
Accounting for inter-correlation between enzyme abundance:
a simulation study to assess implications on global sensitivity analysis
within physiologically-based pharmacokinetics

Nicola Melillo1,2 • Adam S. Darwich2 • Paolo Magni1 • Amin Rostami-Hodjegan2,3

Received: 7 September 2018 / Accepted: 12 March 2019 / Published online: 23 March 2019
� Springer Science+Business Media, LLC, part of Springer Nature 2019

Abstract
Physiologically based pharmacokinetic (PBPK) models often include several sets of correlated parameters, such as organ

volumes and blood flows. Because of recent advances in proteomics, it has been demonstrated that correlations are also

present between abundances of drug-metabolising enzymes in the liver. As the focus of population PBPK has shifted the

emphasis from the average individual to theoretically conceivable extremes, reliable estimation of the extreme cases has

become paramount. We performed a simulation study to assess the impact of the correlation between the abundances of

two enzymes on the pharmacokinetics of drugs that are substrate of both, under assumptions of presence or lack of such

correlations. We considered three semi-physiological models representing the cases of: (1) intravenously administered

drugs metabolised by two enzymes expressed in the liver; (2) orally administered drugs metabolised by CYP3A4 expressed

in the liver and gut wall; (3) intravenously administered drugs that are substrates of CYP3A4 and OATP1B1 in the liver.

Finally, the impact of considering or ignoring correlation between enzymatic abundances on global sensitivity analysis

(GSA) was investigated using variance based GSA on a reduced PBPK model for repaglinide, substrate of CYP3A4 and

CYP2C8. Implementing such correlations can increase the confidence interval for population pharmacokinetic parameters

(e.g., AUC, bioavailability) and impact the GSA results. Ignoring these correlations could lead to the generation of

implausible parameters combinations and to an incorrect estimation of pharmacokinetic related parameters. Thus, known

correlations should always be considered in building population PBPK models.
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Introduction

In the recent European Medicines Agency (EMA) draft

guidance on the qualification and reporting of physiologi-

cally based pharmacokinetic (PBPK) models, the need to

assess the biological plausibility and validity of model

parameter values was highlighted. Further, EMA encour-

aged PBPK platforms to evolve with new published data

[1]. In order to simulate the variability in pharmacokinetics

of a given drug in a given population, a set of individuals

are generated by sampling model parameter values within a

predefined space (e.g., liver volume and blood flow) [2, 3].

In PBPK simulations for large populations of virtual

patients, if during the process of assigning system param-

eters, the correlations between various anatomical, physi-

ological and biological attributes are ignored, it is possible

to generate ‘‘implausible combinations of parameters’’.

This could lead to an erroneous estimation of the

interindividual variability of the main pharmacokinetic

parameters, such as clearance [4, 5].

Accordingly, most PBPK models implement, for

example, the known correlation between organ volumes

and blood flows [3, 6]. However, there are other
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physiological and biological components of the system

with known degrees of correlation which are not consid-

ered in the development of virtual populations. These

include enzyme expressions in various organs and tissues.

Recently, novel techniques in quantitative proteomics has

made possible the reliable quantification of multiple

enzyme and transporter expressions in the same experiment

and sample. This allows robust measures of correlations

between proteins [7, 8]. For example, it has been shown

that various Cytochrome P450 (CYPs) enzymes and UDP-

glucuronosyltransferases (UGT) are correlated [9]. Recent

work has demonstrated that including the correlation

between hepatic CYP3A4 and CYP2C8 in PBPK mod-

elling of repaglinide, leads to improved performance in

predicting inter-individual variability in drug clearance and

the magnitude of metabolic drug–drug interactions (DDIs),

as compared to the same PBPK predictions without cor-

relation [8]. While the correlation between hepatic CYPs

and UGTs has been robustly assessed, that between

CYP3A4 in liver and gut wall remains controversial: some

work suggests its absence [10], while other work suggests

its presence [11]. Moreover, to our knowledge, evidence in

the literature regarding any correlation between enzyme

and transporter expressions and their relevance are still

insufficient [8], however, this type of correlation might be

possible (internal unpublished data).

In this context, simulation studies using mathematical

models, may be informative in highlighting possible cor-

relations that may impact the pharmacokinetics (PK) of

drugs and, by extension, may inform experimental design.

