OAT1 
and OAT3, and multidrug resistance-associated protein 2 
and multidrug resistance-associated protein 4 (the latter 
transporters were not included in the model because of a 
lack of required data) [27]. In addition, MTX is considered 
to be a substrate of OATP1Bs [28, 29], but conclusions on 
the pharmacogenomic impact of the OATP1B polymor-
phism remain controversial [30]. However, clinical DDIs 
of CsA on MTX through OATP1B have not been studied 
specifically or mentioned as a relevant interaction pathway 
[31]. Consequently, OATP1Bs have not been included in the 
model. The initially predicted cellular uptake based on com-
pound lipophilicity and molecular weight underpredicted the 
volume of distribution of MTX, i.e. tissue partitioning, and 
model refinement suggested a 50-fold increased cellular per-
meability (interstitial → intracellular) compared with experi-
mental PK data. Thus, the higher than initially predicted 
tissue uptake could be attributed to the omission of the 
aforesaid additional drug transporters. Elimination of MTX 
was implemented as metabolism through AOX, forming a 
metabolite (7-OH-MTX) using Michaelis–Menten kinetics, 
and excreted unchanged into urine through glomerular filtra-
tion and active tubular secretion.

2.5 � Virtual Individual Characteristics

For virtual individuals and populations used in the simula-
tions, the “European Standard Male” (default settings for 
male using the “European [ICRP, 2002]” population in PK-
Sim [32]) was used as a basis. The population used for the 

MTX model was defined as an adult population of mixed sex 
(n = 100, aged 18–65 years, 50% female).

For enzyme and transporter expressions, the original 
database entries (OSP Expression Database for OSP ver-
sion 9.1), modified as outlined in the respective publications, 
were used as follows: P-gp and BCRP: OSP-wide aligned 
P-gp expression as used by Hanke et al. [22]; CYP3A4: 
OSP-wide aligned CYP3A4 expression as used by Frechen 
et al. [33]; AOX: original “RT-PCR” entry; and CyP: origi-
nal “EST” entry. “OSP-wide aligned” in this context means 
the modified (from the original database entry) expression 
used in the qualified template models of the respective OSP 
version (version 9.1).

2.6 � Model Evaluation and Sensitivity Analysis

The PBPK model goodness-of-fit criteria have been evalu-
ated based on the PK properties Cmax (peak plasma con-
centration) and AUC​last (area under the curve from the first 
until the last measured point) and compared with observed 
data (Equations S1 and S2 with the mean fold error and its 
geometric mean fold error in the ESM; and goodness-of-fit 
plots in Sect. 3.1 CsA PBPK model building and evaluation, 
and  Figs. 4 and 7).

Model sensitivity across parameters has been evaluated to 
investigate the impact of parameter uncertainty on the model 
simulation outcomes. A parameter sensitivity analysis was 
conducted in PK-Sim (ESM “Sensitivity Analysis” Section 
and Figs. S4 and S5 of the ESM for CsA, and Figs. S6 and 
S7 of the ESM for MTX).

2.7 � DDI Model Network Development, 
Qualification, and Evaluation

The DDI model network for the evaluation of BCRP-related 
DDIs was built using two victim compounds, MTX and 
RSV, and the perpetrator compound CsA. The models for 
MTX and CsA were developed de novo as outlined above, 
while the originally published and qualified model for RSV 
[22] was used for this analysis to evaluate the CsA DDI 
properties, including its effect on BCRP. The performance 
of the DDI simulations was assessed by comparing pre-
dicted and observed plasma time–concentration profiles of 
the victim drug, administered alone and with perpetrator 
co-administration (Tables 2 and 3).

CsA inhibits both BCRP and AOX. While no Ki val-
ues are known for AOX, multiple Ki values for the inhibi-
tion of BCRP by CsA have been reported in the literature 
(7.8 µmol/L [34] and 0.25–0.75 µmol/L [35, 36]). CsA is 
reported to affect the kinetics of MTX with increasing area 
under the curve (AUC) by a factor of 1.31 [31], caused by 
the inhibition of BCRP and AOX. The Ki listed in Table 1 
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were used in the model to predict the reversible inhibitory 
potential of CsA as a competitive inhibitor of BCRP.

