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ARTICLE

Mechanistic Multiscale Pharmacokinetic Model for the 
Anticancer Drug 2’,2’-difluorodeoxycytidine (Gemcitabine) 
in Pancreatic Cancer

Maria Garcia-Cremades1,2,4 , Nicola Melillo3 , Iñaki F. Troconiz1,2  and Paolo Magni3,*

The aim of this work is to build a mechanistic multiscale pharmacokinetic model for the anticancer drug 2’, 2’-difluorodeoxycytidine  
(gemcitabine, dFdC), able to describe the concentrations of dFdC metabolites in the pancreatic tumor tissue in dependence 
of physiological and genetic patient characteristics, and, more in general, to explore the capabilities and limitations of this 
kind of modeling strategy. A mechanistic model characterizing dFdC metabolic pathway (metabolic network) was developed 
using in vitro literature data from two pancreatic cancer cell lines. The network was able to describe the time course of extra-
cellular and intracellular dFdC metabolites concentrations. Moreover, a physiologically-based pharmacokinetic model was 
developed to describe clinical dFdC profiles by using enzymatic and physiological information available in the literature. This 
model was then coupled with the metabolic network to describe the dFdC active metabolite profile in the pancreatic tumor 
tissue. Finally, global sensitivity analysis was performed to identify the parameters that mainly drive the interindividual vari-
ability for the area under the curve (AUC) of dFdC in plasma and of its active metabolite (dFdCTP) in tumor tissue. From this 
analysis, cytidine deaminase (CDA) concentration was identified as the main driver of plasma dFdC AUC interindividual vari-
ability, whereas CDA and deoxycytidine kinase concentration mainly explained the tumor dFdCTP AUC variability. However, 
the lack of in vitro and in vivo information needed to characterize key model parameters hampers the development of this 
kind of mechanistic approach. Further studies to better characterize pancreatic cell lines and patient enzymes polymor-
phisms are encouraged to refine and validate the current model.

2′,2′-difluorodeoxycytidine  (gemcitabine, dFdC) is a nu-
cleoside antimetabolite prodrug effective against several 
solid tumors.1–4 Treatment with dFdC represents the first-
line therapy of pancreatic cancer, that constitutes one of 

the most aggressive and lethal oncology diseases, with an 
overall 5-year survival rate of < 5%.5

As a prodrug, dFdC has to be intracellularly metabolized 
to its active metabolite, dFdC triphosphate (dFdCTP), to 
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Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?
✔  2’,2’-difluorodeoxycytidine (gemcitabine, dFdC) treat-
ment is associated with high variability in responses. 
Several studies suggest that individual genetic factors af-
fecting dFdC metabolic pathway would lead to different 
concentrations of dFdC metabolites and consequently to 
different responses.
WHAT QUESTION DID THIS STUDY ADDRESS?
✔  It integrates knowledge from the literature into a mech-
anistic multiscale pharmacokinetic (PK) model describing 
dFdC metabolic pathway. The model simulates different 
concentration profiles of dFdC metabolites in the tumor 
for a virtual population of patients with pancreatic cancer.

WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?
✔  It provides a platform for translating in vitro dFdC metab-
olites profiles to in vivo concentrations in humans at target 
sites, coupling together system PK and physiologically- 
based pharmacokinetic (PBPK) modeling.
HOW MIGHT THIS CHANGE CLINICAL PHARMA
COLOGY OR TRANSLATIONAL SCIENCE?
✔  This study shows that integrating in vitro metabolic net-
work in in vivo PBPK models can be useful for the prediction 
of the active metabolites levels in the drug site of action. Data 
including the target enzyme level expression, the degree of 
their polymorphisms, and their interindividual variability are 
encouraged to refine the current version of the model.
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exert its cytotoxic action.6 First, dFdC is taken into the cell 
by active transporters (hENTs and hCNTs)7 and then it is 
phosphorylated by deoxycytidine kinase (dCK) to its mono-
phosphate form, dFdCMP. Then, dFdCMP is subsequently 
metabolized by nucleoside kinases to dFdC diphosphate 
(dFdCDP) and then to dFdCTP that binds to the DNA pro-
moting apoptosis.8 The dFdC also suffers inactivation by 
cytidine deaminase (CDA), leading to inactive metabolite 
2′,2′-difluorodeoxyuridine (dFdU), which is excreted in urine.9

One of the biggest complications associated to treatment 
with dFdC is the variability in responses, ranging from lack 
of efficacy to severe toxicity.10 These different rates of re-
sponses to dFdC could be, in part, explained by individual 
genetic factors affecting its metabolic pathway, leading to 
different dFdCTP intracellular tumor concentrations.11 As 
an example, a high activity of CDA enzyme is related with a 
higher depletion of dFdC and, therefore, lower dFdCTP con-
centrations.12 It is also stated that treatment efficacy may be 
explained by a nonfunctional transport of the prodrug into the 
cell.7 Moreover, cells with low dCK levels are associated with 
resistance to dFdC.13,14 In addition, some clinical studies in 
patients with pancreatic cancer treated with dFdC associ-
ated different expressions of the transporters or the target 
enzymes activity with a high or low survival probabilities.13,15

The dFdC effects on pancreatic cancer have been 
described previously by using pharmacokinetic/pharma-
codynamic (PK/PD), mechanistic, and semimechanistic 
models in in vitro,16–19 preclinical in vivo,20,21 and clinical 
stages.22,23 However, to the best of our knowledge, the 
models developed in clinical stages do not consider the 
intersubject variability in dFdC metabolism (e.g., individual 
concentrations of enzymes involved in dFdC metabolism).

Information on the systemic and cellular dFdC PKs could 
be used to develop a quantitative model that mechanistically 
describes processes, such as drug distribution, metabolism, 
and active metabolite formation. A model like this could help 
in improving the knowledge of the system, for example, by 
understanding what subject characteristics mostly determine 
the predicted active metabolite exposure in the site of action.