The aim of our work was to perform a simulation study in

order to theoretically assess the impact of the correlation

between the expressions of two enzymes, under different

conditions, on the PK of drugs that are substrates of both

enzymes. For this purpose, we considered three simple

compartmental semi-physiological models representing the

cases of: (1) intravenously (IV) administered drugs meta-

bolised by two enzymes expressed in the liver; (2) orally

administered drugs metabolised by CYP3A4 expressed in

the gut wall and liver; (3) IV administered drugs that are

substrates of CYP3A4 and OATP1B1, both expressed in

the liver. For each of these models we tested the impact of

correlation between the expression of the two enzymes

with respect to the case of absence of correlation. We

choose to use simple compartmental models in order to

highlight the correlation effect (if present), while limiting

the effect of confounding variables and thus, simplifying

the interpretation of the results.

Fig. 1 Different models used in this study: a intravenously admin-

istered drugs metabolised by two enzymes expressed in the liver;

b orally administered drugs metabolised by CYP3A4 expressed in the

liver and gut wall; c intravenously administered drugs metabolised by

CYP3A4 and OATP1B1, both expressed in the liver; d intravenous

administration of repaglinide, a drug substrate of CYP3A4, CYP2C8

and OATP1B1
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Finally, the EMA report highlighted the importance of

performing a sensitivity analysis ‘‘for all the parameters

that are likely to markedly influence the outcome of sim-

ulated pharmacokinetics and/or the model application’’ [1].

Hence, we assessed how the correlation between enzymatic

abundances impacts the results and interpretation of sen-

sitivity analysis [4]. For this purpose, we performed global

sensitivity analysis (GSA) [12] on a semi-physiological

Table 1 Model parameter values

Parameter name Value Unit Reference

BW: body weight 70 kg [33]

CO: cardiac output 350.37 l/h [34]

Wliv: liver weight (fraction of BW) 1.81 (0.026) kg [33]

Vc: central compartment volume (for models in Figs. 1a and 1c)a 115.91 l [17]

Vent: volume of the enterocytes 0.2242 l [34]

Qliv;ven: hepatic vein blood flow (percentage of CO) 89.34 (0.255) l/h [33]

Qent: blood flow out of the enterocytes 16.82 l/h [34]

kt: time constant relative to the transit in the intestine 0.3 h-1 Calculatedd

Peff : effective permeability across the gut wallb 8.70 10-4 cm/s [20]

qliv: liver density
c 1.080 kg/l [35]

few;liv: fraction of extracellular water in liver 0.161 – [36]

fiw;liv: fraction of intracellular water in liver 0.573 – [36]

MPPGL: milligram of microsomal proteins per g of liver 39.79 mg prot/g liver [18]

HPGL: hepatocellularity per gram of liver 117.52 106 hepatocytes g l [18]

aCalculated as the median of the values in [17] times BW (70 kg) minus the liver volume
bTaken equal to the maximum value in [20]
cUsed to calculate Vliv from Wliv : Vliv ¼ Wliv=qliv
dCalculated dividing the minimum of the mean flow rate in the jejunum (0.5 ml/min) by the minimum volume (100 mL) reported in [37]

Table 2 Parameters of the enzymatic distributions

Parameter name Distribution parameters Distribution type Unit Reference

CYP3A4½ �mic: CYP3A4 microsomal concentration 137 (41%) Lognormala pmol/mg prot [18]

CYP3A4ent: total amount of CYP3A4 in small intestine 66.2 (60%) Lognormala nmol [18]

CYP2C8½ �mic: CYP2C8 microsomal concentration 24 (81%) Lognormala pmol/mg prot [18]

OATP1B1½ �cells: OATP1B1 concentration per 106 cells 4.28 (74%) Lognormala pmol/106 hepatocytes [18]

aFor distribution parameters, mean (coefficient of variation) of the lognormal random variable

Table 3 Repaglinide related

parameters
Parameter name Value Unit Reference

mw : molecular weight 452.6 g/mol [8]

Vmax;3A4
a 958.2 pmol/min/mg prot [25]

KM;3A4 13.2 lM [25]

Vmax;2C8
a 300.8 pmol/min/mg prot [25]

KM;2C8 2.3 lM [25]

CLint;OATP: intrinsic clearance of OATP 246 ll/min/106 hepatocytes [8]