For the DDI predictions, simulations using study-repre-
sentative individuals were conducted to quantify the DDI 
impact caused by CsA through changes in plasma concen-
trations, i.e. Cmax and AUC​last ratios, for single PO doses, 
as reported in studies from the literature (Tables 2 and 3).

3 � Results

3.1 � CsA PBPK Model Building and Evaluation

Twelve clinical studies with IV or PO administration of CsA 
were used (Table S2 of the ESM) in the model develop-
ment (n = 4) and validation (n = 8) processes, with doses 
that range from 2 to 1400 mg in single-dose regimens. All 
simulations were based on the relevant ADME properties 
and were set up according to study protocols as described in 
the respective publications.

The PK after IV dosing were evaluated using both plasma 
and whole blood concentration–time profiles. Because of 
the non-linearity in the blood/plasma partitioning of CsA, 
the PK curve shapes of these two sampling matrices sig-
nificantly differ between studies depending on the dose and 
resulting exposure levels. Whole blood PK show a faster 
increase but lower Cmax (saturates at lower concentrations), 
and plasma PK show a slower initial increase and reach 

higher Cmax levels but are subject to a faster distribution, 
i.e. a faster decline after reaching Cmax.

Results after IV infusions (all IV studies) are shown in 
Fig. 2 (Panels A, B, and I) for whole blood (and plasma in 
Fig. 2, Panel A) concentration–time profiles. Results after 
PO dosing are shown in Fig. 2 (Panels C–H) for whole blood 
(and plasma in Fig. 2, Panel C) concentration–time profiles.

For quantification of CsA metabolism, the total concen-
trations of the CsA metabolites M1 + M17 were included 
in the simulations where observed data were available 
(Fig. 3). Good agreement between simulations and data was 
achieved. Nevertheless, metabolite PK showed an early onset 
of metabolite appearance after CsA dosing, which was not 
captured by the model (also for tested lower [high affinity] 
Km values for faster CsA metabolism at lower concentra-
tions). Overall, all studies except one (1400 mg from Rey-
mond et al. [37]; AUC ratio [AUCR] = 0.43) were described 
by the PBPK model within two‐fold of the corresponding 
observed values (e.g. mean fold error 0.5–2.0). The quantita-
tive comparisons of predicted and observed PK parameters 
of CsA are shown in Fig. 4. 

3.2 � Qualification of CsA as an Inhibitor 
of BCRP‑Related Drug Transport with BCRP 
Substrate RSV

The qualification for a BCRP-related DDI with RSV as 
a substrate and CsA as an inhibitor is based on publicly 

Table 2   Comparative DDI 
evaluation between literature 
data and PBPK simulation 
outcomes for RSV dosed with 
CsA [38]

For control, only data from RSV 10-mg dosing were available, and the ratios for the RSV 20-mg DDI sce-
nario were also calculated against the RSV 10-mg baseline. CmaxRpred or AUCR​obs: ratio in Cmax or AUC of 
observed or predicted data with and without dosing of CsA
AUC​ area under the curve, AUCR​ area under the curve ratio, BID twice daily, Cmax peak plasma concen-
tration, CmaxR ratio of peak plasma concentration, CsA cyclosporin A, DDI drug–drug interaction, obs 
observed, PBPK physiologically based pharmacokinetic, pred predicted, RSV rosuvastatin, SD single dose

Dose CsA Dose RSV AUCR​obs AUCR​pred CmaxRobs CmaxRpred AUCR​pred/obs CmaxRpred/obs

200 mg BID 10 mg SD 5.50 5.07 9.11 10.81 0.92 1.19
200 mg BID 20 mg SD 8.02 9.54 15.18 18.38 1.19 1.21

Table 3   Comparative DDI evaluation between literature data and PBPK simulation outcomes for MTX dosed with CsA [31] with varying Ki 
values for CsA inhibition of BCRP transport