Systems pharmacology is an approach that aims to de-
velop multiscale mechanistic models that “span the divide 
between cell-level biochemical models and organism-level 
PK/PD models.”24 These models integrate the knowl-
edge from various sources (e.g., in vitro experiments and 
physiological data),25 and typically represent the system 
more mechanistically than classical PK/PD models. The 
physiologically-based pharmacokinetic (PBPK) modeling 
approach provides a framework for integrating drug-specific 
parameters and in vitro measurements with physiological 
system-specific parameters.26 This type of models can in-
tegrate interindividual variabilities in the concentrations 
of enzymes involved in drug metabolism and allows the 
simulation of drug concentration in specific tissues (e.g., 
pancreatic tumors).27

In this context, we built a mechanistic systems pharma-
cology model to describe dFdC PKs and dFdCTP tumor 
concentrations, in a population of patients with pancreatic 
cancer. The developed model was built by using data from 
the literature, including genetic and physiological intersub-
ject variabilities. In summary, our aims were to (i) propose a 

translational multiscale system PK modeling approach for 
dFdC able to describe different concentrations of dFdC me-
tabolites, (ii) to show the capabilities and the limitations of 
this kind of modeling strategy starting from a case study, 
and (iii) to understand what information is needed and what 
can be found or not in the literature.

METHODS

The work was performed in three different steps. First, we 
developed a model (the so-called metabolic network) to de-
scribe dFdC metabolism in vitro in two pancreatic cancer cell 
lines (PK9 and RPK9).14 Then, we developed a PBPK model 
to describe the dFdC PKs in a population of patients with 
pancreatic cancer. The in vitro derived metabolic network 
was coupled with the PBPK model in a compartment repre-
senting the pancreatic tumor after an appropriate in vitro to 
in vivo rescaling of the network parameters. This was done to 
describe the dFdC metabolism and predict dFdCTP concen-
trations in the site of action. Finally, we performed a global 
sensitivity analysis (GSA) on the developed model to identify 
what are the characteristics that mostly drive the dFdC and 
dFdCTP exposure variability in a population of patients.

The analyses were performed in MATLAB R2019a.28 
Parameters were estimated by using the covariance matrix 
adaptation evolution strategy.29

Metabolic network
An extensive literature review was performed looking for 
knowledge and in vitro data to build a mathematical model of 
the dFdC metabolic pathway. The structure of this pathway, 
which has been defined over the years,6,8,9 is schematized 
in Figure 1c. The mathematical model was built by assum-
ing that enzymatic reactions were described by first order 
rate constants, except for those catalyzed by CDA, dCK, 
and hENT1 enzymes, which were described by Michaelis-
Menten kinetics. Metabolic network equations are reported 
in the Supplementary Material, Section S1.1.

Experimental data used to identify network parameters 
were taken from Ohmine et al.14 In vitro concentrations of 
dFdC metabolites (extracellular dFdC and dFdU, intracellu-
lar dFdC, dFdCMP, dFdCDP, dFdCTP, dFdU, and dFdUMP) 
for two pancreatic cancer cell lines (i.e., PK9 and its resistant 
version to dFdC, RPK9) were available.

Parameters were jointly estimated on both cell lines 
data by including the ratio of the three target enzymes 
(CDA, dCK, and hENT1) concentrations between the two 
cell lines as covariates of the model. COVCDA, COVdCK, 
and COVhENT1, the covariates, were set equal to 1 for PK9 
and equal to 1.64, 0, and 1.35 for RPK9, respectively.14 
However, with the available data, it was only possible to 
identify the parameters of a reduced metabolic network 
involving dFdC, dFdCMP, dFdCDP, and dFdCTP, but not 
dFdU and dFdUMP. In addition, to fit data, an extracellular 
dFdC deamination due to the activity of an extracellularly 
secreted CDA was added. The hypothesis is supported 
by some observations reported in the literature for other 
cancer cell lines.30

To correctly write mass balance equations, metabolite mea-
surements were transformed from the concentration values 
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(pmol/mg prot) reported in Ohmine et al.14, to amount (pmol), 
as explained in the Supplementary Materials, Section S2.

PBPK model
A PBPK model was developed to describe dFdC distribu-
tion and metabolism in the body. The model, represented in 
Figure 1a, consists of 14 organs and tissues; each of them 
(excluding arterial and venous blood) was described by a 
permeability limited model.31 This choice was supported by 
the hydrophilic nature of dFdC hampering distributions into 
the cells.7,32 Drug-specific parameters used in the model 
are listed in Table 1.

The dFdC is transported inside the cell by concentrative 
nucleoside transporters (mainly hCNT1) and equilibrative 
nucleoside transporters (mainly hENT1).7,33 The activity of 
both hCNT1 and hENT1 was modeled as a first order reac-
tion, namely RhCNT1 and RhENT1 (Eqs. 1 and 2). The hCNT1 
mediates a unidirectional flux from the extracellular to the 
intracellular space, whereas hENT1 was considered as a bi-
directional transporter. Once inside each organ intracellular 
space, the drug was supposed to be metabolized by CDA. 
This process was modeled in Eq. 3 with a first order reaction 
too (RCDA).

ex,t is the relative expression of enzyme or transporter 
x in the tissue t. They were taken from the Open Systems 
Pharmacology Suite version 7.134 and are numbers always 
between 0 and 1; their values are reported in Table S4. The kx 
is the rate constant relative to the protein x activity, assumed to 
be equal in all the organs. Cuext,t and Cuint,t are the unbound ex-
tracellular and intracellular dFdC concentrations, respectively. 
Vext,t and Vint,t are the extracellular and intracellular volumes 
of the tissue t, they are calculated by multiplying the tissue 
volume Vt for the extracellular and intracellular water fractions. 
Unbound fraction of dFdC was considered equal to 1.35 To ac-
count for the different transporters and enzymes expressions 
on each organ, kx was multiplied for ex,t.