CLPS: passive clearance 0.089 ml/min/106 hepatocytes [8]

Vss: volume of distribution at the steady state 0.24 l/kg [8]

fut: fraction unbound in liver tissue 0.072 – [23, 24]

aHLM parameters in [8]
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model describing repaglinide pharmacokinetics after IV

infusion. Repaglinide is a substrate of CYP3A4 and

CYP2C8, where the abundances of these two enzymes

have been shown to be correlated in the liver [9]. Different

degrees of correlation between the two enzymes were

tested in terms of their impact on the GSA results. As

suggested in Saltelli et al. [13], we choose to express the

correlation between the two enzymes by using an explicit

relationship (e.g., linear regression) with the addition of an

independent noise term and then performed a GSA on the

uncorrelated parameters. The technique that we choose to

use to perform the GSA was the variance based method

[13–15].

Methods

A simulation study was performed to assess the effect of

the correlation between enzymatic expressions, in different

situations, on the PK of drugs with different intrinsic

clearances. Then, the impact of correlation between hepatic

CYP3A4 and CYP2C8 expressions on the results of a

variance based GSA on a semi-physiological model

describing repaglinide PK after IV infusion was assessed.

The model parameter values that are considered fixed are

reported in Table 1, the distributions of the enzyme con-

centrations are reported in Table 2 and the parameters

related to repaglinide metabolism and distribution are

given in Table 3. The analysis was performed using

MATLAB R2017b [16] on a 64-bit computer configured

with Intel� CoreTM i7-7700 @ 3.60 GHz 9 8 processor,

running Ubuntu 16.04 LTS.

Simulation study

Two enzymes in the liver

A semi-physiological two-compartmental model was

developed to simulate IV administration at an arbitrary

dose of 1 mg of drug. The model, represented in Fig. 1a, is

composed of one central compartment and one compart-

ment representing the liver. Drug metabolism occurs in the

liver and depends on the activity of two different enzymes,

namely enzyme 1 (E1) and enzyme 2 (E2), with equal

intrinsic clearances. Model equations are shown in (1).

dxc

dt
¼ Qliv;art

Vliv

xliv �
Qliv;art

Vc

xc

dxliv

dt
¼ Qliv;art

Vc

xc �
Qliv;art

Vliv

xliv �
CL1 þ CL2I

Vliv

xliv

ð1Þ

xc and xliv are the drug amounts in the central and liver

compartment, respectively. Vc and Vliv are the central and

liver compartment volumes and Qliv,art is the arterial liver

blood flow. The value of Vc was taken equal to the median

of drug distribution volumes in [17] minus Vliv. CL1 and

CL2 are the clearances of enzyme 1 and enzyme 2,

respectively, and I is an inhibition constant. The clearance

expression is given in (2).

CL ¼ CLint � E½ �mic�MPPGL �Mliv ð2Þ

CLint is the intrinsic clearance, [E]mic is the enzymatic

concentration per mg of microsomal proteins, MPPGL is

the mg of microsomal protein per g of liver and Mliv the

liver mass in g [6]. As an exercise, the distributions of

microsomal concentrations of both E1 and E2 were taken to

equal the one of CYP3A4. We choose to set the intrinsic

clearance and the distributions of E1 and E2 to equal values.

This was done to give equal importance to the two enzymes

on the drug metabolism (for an average individual) and

thus highlight the impact of correlation effect where pre-

sent. All the model parameters were considered fixed to

their mean value, shown in Table 1, except CLint, I and the

concentrations of the two enzymes. As for CYP3A4, both

concentrations of enzyme 1 and 2 were assumed to be log-

normally distributed [18] as shown in (3).

log E1½ �ð Þ
log E2½ �ð Þ

� �
� logN

ll1
ll2

� �
;

r21 qr1r2
qr1r2 r22

� �� �
ð3Þ

where lli and ri are the mean and standard deviation of the

natural logarithm of the concentration of enzyme i. Both

presence and absence of correlation between the two

enzymes were considered. In particular, when the correla-

tion is present it was assumed that q = 0.7, close to the

physiological correlation between the logarithms of

CYP3A4 and CYP2C8 microsomal concentrations.1 CLint
was considered variable within the ranges of