CsA was dosed with 1.5 mg/kg BID and MTX with a single 15-mg dose. AUCR​obs or CmaxRpred: ratio in AUC or Cmax of observed or predicted 
data with and without dosing of CsA
AUC​ area under the curve, AUCR​ area under the curve ratio, BCRP breast cancer resistance protein transporter, BID twice daily, Cmax peak 
plasma concentration, CsA cyclosporin A, DDI drug–drug interaction, MTX methotrexate, obs observed, PBPK physiologically based pharma-
cokinetic, pred predicted

Ki value AUCR​obs AUCR​pred CmaxRobs CmaxRpred AUCR​pred/obs CmaxRpred/obs

7.8 µmol/L 1.31 1.02 1.28 1.02 0.78 0.79
0.25 µmol/L 1.31 1.15 1.28 1.04 0.87 0.82
0.05 µmol/L 1.31 1.30 1.28 1.05 0.99 0.82
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Fig. 2   Observed and predicted whole blood (and plasma, panel a and 
b) pharmacokinetic profiles of cyclosporin A (CsA) in peripheral 
venous blood following single intravenous (IV) and oral (PO) doses 
that range from 2 to 1400 mg (linear scale). Symbols represent the 

observed, and lines represent the simulated time–concentration pro-
files of CsA. Formulations used are: Sandimmune Capsule (panels 
c–f) and Neoral (panels g and h). Panel i shows all IV data. Observed 
data are referenced in Table S2 of the ESM. h hours

Fig. 3   Observed (symbols) and predicted (lines) whole blood pharma-
cokinetic profiles of cyclosporin A (CsA) [black] and metabolites M1 
+ M17 (grey) following a 1.5-mg/kg intravenous (IV) dose (panel a) 

and a 5-mg/kg oral (PO) dose (panel b) of CsA. Plots are on a log 
scale. Observed data are referenced in Table S2 of the ESM. h hours
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available data [38]. The outcomes from clinical DDI studies 
are shown in Fig. 5 and summarised in Table 2.

During the DDI study, subjects received either CsA 
200 mg twice daily (continuous treatment) or placebo and 
were given a single PO dose of either 10 or 20 mg of 
RSV. The in vitro Ki for CsA-affected processes (BCRP 
and OATP1-B1 and OATP1-B3 and P-gp transport) were 
scaled uniformly across all pathways, and not per individ-
ual pathway, throughout all DDI evaluations with CsA and 
reduced globally to align with the MTX-CsA DDI scenario 
by a factor of approximately 50 to account for differences 
between in vitro and in vivo conditions, i.e. the unbound 
intracellular concentrations of CsA in vivo (exact factor 
depends on the selected reference Ki from the literature, 
e.g. for BCRP, reported Ki values range from 0.25 to 7.8 
µmol/L [34, 35]; the 50-fold reference would correspond 
to an in vitro Ki value of 2.5 µmol/L). Simulated/observed 
ratios for the Cmax ratio and AUCR of RSV were within 
1.25-fold, confirming that the effect of CsA on RSV could 
be predicted accurately (Table 2).

3.3 � Cross‑Validation of the Empirical Uniform 
Scaling Factor for CsA Ki Values

Given the non-specificity of RSV as a substrate for the 
CsA-affected transport processes (BCRP and OATP1-B1 
and OATP1-B3 and P-gp transport), a consistent scaling of 
the IVIVE for the Ki values across transporters and sub-
strates for CsA is key. Notably, the BCRP effect size in the 
RSV PBPK model is low (AUCR of a BCRP knock-out of 
approximately 1.15, depending on the simulated scenario) 