27 The main hypoth-
esis here is that the intracellular enzymes’ and transporters’ 
concentrations are proportional between the different organs. 
In Eqs. 1 and 2 the rate constants relative to the transport from 
the extracellular to the intracellular compartment are multiplied 
for Vint,t∕Vext,t. The rate kx could be written as Vmax∕KM, where 
Vmax and KM are the parameters of the Michaelis-Menten 
equation. Therefore, the following relationship holds:

(1)RhCNT1,t =Vext,tehCNT1,tkhCNT1
Vint,t

Vext,t

Cuext,t

(2)RhENT1,t =ehENT1,t

(

Vext,tkhENT1,in

Vint,t

Vext,t

Cuext,t−Vint,tkhENT1,outCuint,t

)

(3)RCDA,t =Vint,teCDA,tkCDA Cuint,t

Figure 1  Schematic structure of the whole body physiologically-based pharmacokinetic (PBPK) model coupled with the metabolic 
network representing gemcitabine (dFdC) metabolism in the pancreatic tumor tissue. (a) PBPK model structure. Red arrows represent 
arterial blood flows, whereas blue arrows represent venous blood flows. The organs and tissues represented in boxes A and B are “in 
parallel” with respect to the blood flow, this means that they have separate blood inflows and outflows. Box A: Adipose tissue, bone, 
brain, gonads, heart, kidneys, muscles, and skin. Box B: Gut, spleen, and stomach. (b) Model structure of the pancreas. Pancreatic 
tumor and intracellular space share the same extracellular environment. (c) Schematic representation of dFdC metabolism network, 
including metabolites (dFdC, dFdCMP, dFdCDP, and dFdCTP), transporters (hENT1), and target enzymes responsible of driving the 
metabolism reactions (dCK, NMPK, NDPK, CDA, and dCMPD). Reactions catalyzed by unknown enzymes were named as KMPC, 
KDPMP, and KTPDP. KDNA represents the DNA binding rate of dFdCTP. This figure was modified from Servier Medical Art, licensed under 
a Creative Common Attribution 3.0 Generic License. http://smart.servi​er.com/.
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[x]int and [x]ext are the intracellular and extracellular 
transporter concentration and kcat is the turnover number. 
Equation (4) applies to both hCNT1 and hENT1.

Each organ modeled in the PBPK was described by using 
two compartments, representing intracellular and extracellular 
spaces. The generic dFdC tissue extracellular and intracellular 
unbound concentration dynamics are represented in Eq. (5).

Qt is the tissue blood flow, Cart corresponds to the arte-
rial dFdC concentration, Pt:p is the tissue to plasma partition 
coefficient, calculated as in Jamei et al.,31 and B:P is the 
blood to plasma partition coefficient. These equations apply 
to all the tissues except arterial and venous blood, lungs, 
and pancreas.

After appropriate parameters rescaling, the metabolic 
network describing dFdC metabolism was included into 
a compartment representing the pancreatic tumor, as ex-
plained in Inclusion of the metabolic network in the PBPK 
model section below. All the PBPK model equations and 
parameter values are reported in the Supplementary 
Materials, Sections S1 and S6.

The four rate constants associated with enzymes and 
transporters activities in the PBPK model (khCNT1, khENT1,in
, khENT1,out and kCDA, in Eqs. 1–3) were identified for a male 

mean subject (height 175 cm, weight 73 kg, and age 30 years) 
using the data simulated with a PK model taken from the lit-
erature (Zhang model, Supplementary Materials, Section 
S3), for 30-minute infusion of 3.34 mmol/m2 of dFdC.36

Finally, by adding variability to the physiological param-
eters, a population model was obtained. The variabilities 
in organ volumes and blood flows were modeled following 
Willmann et al.37 Briefly, in this model: (i) sex and age of the 
subjects are extracted; (ii) for each subject, the height is ex-
tracted from a distribution given sex and age; (iii) mean organs 
weight and blood flows are generated given the mean sub-
ject characteristics; and (iv) a residual variability is added. The 
khCNT1, khENT1,in, khENT1,out, and kCDA were considered variable 
too, in order to account for the different protein expression 
among subjects. They were supposed log-normally distrib-
uted with mean equal to the estimated values and coefficient 
of variation (CV) taken from Burt et al.38 To our knowledge, no 
information regarding CDA variability in tissues is present in 
the literature; thus, we decided to fix the CDA CV equal to the 
one of the pancreatic cancer, obtained from Ohmine et al.39 
Parameters of the distributions are reported in Table 1.

Inclusion of the metabolic network in the PBPK model
A compartment representing the pancreatic tumor cells was 
included into the PBPK, as shown in Figure 1b. The main 
hypothesis is that the tumor and the pancreatic intracellular 
space share the same extracellular environment and they 
compete for drug uptake. The network was included into the 
PBPK as follows: in vitro intracellular compartment corre-
sponds to the PBPK tumor compartment, whereas the in vitro 
medium corresponds to the pancreatic extracellular space.

The parameters were appropriately rescaled consider-
ing the different volumes and enzymatic concentrations 

(4)kx,ext=
Vmax,ext

KM

=
kcat [x]ext

KM

=
kcat [x]int

KM

Vint,t

Vext,t

=kx
Vint,t

Vext,t

(5)
Vext,t

dCuext,t

dt
=Qt

(

Cart−
Cuext,t

Pt:p∕B:P

)

−RhCNT1,t−RhENT1,t

Vint,t

dCuint,t

dt
=RhCNT1,t+RhENT1,t−RCDA,t

Table 1  Parameters values and their distributions in the population as used in the GSA

Parameters names Distributions parameters Distributions type Units

pKa35 3.6 Fixed  

B:P47 1.94 Fixed  

fup35 1 Fixed  

Molecular weight35 299.66 Fixed g/mol

logPow35 –1.4 Fixed  

Sexc,d 0, 1 Uniforma  

Aged 20, 65 Uniforma Years

E:Pe 1, 5 Uniforma  

Tumor volume 32.3, 224.3 Uniforma mL

khCNT1 920.1657 (33%) Log-normalb 1/minute

khENT1,in 20.1560 (24.3%) Log-normalb 1/minute

khENT1,out 25.6623 (24.3%) Log-normalb 1/minute

kCDA 0.3312 (109.6%) Log-normalb 1/minute
[

dCK
]

int,vivo
0.45 (20%) Log-normalb pmol/mg prot

[

hENT1
]

int,vivo
3.08 (53.4%) Log-normalb pmol/mg prot

[

CDA
]

int,vivo
0.67 (109.6%) Log-normalb pmol/mg prot

GSA, global sensitivity analysis.
aFor distribution parameters, minimum, maximum of the parameter. bFor distribution parameters, mean (coefficient of variation) of the log-normal variable. 
cIf the extracted value is < 0.5 the subject is female (0), otherwise male (1). dHeight, organ volumes, and blood flows were generated by using the Willmann 
model37 for the population generation and are function of sex and age. We refer to the original publications for their values and distributions. eB:P calculated 
from E:P values.47 B:P was calculated by using the following equation48: E:P=1∕H ∗ (B:P−1+H), with H hematocrit equal to 0.47.
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between the in vitro and in vivo situations, as described in 
the Supplementary Material, Section S4. In the publication 
where we took the in vitro data, the in vitro concentrations 
of some of the enzymes and transporters involved into 
dFdC metabolism, like CDA, dCK, and hENT1, were also re-
ported.14 In another publication, the concentration of these 
enzymes in pancreatic tumor samples from 10 different sub-
jects was measured.39 That information was used for the in 
vitro to in vivo rescaling.