0.005–2949 lL/min/mg microsomal protein as reported in

[19]. Given that in [19] the values of CLint are expressed in

lL/min/mg microsomal protein, in order to express the

clearance in lL/min/pmol CYP, the original values were

divided by the mean concentration of CYP3A4 per mg of

microsomal protein. Values of I were considered between 0

and 2, which corresponds to complete inhibition and two-

fold induction of the E2, respectively. A total of 5000

samples were extracted from the enzyme concentration

distribution in both cases of presence and absence of cor-

relation. The considered timespan ranged from 0 (time of

dose administration) to 100 h. For the given values of CLint
and I, the AUC from 0 to 100 h of the central compartment

following an IV bolus of 1 mg was calculated for all the

paired enzyme concentration samples. Thus, for each CLint

1 Data on CYP3A4 and CYP2C8 paired microsomal concentration on

23 Caucasian subjects were internally available [9]. The Pearson

linear coefficient was calculated by using the MATLAB function

corr, on the logarithms of the CYPs concentrations, resulting in

q = 0.7436.
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and I combination, two AUC distributions were obtained:

one in presence and the other one in absence of correlation

between the enzyme concentrations. The index RP was

defined as in Eq. (4), with AUCP,corr and AUCP,not corr

given percentiles relative to the correlated and not corre-

lated distribution of the AUC, respectively.

RP ¼ AUCP;corr � AUCP;not corr

AUCP;not corr
ð4Þ

RP represents the increase in the Pth AUC percentile, AUCP,

due to the presence of correlation, relative to absence of any

correlation. An RP[ 0 for the upper limit of the 95% con-

fidence interval, means that this limit is increased to

(RP � 100) % due to the presence of correlation. Instead, an

RP\ 0 for the lower limit of the 95% confidence interval,

means that this limit is reduced to (RP � 100) %. The rea-

soning could be easily extended for RP\ 0 for the upper

limit andRP[ 0 for the lower limit.RPwas calculated for the

5th, 50th and 95th percentiles. Given that RP depends on

CLint and I, its value was calculated for a grid of values of

these two parameters. This grid was obtained by the com-

bination of 20 values for both CLint and I, equally spaced

between the ranges given before. Given that CLint spans in

several orders of magnitude, a logarithmic spacing with

lower and upper bounds set as the logarithms of minimum

and maximum value in [19], respectively, was used for

values of CLint. To establish the values of I, a linear spacing

with a lower bound equal to 0 and an upper bound equal to 2

was used. Finally, for each value of CLint, the ratio (Rinh)

between central compartment AUC when I = 0 (complete

inhibition of E2) and when I = 1 (absence of inhibition), was

calculated for both the presence and absence of correlation.

CYP3A4 in gut wall and in liver

A semi-physiological model was set up to describe the

absorption and first pass effect for a generic drug. The

model, shown in Fig. 1b, is composed of four compart-

ments, representing intestinal lumen, the enterocytes, the

liver and the cumulative amount of drug reaching the

systemic circulation. Model equations are shown in (5).

dxlum

dt
¼ � ka þ ktð Þxlum

dxent

dt
¼ kaxlum � CLentI

Vent

þ Qent

Vent

� �
xent

dxliv

dt
¼ Qent

Vent

xent �
CLlivI

Vliv

þ Qliv;ven

Vliv

� �
xliv

dxsys

dt
¼

Qliv;ven

Vliv

xliv

ð5Þ

xlum, xent, xliv and xsys represent drug amount in gastroin-

testinal lumen, enterocytes, liver and cumulative amount

that reaches the systemic circulation, respectively. ka-
= 2 � Peff/ri is the absorption constant, with ri = 1.75 cm

the mean intestine lumen radius and Peff the effective

permeability [20]. Peff was taken to equal to the maximum

value in [20] (8.70 9 10-4 cm/s) to allow maximal drug

absorption. kt is the time constant relative to small intestine

transit. Vent and Vliv are the enterocyte and liver volumes

and Qent and Qliv,ven are the enterocyte and venous liver

blood flows, respectively. CLent and CLliv are the clear-

ances due to CYP3A4 activity in the gut wall (Eq. (6)) and

the liver (Eq. (2)) and I is the inhibition constant.

CLent ¼ CLint;3A4 CYP3A4ent ð6Þ

CLint,3A4 is the intrinsic clearance and CYP3A4ent is the

CYP3A4 amount in enterocytes.