as compared with both the P-gp effect size (AUCR of a P-gp 
knock-out of >5) and genetic variation (single nucleotide 
polymorphism) effect size (AUCR ranges between 2-fold 
and 2.5-fold); however, there are uncertainties in these data 
[7]. Thus, the empirical uniform scaling of the Ki values 
utilised in the CsA DDI assessment with RSV was further 
assessed with the P-gp substrate digoxin [39]. In the study 
from Dorian et al. [40], indirect PK-related metrics of DDI 
effects, such as a change in clearance, were reported. In 
this study, a digoxin PO dose of 1 mg was administered to 
patients with and without concomitant PO dosing with CsA 
200 mg. While the study did not report changes in AUC 
or Cmax, a change in the apparent volume of distribution 
of digoxin (decreased by 71%) and its plasma clearance 
(decreased by 53%) was reported [40]. For the simulation of 
the reported DDI scenario, the model predicted an increase 
in both AUC and Cmax by 45%, which is in line with the 
reported changes in volume of distribution and plasma clear-
ance, confirming the empirical uniform scaling factor for 
CsA Ki values.

3.4 � MTX PBPK Model Building and Evaluation

A total of 26 clinical studies with IV or PO administration 
of MTX were used (Table S1 of the ESM) for model devel-
opment, i.e. training (n = 9) and validation (n = 17), with 
doses that ranged from 2.5 to 20 mg in single-dose or multi-
ple-dose regimens. Individual PBPK model simulations of 
MTX have been set up according to each study protocol, 
which incorporate relevant ADME properties. Representa-
tive results for IV and PO dosing are shown in Fig. 6; further 

Fig. 4   Comparison between simulated and observed pharmacokinetic parameters of cyclosporin A from all studies. Solid lines represent the line 
of unity; dashed lines represent a two-fold difference. AUC​ area under the curve, Cmax peak plasma concentration, HV healthy volunteer



10	 S. Schaller et al.

results across dose ranges are shown in Figs. S9 and S10 of 
the ESM.

For the two studies shown in Fig. 6, the model predicted 
versus observed Cmax and AUC​last ratios were, respectively, 
0.74 and 0.64 for IV dosing and 1.1 and 1 for PO dosing. 
Overall, predicted versus observed Cmax and AUC​last ratios 
were in the range of 0.51–1.6 and 0.51–1.82, respectively, 
with a single outlier of 3 for both Cmax and AUC. The quanti-
tative comparisons of predicted and observed PK parameters 
of MTX are shown in Fig. 7. For the metabolite 7-OH-MTX, 
these are shown in Fig. S3 of the ESM. For the MTX PK 
Cmax and AUC​last ratios, a geometric mean fold error (Cmax) 
= 1.00 and geometric mean fold error (AUC​last) = 0.98 was 
achieved.

The population simulation-based evaluation was con-
ducted for 7.5-mg and 15-mg single-dose studies for which 
the most data were available (Fig. 8). The population simula-
tion demonstrates a good agreement of the 5th–95th percen-
tile range of simulated time–concentration profiles with the 
observed data. It has to be noted that the simulated popula-
tion (n = 100, 50% female, aged 18–65 years) corresponds 
to a mean healthy population and does not represent all study 
populations used in the figure. Pathophysiological changes 
in patient populations and fixed dosing regimens instead of 
bodyweight-based dosing do not allow for a direct quantita-
tive comparison. Additional simulation results for MTX can 
be found in Figs. S9 and S10 of the ESM.

3.5 � Evaluation of DDI of CsA with MTX

For the evaluation of the DDI between MTX and CsA, the 
only published scenario from Fox et al. [31] was used (sum-
mary in Table 3). The reported Cmax and AUC were 1.28 
and 1.31, respectively. For CsA inhibition of BCRP trans-
port, the PBPK model predicted an AUCR of 1.02 and 1.14 
using the BCRP Ki values 7.8 and 0.25 µmol/L, respectively, 
obtained from the literature [34, 35].