Tumor volume was supposedly distributed in the popula-
tion uniformly between 32.3 mL and 224.3 mL.40 Enzymatic 
concentrations were supposedly log-normally distributed 
with the mean and CV derived from the pancreatic tumor 
samples.39

Global sensitivity analysis
Variance-based GSA can be used to understand how the 
variability of certain model outputs (e.g., area under the 
curve (AUC)) is apportioned to the variability of the model 
parameters (e.g., organ volumes and enzymes abundance), 
indicated in GSA as inputs.41 This technique can help to 
understand the most important parameters responsible for 
the model outputs variability.

In variance-based GSA, for each parameter Pi, two 
sensitivity indices are derived from the output variance de-
composition: the main effect Si and the total effect ST ,i. Si is 
related to the part of the output variance explained by the 
variation of each Pi taken alone, while ST ,i is Si plus the in-
teractions between parameters. Both Si and ST ,i are always 
between 0 and 1. The highest Si and ST ,i are, the more im-
portant the parameter is, whereas if ST ,i is equal to 0, the 
parameter does not impact on the output variability.41

Variance-based GSA was performed on the dFdC PBPK 
model coupled with the metabolic network. AUC of plasma 
dFdC and tumor dFdCTP concentrations were considered as 
outputs of interest. AUC was calculated from time 0 (dose 
administration time) to 7  days. The parameters that were 
considered different among subjects of a population are: sex, 
age, and height, organ volumes and blood flows, dFdC blood 
to plasma ratio, all the rates associated with drug transport 
and elimination in the PBPK, tumor volume, and tumor con-
centrations of the enzymes involved in dFdC metabolism. 
Given that khENT1,in and khENT1,out are related to the activity of 
the same enzyme, in the GSA, they were jointly considered 
(grouped): they shared the same variability and so they were 
considered as a unique parameter (khENT1). For readability 
purposes, all the organ volumes and blood flows residual 
variabilities were grouped too.41 The distributions of all the 
parameters are reported in Table 1.

The number of samples, n, extracted in the GSA was set 
to 5,000. The confidence intervals of the sensitivity indices 
were calculated using 10,000 bootstrap samples.42

RESULTS
In vitro metabolic network
The parameters of the metabolic network were identified on 
the in vitro data from Ohmine et al.14 The estimated parame-
ter values are listed in Table 2, where it is also indicated for 
which parameter covariates were included. In order to re-
duce the number of parameters to identify, KNMPK and KNDPK 

were imposed to be equal and KDPMP, KTPDP, and KMPC were 
considered equal too. In Figure 2, the results of the fitting 
process for each metabolite profile and each pancreatic 
cell line are shown. R2 values for extracellular dFdC, intra-
cellular dFdC, dFdCMP, dFdCDP, and dFdCTP are equal to 
0.98, 0.1, 0.99, 0.61, and 0.87, respectively. The metabolic 
network was believed sufficiently capable of describing the 
time course of extracellular and intracellular concentrations 
of dFdC and its phosphorylated metabolites (dFdCMP, dF-
dCDP, and dFdCTP) for the two different cell lines.

PBPK
We fitted the PBPK model coupled with the reduced met-
abolic network against a typical plasma profile of dFdC, 
given a single dose of 3.34 mmol/m2 infused in 30 minutes 
(standard administration in the clinical setting), simulated 
with the Zhang model.36 The identified parameters are re-
ported in Table 1 (mean values of the rates) and the fitting 
results are shown in Figure 3. It is possible to observe that 
the PBPK model well reproduces the typical subject pro-
files provided by the Zhang model. From the logarithmic 
scale, it can be appreciated that the elimination rate is well 
captured. The value of R2 is equal to 0.94.

Once the model parameters were identified on the typ-
ical profile, PK profiles of a population of 500 individuals 
were simulated. In Figure 3, the plasma dFdC concentration 
profiles and the dFdC and its metabolites pancreatic tumor 
profiles are shown, whereas profiles for all the other organs 
and tissues are reported in the Supplementary Materials, 
Section S5.1.

In Figure 3, it is possible to observe that although the 
dFdC plasma concentration drops to zero for at least the 
95% of the subjects in almost 24  hours, the metabolite 
concentrations in the tumor decreases much slower. These 
results are qualitatively in agreement with the simulations 
obtained by the Zhang model, that predicts a drop to zero in 
70 hours for the typical value of the dFdCTP concentration 
in the white blood cells (WBCs), used as a surrogate of the 
intracellular dFdCTP concentration.