The analytical expression for the bioavailability (Foral)

was derived and is shown in (7), where D0 is the drug dose.

Derivation is shown in ‘‘Appendix’’.

Foral ¼ lim
t!þ1

xsys

D0

¼
ka Qent=Ventð Þ Qliv;ven=Vliv

� �
ðka þ ktÞ Qent

Vent
þ CLent

Vent
� I

� 	
Qliv;ven

Vliv
þ CLliv

Vliv
� I

� 	 ð7Þ

All the parameters were considered fixed, except

CLint,3A4, I, CYP3A4ent and the microsomal CYP3A4 con-

centration [CYP3A4]mic. CLint,3A4 and I were considered as

in the section titled Two enzymes in the liver. Both

[CYP3A4]ent and [CYP3A4]mic were considered log-nor-

mally distributed [18, 21]. As an exercise, both presence

and absence of correlation between CYP3A4 amount in the

enterocytes and CYP3A4 concentration in liver micro-

somes, were considered. In the former case, the correlation

coefficient q was set equal to 0.7.

As in the previous section, 5000 samples were extracted

from the joint distribution of CYP3A4 in gut wall and liver

in the case of presence and absence of correlation. Then,

the index RP was calculated for Foral, for each combination

of CLint and I. RP was calculated for the 5th, 50th and 95th

percentiles. Finally, for each value of CLint the ratio (Rinh)

was calculated between bioavailability when I = 0 (com-

plete inhibition of both CYP3A4 in gut wall and liver) and

when I = 1 (absence of inhibition). The analytical expres-

sion of Rinh is reported in (8).

Rinh ¼
Qent

Vent
þ CLent

Vent

� 	
Qliv;ven

Vliv
þ CLliv

Vliv

� 	
Qent

Vent
� Qliv;ven

Vliv

ð8Þ

OATP1B1 and CYP3A4 in liver

A semi-physiological model was developed to describe IV

administration of 1 mg of a generic substrate of CYP3A4

and OATP1B1. The model, represented in Fig. 1c, is

Journal of Pharmacokinetics and Pharmacodynamics (2019) 46:137–154 141

123



composed of one central compartment and two compart-

ments representing the extracellular and intracellular space

of the liver. Model equations are shown in (9).

dxc

dt
¼ Qliv;art

Vliv;ext
xliv;ext �

Qliv;art

Vc

xc

dxliv;ext

dt
¼ Qliv;art

Vc

xc

� Qliv;art

Vliv;ext
þ CLOATP

Vliv;ext
þ CLPS

Vliv;ext

� �
xliv;ext

þ CLPS

Vliv;int
xliv;int

dxliv;int

dt
¼ CLOATP

Vliv;ext
þ CLPS

Vliv;ext

� �
xliv;ext

� CLCYP

Vliv;int
þ CLPS

Vliv;int

� �
xliv;int

ð9Þ

xc, xliv,ext and xliv,int are drug amount in central, extracel-

lular and intracellular liver compartments, respectively. Vc,

Vliv,ext and Vliv,int are central, extracellular and intracellular

liver volumes, respectively. Qliv,art is the liver arterial

blood flow. CLCYP represents the CYP3A4 mediated

clearance, as shown in the previous sections. CLOATP is the

active transport clearance from the extracellular to the

intracellular liver compartment and CLPS is the passive

clearance across the hepatocytes’ plasmatic membrane.

CLOATP is defined in the following Eq. (10).

CLOATP ¼ CLint;OATP � OATP1B1½ �cells�HPGL �Mliv ð10Þ

CLint,OATP is the intrinsic clearance, [OATP1B1]cells is the

OATP1B1 concentration per 106 hepatocytes, HPGL the

hepatocellularity per gram of liver and Mliv the liver mass

in g.

All the model parameters were fixed, except CLint,3A4,

CLint,OATP, [OATP1B1]cells and [CYP3A4]mic. Both

[OATP1B1]cells and [CYP3A4]mic were considered log-

normally distributed and, as an exercise, both the presence

and absence of correlation between their expression were

considered. In the former case the correlation coefficient q
was set equal to 0.7.