In light of this underprediction of the DDI effect, an eval-
uation of the total effect size of BCRP transport on MTX 
PK, a BCRP “knock-out” scenario was simulated to investi-
gate if the model would be able to capture the DDI effect for 
lower Ki values at all. A pharmacogenomic analysis of sev-
eral single-nucleotide polymorphisms in BCRP by Liu et al. 
[41] showed a maximal reduction of 16% of total clearance 
after IV dosing. Switching off BCRP in the model results in 
a reduction in total body CL of 45% after either IV or PO 
dosing, and an 8% increase in Cmax and a 71% increase in 
AUC (see also Fig. S8 of the ESM). This indicated a suffi-
cient maximum effect size of BCRP in the model to capture 
the outcome of the reported DDI [31], which was reported 
as a 28% and 31% increase in Cmax and AUC, respectively 
(within 1.5-fold). A second consideration is a reduced sensi-
tivity to the efflux transporter due to high bioavailability (F) 
and intestinal availability (FaFg). Bioavailability was cal-
culated to be 95% with an Fa of 1. These values result from 
literature-reported values on the solubility and intestinal 
permeability. Given the sufficient BCRP effect size and the 

Fig. 5   Qualification of cyclosporin A (CsA) as an inhibitor of breast 
cancer resistance protein transporter (BCRP)-related drug transport 
with BCRP substrate rosuvastatin (RSV), displaying concentration–
time curves for RSV (and CsA) pharmacokinetics (PK) with and 
without co-administration of CsA. Patients received 10 g of RSV 
alone (control; no data are available for the 20-mg control cohort) or 

10 mg or 20 mg of RSV with 200 mg of CsA [38]. The left panel 
is on a log scale and includes CsA PK that were not reported with 
the study, but observed data were taken from Lim et  al. [70] (see 
also Fig.  2, panel h), which were omitted from the right panel for 
improved visualisation. h hours, PO orally
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Fig. 6   Outcomes for the methotrexate (MTX) PBPK model develop-
ment using training data sets (Table S1 of the ESM) for doses of 15 
mg intravenously (left panel) and orally (right panel). Grey dots and 
curves represent observed and simulated data for MTX, while black 
stars and curves represent observed and simulated data for MTX 

metabolite 7-OH-MTX. Top panels correspond to the plasma con-
centration–time curves, while bottom panels depict the amount of the 
respective compounds excreted in urine over time. Plots are on a log 
scale. h hours, PBPK physiologically based pharmacokinetic

Fig. 7   Comparison between simulated and observed pharmacokinetic 
parameters area under the curve (AUC) [left panel] and peak plasma 
concentration (Cmax) [right panel] of methotrexate from all studies, 

separated by population types. Solid lines represent the line of unity; 
dashed lines represent a two-fold difference. HV healthy volunteer, 
RA rheumatoid arthritis
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good model performance capturing the PK after PO applica-
tion, a further adjustment of parameters related to intestinal 
passive uptake was not deemed necessary.

Based on the observed data, the Ki of CsA on BCRP was 
thus reduced to 0.05 µmol/L by model fit, scaled to account 
for differences between in vitro and in vivo conditions, i.e. 
the unbound intracellular concentrations of CsA in vivo. 
Published in vitro Ki values have been reported in the range 
of 0.25–7.8 µmol/L [34, 35]. The scaling factor was consist-
ent with the scaling of the Ki values in the CsA–RSV DDI in 
Sect. 3.2 and the CsA–Digoxin DDI in Sect. 3.3.

Using the scaled BCRP Ki of 0.05 µmol/L, the simu-
lated AUCR increased to 1.30, which is very similar to 
the observed value of 1.31 (Table 3). While an increase in 
AUC of about 30% is almost non-significant, based on the 
80–125% equivalence thresholds, the data also reflect the 
effect on a qualitative level. The characteristic observed 
increase in intestinal uptake and decrease in renal excretion, 
due to inhibition of intestinal BCRP, in combination with the 

reduction of MTX metabolism, due to inhibition of AOX, 
resulted in both the slight increase of Cmax and a delay of 
Tmax for MTX, and was captured by the model (Fig. 9, upper 
panels). Also, the reduction in urinary excretion through the 
inhibition of the efflux transporter BCRP, as reflected by the 
increase in AUC and decrease in renal excretion, is well cap-
tured (Fig. 9, lower panels), as is the effect on the metabolite 
formation through AOX and its reduced excretion to urine 
(Ki of CsA for AOX was fitted).