Table 2  Metabolic network estimated parameters

Parameters names Value Units

Vmax ,dCK (xCOVdCK) 1.4470 × 105 pmol/hour

KM,dCK
a 4.6 µM

Vmax,CDA,int (xCOVCDA) 1.1047 × 105 pmol/hour

KM,CDA,int 0.4340 × 105 pmol

Vmax,CDA,ext (xCOVCDA) 0.8382 × 105 pmol/hour

KM,CDA,ext 4.1976 × 105 pmol

Vmax,hENT1(xCOVhENT1) 5.4574 pmol/hour

KM,hENT1 4.6963 pmol

KNMPK 0.1087 × 105 1/hour

KDCMPD 0.0273 × 105 1/hour

KDPMP 0.1393 × 105 1/hour

KDNA
b 1 × 10–7 1/hour

KINH 0.8072 × 105 1/pmol

aValue taken from Bouffard et al.49 To include it into the model the value was 
multiplied for the intracellular volume. bGiven that its value is very close to 
zero, it was removed from the model without an impact on the simulations.
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Figure 2  Fitting results of the in vitro metabolic network for PK9 and RPK9 pancreatic cancer cell lines. Blue lines are the model 
predictions and red stars the data from Ohmine et al.14 In panel (a), results for gemcitabine (dFdC) medium amount for PK9 are 
reported. In panels (b–e), the results for dFdC, dFdCMP, dFdCDP, and dFdCTP intracellular PK9 amounts are reported. In panel (f), 
the results for dFdC medium amount for RPK9 are reported. In panels (g–j), the results for dFdC, dFdCMP, dFdCDP, and dFdCTP 
intracellular RPK9 amounts are reported.
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Figure 3  Fitting and population simulation results of the physiologically-based pharmacokinetic (PBPK) model. In panels (a, b), 
the result of the fitting process is shown, in natural and semilogarithmic scale, respectively. Continuous blue line represents the 
gemcitabine (dFdC) plasma concentration simulated by using the PBPK model, whereas the dashed red line represent the dFdC 
plasma concentration simulated with the Zhang model.36 In panel (c), the dFdC plasma concentrations are reported. In panels (d–g), 
the tumor dFdC, dFdCMP, dFdCDP, and dFdCTP concentrations are reported, respectively. In this case, blue line represents the 
median of the compound concentrations in the population, while red shaded area represents the 95% confidence interval.
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In Table 3, the metrics simulated with the PBPK model for 
plasma dFdC and tumor dFdCTP concentrations are com-
pared with those simulated with the Zhang model and with in 
vivo patients PK data from the literature.43,44 For the two in vivo 
studies, metrics related to the tumor dFdCTP concentration 
were not available, thus, the ones relative to WBC dFdCTP 
concentration are reported. Concerning the dFdC plasma AUC 
and peak plasma concentration (Cmax), the results of the PBPK 
model show good agreement with both the Zhang model and 
the literature data. However, it is possible to observe that the 
PBPK model tends to overestimate the population variabil-
ity of dFdC AUC. PBPK dFdCTP tumor AUC results slightly 
lower with respect to dFdCTP WBC AUC simulated with the 
Zhang model, but it shows good agreement with the results 
presented in Derissen et al.43

As a further simulation exercise, 3.34 mmol/m2 of dFdC 
were infused weekly for 20 weeks; results are shown in the 
Supplementary Materials, Section S5.2. From these re-
sults, it is possible to see that there is no accumulation of 
dFdC and dFdCTP, in agreement with De Lange et al.45

Global sensitivity analysis
A variance-based GSA on the PBPK model coupled with 
the metabolic network was performed with the aim of 
understanding what the most important parameters are in ex-
plaining plasma dFdC and tumor dFdCTP concentration AUC 
variability in the population. Results are shown in Figure 4.

The parameter that mainly explains the dFdC plasma 
concentration AUC is the rate relative to the dFdC elim-
ination in tissues, kCDA. A critical aspect related with this 
parameter is that we have considered its CV equal to the 

one found in pancreatic tumor tissue samples, because 
of the lack of specific knowledge. The variation of kCDA is 
responsible of about all the dFdC AUC variance; then an 
adequate characterization of its variability in the popula-
tion is needed for a more reliable prediction of the AUC 
variability.

The dFdCTP tumor concentration AUC variability is mainly 
due to dCK and CDA tumor concentrations. These results 
are in agreement with the fact that the resistance against 
dFdC in some cell lines is obtained by reducing the dCK 
levels.14

It is interesting to notice that hENT1 tumor expression 
is not important in determining dFdCTP AUC. This could 
be due to the fact that the hENT1 concentration was quite 
homogeneous in the population that we used to estimate 
its variability.39 Thus, it is possible that with these data, the 
hENT1 population variability was underestimated.

DISCUSSION

A multiscale systems pharmacology model describing the 
dFdC metabolic pathway and predicting the levels of dF-
dCTP in the active site for a population of patients with 
pancreatic cancer was developed. This model was built 
by integrating different resources obtained from the lit-
erature: in vitro information regarding dFdC metabolism 
in pancreatic cancer cell lines14; a compartmental model 
describing plasma dFdC concentrations in patients with 
pancreatic cancer36; and physiological and genetic infor-
mation of a given population.37 Finally, we performed a 
GSA in order to understand what parameters explain the 

Table 3  PBPK and Zhang model output metrics compared with literature metrics

Metrics Study Mean Mina Maxa CV (%)b Units

    dFdC

Plasma AUC PBPK model 3.57 1.14 11 78.06 mmol ⋅min∕L

Plasma AUC Zhang modelc 2.21 1.22 3.59 28.92 mmol ⋅min∕L

Plasma AUC Derissen et al.43 1.73 0.67 3.42   mmol ⋅min∕L

Plasma AUC Abbruzzese et al.44 2.13 0.76 5 78.12 mmol ⋅min∕L

Plasma Cmax PBPK model 0.048 0.031 0.071 22.99 mmol∕L

Plasma Cmax Zhang modelc 0.041 0.024 0.061 22.14 mmol∕L

Plasma Cmax Derissen et al.43 0.043 0.017 0.082   mmol∕L

Plasma Cmax Abbruzzese et al.44 0.056 0.012 0.108 63.24 mmol∕L

    dFdCTP

Tumor AUC PBPK model 343.86 31.18 1,127.3 94.37 mmol ⋅min∕L

WBC AUCd Zhang modelc 564.95 331.25 931.17 29.12 mmol ⋅min∕L

WBC AUC Derissen et al.43 394.8 169.8 942   mmol ⋅min∕L

Tumor Cmax PBPK model 0.15 0.07 0.3 42.99 mmol∕L

WBC Cmax
d Zhang modelc 0.44 0.26 0.68 25.75 mmol∕L

WBC Cmax Derissen et al.43 0.5 0.19 1.06   mmol∕L

WBC Cmax Abbruzzese et al.44 0.224       mmol∕L

AUC, area under the curve; Cmax, peak plasma concentration; CV, coefficient of variation; PBPK, physiologically-based pharmacokinetic; WBC, white blood 
cell.
aMinimum and maximum refer to: 2.5 and 97.5 percentiles for the simulations with PBPK and Zhang models; observation ranges for Derissen et al.43 and 
Abbruzzese et al.44. bFor all the metrics relative to Derissen et al. it was not possible to calculate the CV. For the WBC Cmax of Abruzzese et al. ranges and CV 
were not available. cFive hundred subjects were simulated (250 men and 250 women, age 29 years) including intersubject variability reported in Zhang model. 
Mean subject metrics were calculated for a 29 year old man. dValues of dFdCTP AUC and Cmax were simulated with the Zhang model in pmol ⋅h∕106 cells and 
pmol∕106cells, respectively. These values were converted to intracellular WBC concentration by dividing them for the mean volume of a neutrophil, equal to 
299 fL.50
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predicted population variation of plasma dFdC and tumor 
dFdCTP AUC.

Regarding the dFdC in vitro metabolism, data used for 
developing the network were obtained from in vitro exper-
iments performed after a single dose exposure of dFdC, 
collecting a single profile per metabolite for each cell line. 
With the data available, the results of the fitting process 
are biased, as it can be appreciated by looking at Figure 2. 
Despite this, the metabolic network was believed suffi-
ciently capable of describing the profiles of dFdC and its 
phosphorylated metabolites. The development of this 
model presented several difficulties. First, important infor-
mation regarding the experimental setup were not present 
in the original publication on the in vitro experiments, like 
the milligrams of protein per number of cells and the area of 
the well in which the cells were cultured. Moreover, it was 
not possible to describe the profiles of dFdU and its metab-
olites. Given that the metabolic network structure depends 
on the data available, a kind of “structural uncertainty” of 
the model is present. This uncertainty could potentially im-
pact the in vivo predictions of dFdCTP concentration once 
the network is included in the PBPK model.

To model dFdC distribution and metabolism in the body, 
a PBPK model was developed accounting for the activity of 
plasmatic membrane transporters.7,32 One of the main ad-
vantages of the developed PBPK model is that the metabolic 
network was easily coupled with the model, leading to the 
possibility of describing the active metabolite concentration in 
the site of action. In order to do this, a compartment repre-
senting the pancreatic tumor was introduced into the model 
and was supposed to share the same extracellular environ-
ment with the pancreas sane tissue. By doing this, there was a 
direct correspondence between in vitro and in vivo intracellu-
lar and extracellular environments. In this context, information 
regarding the target enzymes concentration both in in vitro 
cancer cell lines and in vivo tumor samples, was found to be 
particularly useful for the parameters rescaling and, thus, the 
inclusion of the metabolic network in the PBPK model.

With the model presented here, there was no need of 
estimating the blood flow directed to the tumor. This ap-
proach presents, however, some drawbacks. In fact, by 
using this model, it would be difficult to describe pro-
cesses such as the angiogenesis and the effect of a 
potential antiangiogenic compound. Moreover, the thick 

Figure 4  Global sensitivity analysis (GSA) results performed for (a) plasma dFdC area under the curve (AUC) and (b) tumor dFdCTP 
AUC. The parameters that are considered variables among subjects in the population are: sex, age, residual variability on height, 
organ volumes, and blood flows (height, volumes, and fluxes), blood to plasma ratio (BP), tumor volume (tumor vol), all the estimated 
rate constants relative to the transport and elimination of dFdC in the physiologically-based pharmacokinetic model (kCNT pbpk, khENT1 
pbpk, and kCDA pbpk) and the enzymes tumor concentrations (CDA tum, dCK tum, and hENT1 tum). Error bars represent the 95% 
confidence interval of the sensitivity indices calculated with 10,000 bootstrap samples.
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stroma surrounding the tumor cells that characterize the 
pancreatic cancer was not modeled46 and this could po-
tentially impact the predicted drug disposition in the tumor 
tissue.

Another advantage of the developed systems pharmacol-
ogy model is that it includes the interpatient variability of 
parameters, such as organ volumes, blood flows, and abun-
dances of enzymes and transporters. Then, by performing 
a GSA, it is possible to understand what are  the parame-
ters that with their variation in the population mostly explain 
the interpatient variability of metrics of interest, such as 
AUC of plasma dFdC and tumor dFdCTP. The GSA results 
highlight that the tumor dFdCTP AUC variability is mainly 
explained by the variation of CDA and dCK tumor concen-
tration. These results are in accordance with the fact that the 
dFdC clinical response is probably related to the patient’s 
genotype and to different expressions of the transporters or 
target enzymes.11

The results of this modeling study suggest that individ-
ual genetic factors affecting dFdC metabolism would lead 
to different amounts of its metabolites and, consequently, 
different treatment responses, as dFdCTP exposure has 
been previously related to tumor response, and later, to sur-
vival.22 A recent multiscale network characterizes the effect 
of proteomics on dFdC mechanism of action and its sig-
naling pathways, in combination with birinapant.17 Future 
integration of their results with those present in this study 
could provide insights to better understand dFdC variability 
and drug effects.

Further research should be done for characterizing in vitro 
different pancreatic cancer cells coming from patients re-
ceiving dFdC, measuring the target enzyme level expression 
and the degree of their polymorphisms. This would be key to 
assess and refine the current model.

Supporting Information. Supplementary information accompa-
nies this paper on the Clinical and Translational Science website (www.
cts-journal.com).

Supplementary Information 1.

Funding.  No funding was received for this work.

Conflict of Interest.  The authors declared no competing interests 
for this work.

Author Contributions.  M.G.C. and N.M. wrote the manuscript. All 
authors designed the research. M.G.C. and N.M. performed the research.

	 1.	 Oettle, H., Arnold, D., Hempel, C. & Riess, H. The role of gemcitabine alone and in 
combination in the treatment of pancreatic cancer. Anticancer Drugs 11, 771–786 
(2000).