4 � Discussion

For this study, PBPK models of CsA, an established inhibi-
tor of BCRP, and MTX, a putative BCRP substrate, were 
developed to assess the effect of BCRP inhibition on MTX 
PK. Both the PK of CsA and MTX were adequately cap-
tured by the developed PBPK models. CsA was validated by 
evaluating CsA as a perpetrator of BCRP inhibition using 

Fig. 8   Methotrexate (MTX) PBPK model qualification using valida-
tion data sets (Table S1 of the ESM) for oral (PO) doses of 7.5 and 15 
mg. Black dots and curves represent observed and simulated data for 
MTX, while grey dots and curves represent observed and simulated 
data for MTX metabolite 7-OH-MTX. The shaded areas correspond 

to the 5th–95th percentile range of simulated time–concentration pro-
files of a population simulation (n = 100, 50% female, aged 18–65 
years). Plots are on a log scale. h hours, PBPK physiologically based 
pharmacokinetic
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RSV, a known BCRP substrate, as the victim drug [42]. The 
Ki values for CsA DDI were uniformly scaled by a factor 
of 50. This scaling is meant as a correction of the unbound 
fraction in the IVIVE translation of the Ki values utilised. 
The original parameterisation of transporters in the model 
(and the corresponding fraction of contribution) as well as 
the original relative difference for all CsA in vitro Ki values 
was retained. Refining the models with transporter-specific 
scaling factors for the Ki values and with a more robust esti-
mate of the transporter effect sizes still requires the inclu-
sion of additional perpetrators and victims into a signifi-
cantly larger DDI network for the involved transporters to 
achieve identifiability of both Ki values and the transporter 
effect size, given the non-specificity of transporter DDIs. 
As such, the effect of CsA as a perpetrator of RSV, MTX, 
and digoxin PK was adequately captured by the developed 
PBPK models. Because of the non-specificity of RSV, disen-
tangling the contributions of individual transporter pathways 
in the RSV-CsA interaction is not feasible. Nonetheless, our 
findings were generally consistent with those of Lai et al. 
[7], who reported that genetic variation (single nucleotide 

polymorphisms) in drug transporters results in relatively 
small effects on plasma PK (usually less than three-fold). 
Furthermore, Lai et al. reported that polymorphisms of P-gp 
in Caucasian individuals resulted in increases in AUC of 
digoxin (0.25 mg) that ranged from 40 to 100%, whereas for 
BCRP, the resulting increase in the AUC of RSV (20 mg) 
ranged from 100 to 144%. In comparison, we predicted that a 
DDI with CsA would increase the AUC of MTX by approxi-
mately 30%, while that of digoxin would increase by 53%. 
For RSV, where multiple transporters are affected, the AUC 
increases by five-fold to eight-fold. Notably, the downstream 
effect of SNPs cannot be robustly quantified and is thus also 
subject to uncertainty [7].

The PK of CsA are known to be subject to strong inter-
individual variability [43, 44]. Variations in activity or 
expression of protein binding (cholesterol levels), P-gp trans-
port, CyP binding, red blood cell uptake (and haematocrit), 
and CYP3A4 metabolism, as well as the erratic dissolution 
profiles of its formulations, make it challenging to obtain a 
PBPK model consistent across all studies and populations 
[19, 21, 45]. The PBPK model presented here considers most 

Fig. 9   Single oral dose of methotrexate (MTX) 15 mg combined with 
oral doses of cyclosporin A (CsA) 1.5 mg/kg twice daily. Left pan-
els represent plasma concentrations (top) and the amount excreted 
in urine (bottom) for MTX and right panels represent the same for 

MTX-OH. Solid lines and dots represent the control arm, whereas 
dashed lines and stars represent the arm with concomitant treatment 
with CsA. h hours
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aspects, reflected in the prediction of both plasma and whole 
blood PK, and delivers a consensus model. As calculated in 
the parameter sensitivity analysis (ESM), lipophilicity is the 
most sensitive parameter in the model, followed by protein 
binding and CYP3A4 metabolism.

Both MTX and CsA PBPK models were initially estab-
lished with input parameters derived from in vitro experi-
ments. Similar to CsA, MTX PK data were obtained from 
various patient populations, which in turn introduced 
variability in the data used for model development. Nev-
ertheless, the PBPK model could consistently characterise 
the plasma PK of MTX across all studies. For both mod-
els, adequate quantitative characterisation of metabolite 
PK enhanced confidence in the predictions. However, the 
underlying mechanisms for the underpredicted early time 
of onset of CsA metabolite remains an unresolved issue, 
but is unlikely to impact the accuracy of the simulated 
DDI with MTX. For MTX, the most sensitive parameters 
are related to its PO absorption (pH and solubility), pro-
tein binding and renal excretion.

The confidence in predicting DDIs for drug trans-
porters is considered moderate in the scientific commu-
nity [46]. Obtaining transporter expression levels and 
appropriate inhibition constants has been identified as 
the major challenge [47, 48]. The difficulty in the pre-
diction of transporter-mediated DDIs can be caused by 
complicated membrane permeation processes (uptake and 
efflux/active transport and passive diffusion) based on the 
extended clearance concept [49]. Furthermore, the esti-
mations of the passive diffusion/active transport ratio and 
the fraction of contribution of the DDI-target transporter 
are important for the accuracy of DDI prediction. The 
developed and used models described here use identical 
expression profiles of all involved enzymes or transport-
ers across all use case scenarios. Equally, the Ki values 
for CsA (Table 1) have been scaled to a consistent value 
for both DDI scenarios with MTX and RSV. As a result, 
adequate characterisation of both DDIs of CsA with RSV 
and MTX were achieved.

Last, the model-predicted DDI for efflux transporters 
might depend on the selected luminal flow model, for 
example, traditional models (TMs) or segregated flow 
models (SFMs) [50]. SFMs describe a split flow pat-
tern, with a lower flow rate (<20%) perfusing the active 
enterocyte region that houses the enzymes and absorptive/
efflux transporters, and the remainder (>80%) perfusing 
the non-active serosal region [50–52]. The drug extrac-
tion ratio is slightly higher with the SFM as compared 
with the TM [50, 52]. This would imply that the pre-
dicted DDI with the TM potentially underpredicts the 
DDI with CsA, or results in a larger Ki scaling factor. 
However, BCRP is expressed in both the liver and intes-
tine, as a result of which less definitive patterns emerge, 

and differences between the SFM and the TM are less cer-
tain [52]. Furthermore, SFMs are not available in PK-Sim 
(and neither in other commercial PBPK software [50]). 
The integration of SFMs as a part of future releases of 
these software should be considered to enable such DDIs 
to be better elucidated.

5 � Conclusions

Overall, the presented work confirms a weak interaction 
potential for CsA with MTX, which is mediated through 
inhibition of AOX metabolism and BCRP-related active 
transport. Given that the interaction effect is not solely 
mediated through BCRP, as for the reference scenario with 
RSV, the effect size of the BCRP-related DDI requires fur-
ther elucidation. In contrast to metabolic enzyme-mediated 
DDIs, transporter substrates lack specificity, making pre-
dictions of transporter-based DDIs more challenging [53]. 
The paucity of suitable data to train and validate these 
models compounds the challenge. Nevertheless, our work 
lays the foundation for the evaluation of DDIs mediated 
by the BCRP pathway. Unlike metabolism-based DDIs, 
wherein PBPK modelling can obviate the need for clinical 
DDIs in some cases, clinical DDI evaluation is required for 
transporters. Yet, mechanism-based DDI simulations can 
help to inform the design of these studies or to evaluate 
untested scenarios, such as a lower dose or an alternative 
dosing regimen. Being freely available in the Open Sys-
tems Pharmacology PBPK model repository, the models 
are available to the community for further development 
(https://​www.​open-​syste​ms-​pharm​acolo​gy.​org).
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