	 2.	 Heinemann, V. Gemcitabine in metastatic breast cancer. Expert Rev. Anticancer 
Ther. 5, 429–443 (2005).

	 3.	 Hansen, S.W. Gemcitabine in the treatment of ovarian cancer. Int. J. Gynecol. 
Cancer 11, 39–41 (2001).

	 4.	 Burkes, R.L. & Shepherd, F.A. Gemcitabine in the treatment of non-small-cell lung 
cancer. Ann. Oncol. 6, S57–S60 (1995).

	 5.	 Le, N. et al. Prognostic and predictive markers in pancreatic adenocarcinoma. Dig. 
Liver Dis. 48, 223–230 (2016).

	 6.	 Bergman, A.M., Pinedo, H.M. & Peters, G.J. Determinants of resistance to 2′,2′- 
difluorodeoxycytidine (gemcitabine). Drug Resist. Updates 5, 19–33 (2002).

	 7.	 Mackey, J.R. et al. Functional nucleoside transporters are required for gemcitabine 
influx and manifestation of toxicity in cancer cell lines. Cancer Res. 58, 4349–
4357 (1998).

	 8.	 Storniolo, A.M., Allerheiligen, S.R. & Pearce, H.L. Preclinical, pharmacologic, and 
phase I studies of gemcitabine. Semin. Oncol. 24, S7-2–S7-7 (1997).

	 9.	 Plunkett, W. et al. Gemcitabine: metabolism, mechanisms of action, and self- 
potentiation. Semin. Oncol. 22, 3–10 (1995).

	 10.	 Baker, J.A.R. et al. Pharmacogenomics of gemcitabine metabolism: functional 
analysis of genetic variants in cytidine deaminase and deoxycytidine kinase. Drug 
Metab. Dispos. 41, 541–545 (2013).

	 11.	 de Sousa Cavalcante, L. & Monteiro, G. Gemcitabine: metabolism and molecular 
mechanisms of action, sensitivity and chemoresistance in pancreatic cancer. Eur. 
J. Pharmacol. 741, 8–16 (2014).

	 12.	 Neff, T. & Blau, C.A. Forced expression of cytidine deaminase confers resistance to 
cytosine arabinoside and gemcitabine. Exp. Hematol. 24, 1340–1346 (1996).

	 13.	 Giovannetti, E. et al. Transcription analysis of human equilibrative nucleoside trans-
porter-1 predicts survival in pancreas cancer patients treated with gemcitabine. 
Cancer Res. 66, 3928–3935 (2006).

	 14.	 Ohmine, K. et al. Attenuation of phosphorylation by deoxycytidine kinase is key 
to acquired gemcitabine resistance in a pancreatic cancer cell line: targeted 
proteomic and metabolomic analyses in PK9 cells. Pharm. Res. 29, 2006–2016 
(2012).

	 15.	 Sebastiani, V. et al. Immunohistochemical and genetic evaluation of deoxycytidine 
kinase in pancreatic cancer: relationship to molecular mechanisms of gemcitabine 
resistance and survival. Clin. Cancer Res. 12, 2492–2497 (2006).

	 16.	 Zhu, X., Straubinger, R.M. & Jusko, W.J. Mechanism-based mathematical mod-
eling of combined gemcitabine and birinapant in pancreatic cancer cells. J. 
Pharmacokinet. Pharmacodyn. 42, 477–496 (2015).

	 17.	 Zhu, X., Shen, X., Qu, J., Straubinger, R.M. & Jusko, W.J. Multi-scale network model 
supported by proteomics for analysis of combined gemcitabine and Birinapant ef-
fects in pancreatic cancer cells. CPT Pharmacometrics Syst. Pharmacol. 7, 549–
561 (2018).

	 18.	 Hamed, S.S., Straubinger, R.M. & Jusko, W.J. Pharmacodynamic modeling of cell 
cycle and apoptotic effects of gemcitabine on pancreatic adenocarcinoma cells. 
Cancer Chemother. Pharmacol. 72, 553–563 (2013).

	 19.	 Miao, X., Koch, G., Straubinger, R.M. & Jusko, W.J. Pharmacodynamic modeling 
of combined chemotherapeutic effects predicts synergistic activity of gemcitabine 
and trabectedin in pancreatic cancer cells. Cancer Chemother. Pharmacol. 77, 
181–193 (2016).

	 20.	 Zhu, X., Trueman, S., Straubinger, R.M. & Jusko, W.J. Physiologically-based phar-
macokinetic and pharmacodynamic models for gemcitabine and birinapant in pan-
creatic cancer xenografts. J. Pharmacokinet. Pharmacodyn. 45, 733–746 (2018).

	 21.	 Garcia-Cremades, M., Pitou, C., Iversen, P.W. & Troconiz, I.F. Characterizing gem-
citabine effects administered as single agent or combined with carboplatin in mice 
pancreatic and ovarian cancer xenografts: a semimechanistic pharmacokinetic/
pharmacodynamics tumor growth-response model. J. Pharmacol. Exp. Ther. 360, 
445–456 (2017).

	 22.	 Garcia-Cremades, M., Pitou, C., Iversen, P.W. & Troconiz, I.F. Predicting tumour 
growth and its impact on survival in gemcitabine-treated patients with advanced 
pancreatic cancer. Eur. J. Pharm. Sci. 115, 296–303 (2018).

	 23.	 Battaglia, M.A. Jr & Parker, R.S. Pharmacokinetic/pharmacodynamic modelling of 
intracellular gemcitabine triphosphate accumulation: translating in vitro to in vivo. 
IET Syst. Biol. 5, 34–43 (2011).

	 24.	 Sorger, P.K.et al.Quantitative and systems pharmacology in the post-genomic era: 
new approaches to discovering drugs and understanding therapeutic mechanisms. 
<https​://www.nigms.nih.gov/train​ing/docum​ents/syste​mspha​rmawp​sorge​r2011.
pdf> (2011).

	 25.	 Visser, S.A.G, de Alwis, D.P, Kerbusch, T., Stone, J.A & Allerheiligen, S.R.B. 
Implementation of quantitative and systems pharmacology in large pharma. CPT 
Pharmacometrics Syst. Pharmacol. 3, 142 (2014).

	 26.	 Jones, H.M. & Rowland-Yeo, K. Basic Concepts in physiologically based pharma-
cokinetic modeling in drug discovery and development. CPT Pharmacometrics Syst. 
Pharmacol. 2, 63 (2013).

	 27.	 Meyer, M., Schneckener, S., Ludewig, B., Kuepfer, L. & Lippert, J. Using expression 
data for quantification of active processes in physiologically-based pharmacoki-
netic modeling. Drug Metab. Dispos. 40, 892–901 (2012).

	 28.	 MATLAB Release R2019a. The MahWorks, Inc., Natick, MA (2019).
	 29.	 Igel, C., Hansen, N. & Roth, S. Covariance matrix adaptation for multi-objective 

optimization. Evol. Comput. 15, 1–28 (2007).
	 30.	 Yoshida, T. et al. Influence of cytidine deaminase on antitumor activity of 2’-deoxycytidine  

analogues in vitro and in vivo. Drug Metab. Dispos. 38, 1814–1819 (2010).
	 31.	 Jamei, M. et al. A mechanistic framework for in vitro–in vivo extrapolation of liver 

membrane transporters: prediction of drug-drug interaction between rosuvastatin 
and cyclosporine. Clin. Pharmacokinet. 53, 73–87 (2014).

	 32.	 Veltkamp, S.A., Beijnen, J.H. & Schellens, J.H.M. Prolonged versus standard gem-
citabine infusion: translation of molecular pharmacology to new treatment strategy. 
Oncologist 13, 261–276 (2008).

https://www.nigms.nih.gov/training/documents/systemspharmawpsorger2011.pdf
https://www.nigms.nih.gov/training/documents/systemspharmawpsorger2011.pdf


617

www.cts-journal.com

Multiscale PK Model for dFdC in Pancreatic Cancer
Garcia-Cremades et al.

	 33.	 Mini, E., Nobili, S., Caciagli, B., Landini, I. & Mazzei, T. Cellular pharmacology of 
gemcitabine. Ann. Oncol. 17, v7–v12 (2006).

	 34.	 Open systems pharmacology suite - Version 7.1 <http://www.open-syste​ms-
pharm​acolo​gy.org/>.

	 35.	 Poulin, P. et al. Prediction of drug distribution in subcutaneous xenografts of 
human tumor cell lines and healthy tissues in mouse: application of the tis-
sue composition-based model to antineoplastic drugs. J. Pharm. Sci. 104, 
1508–1521 (2015).

	 36.	 Zhang, L. et al. Model-based drug development: the road to quantitative pharma-
cology. J. Pharmacokinet. Pharmacodyn. 33, 369–393 (2006).

	 37.	 Willmann, S. et al. Development of a physiology-based whole-body population 
model for assessing the influence of individual variability on the pharmacokinetics 
of drugs. J. Pharmacokinet. Pharmacodyn. 34, 401–431 (2007).

	 38.	 Burt, H.J. et al. Abundance of hepatic transporters in Caucasians: a meta-analysis. 
Drug Metab. Dispos. 44, 1550–1561 (2016).

	 39.	 Ohmine, K. et al. Quantitative targeted proteomics of pancreatic cancer: deoxycyt-
idine kinase protein level correlates to progression-free survival of patients receiv-
ing gemcitabine treatment. Mol. Pharm. 12, 3282–3291 (2015).

	 40.	 Parlak, C., Topkan, E., Onal, C., Reyhan, M. & Selek, U. Prognostic value of gross 
tumor volume delineated by FDG-PET-CT based radiotherapy treatment planning in 
patients with locally advanced pancreatic cancer treated with chemoradiotherapy. 
Radiat. Oncol. 7, 37 (2012).

	 41.	 Saltelli, A. et al. Global Sensitivity Analysis: The Primer. (John Wiley & Sons, Ltd, 
Hoboken, NJ, 2008).

	 42.	 Archer, G.E.B., Saltelli, A. & Sobol, I.M. Sensitivity measures, ANOVA-like tech-
niques and the use of bootstrap. J. Stat. Comput. Simul. 58, 99–120 (1997).

	 43.	 Derissen, E.J.B., Huitema, A.D.R., Rosing, H., Schellens, J.H.M. & Beijnen, J.H. 
Intracellular pharmacokinetics of gemcitabine, its deaminated metabolite 2′,2′- 
difluorodeoxyuridine and their nucleotides. Br. J. Clin. Pharmacol. 84, 1279–1289 
(2018).

	 44.	 Abbruzzese, J.L. et al. A phase I clinical, plasma, and cellular pharmacology study 
of gemcitabine. J. Clin. Oncol. 9, 491–498 (1991).

	 45.	 de Lange, S.M. et al. No evidence of gemcitabine accumulation during weekly ad-
ministration. Eur. J. Clin. Pharmacol. 61, 843–849 (2005).

	 46.	 Hwang, R.F. et al. Cancer-associated stromal fibroblasts promote pancreatic tumor 
progression. Cancer. Res. 68, 918–926 (2008).

	 47.	 Dumez, H. et al. In vitro partition of docetaxel and gemcitabine in human volunteer 
blood: the influence of concentration and gender. Anticancer Drugs 16, 885–891 
(2005).

	 48.	 Poulin, P. & Theil, F.-P. Prediction of pharmacokinetics prior to in vivo studies. 1. 
Mechanism-based prediction of volume of distribution. J. Pharm. Sci. 91, 129–156 
(2002).

	 49.	 Bouffard, D.Y., Laliberté, J. & Momparler, R.L. Kinetic studies on 2’,2’-difluorode-
oxycytidine (gemcitabine) with purified human deoxycytidine kinase and cytidine 
deaminase. Biochem. Pharmacol. 45, 1857–1861 (1993).

	 50.	 Ting-Beall, H.P., Needham, D. & Hochmuth, R.M. Volume and osmotic properties of 
human neutrophils. Blood 81, 2774–2780 (1993).

© 2020 The Authors. Clinical and Translational Science 
published by Wiley Periodicals, Inc. on behalf of the 
American Society for Clinical Pharmacology and 
Therapeutics. This is an open access article under 
the terms of the Creative Commons Attribution-
NonCommercial License, which permits use, 
distribution and reproduction in any medium, provided 
the original work is properly cited and is not used for 
commercial purposes.

http://www.open-systems-pharmacology.org/
http://www.open-systems-pharmacology.org/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/