The ranges of CLOATP were taken from the uptake

parameters in human hepatocytes [22]. With the hypothesis

that active transport was mainly due to OATP1B1 activity,

clearance values in [22] were converted from lL/min/106

hepatocytes to lL/min/pmol OATP1B1, by dividing them

by the mean OATP1B1 concentration per 106 hepatocytes.

CLPS was defined as 21.65% of the total transport clearance

at a mean OATP1B1 concentration.2

As done in the previous sections, 5000 samples from

[OATP1B1]cells and [CYP3A4]mic distributions were

extracted both in presence and absence of correlation.

Then, the index RP was calculated for the AUC in the

central compartment, for each combination of CLint,OATP
and CLint,3A4. RP was calculated for the 5th, 50th and 95th

percentiles. The time span that was considered ranged from

0 (dose administration) to 100 h.

GSA in case of correlation: repaglinide example

Variance based GSA

Variance based GSA quantifies the contribution of the

uncertainty of each model parameter (Pi, i = 1…k), con-

sidered in its whole range of variation, with respect to the

variation in model output Y (e.g., central compartment

AUC). Two sensitivity indices, called main effect (Si) and

total effect (ST,i), are derived for each parameter Pi from

the decomposition of the output variance, V(Y). Si is the

part of the variance explained by the variation of each

parameter Pi taken singularly and ST,i is Si plus the inter-

action effects involving Pi. Both the indices are in the

range 0-1 and ST,i is always greater or equal than Si. The

higher Si or ST,i are, the more the ith parameter Pi explains

V(Y) and, consequently, the more important it is. Con-

versely, a parameter that has a low ST,i is considered less

important [13–15].

A program to perform variance based GSA was devel-

oped in MATLAB. Following suitable rules [13], the

program extracted samples from a k-dimensional unit

hypercube, with k equal to the number of parameters, by

using a Latin hypercube sampling method (lhsdesign

function in MATLAB). Then, the inverse cumulative dis-

tribution function (icdf function in MATLAB) was used to

convert each sample to the parameter distribution. Finally,

the model was evaluated for each of the extracted values

and the outputs were calculated. All the outputs were used

to compute the sensitivity indices [13, 14].

Application on repaglinide reduced PBPK

A semi-physiological model, represented in Fig. 1d, was

developed to describe repaglinide PK after an IV infusion

of 2 mg over 15 min. The model is composed of one

central compartment and two compartments representing

the extracellular and intracellular space of the liver. Active

transport due to OATP1B1 and metabolism due to

2 In [22] the percentages of active clearance with respect to the total

transport clearance are reported. The fixed percentage of passive

clearance was calculated as 1 minus the median of the active

clearance percentages reported in the article. Total clearance was

Footnote 2 continued

obtained dividing the active clearance for the fraction of active

clearance.
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CYP3A4 and CYP2C8 are included. Model equations are

shown in (11).

dxc

dt
¼ Qliv;art

Vliv;ext
xliv;ext �

Qliv;art

Vc

xc

dxliv;ext

dt
¼ Qliv;art

Vc

xc

� Qliv;art

Vliv;ext
þ CLOATP � fut

Vliv;ext
þ CLPS � fut

Vliv;ext

� �
xliv;ext

þ CLPS � fut
Vliv;int

xliv;int

dxliv;int

dt
¼ CLOATP � fut

Vliv;ext
þ CLPS � fut

Vliv;ext

� �
xliv;ext

� met3A4 þ met2C8 þ
CLPS � fut
Vliv;int

� �
xliv;int

met3A4 ¼
Vmax;3A4CYP3A4liv

KM;3A4 þ xliv;int � fut=Vliv;int
� fut

Vliv;int

met2C8 ¼
Vmax;2C8CYP2C8liv

KM;2C8 þ xliv;int � fut=Vliv;int
� fut

Vliv;int

ð11Þ

xc, xliv,ext and xliv,int are the drug amounts in central com-

partment, extracellular and intracellular liver compart-

ments, respectively. Vc, Vliv,ext, and Vliv,int are the central

compartment, extracellular and intracellular liver volumes,

respectively. Qliv;art is the liver arterial blood flow and fut is

the fraction unbound of the drug in the liver tissue [23, 24].

CLOATP is the transporter clearance, defined as in (10), and

CLPS is the passive clearance. Vmax;3A4, KM;3A4, Vmax;2C8 and

KM;2C8 are the Michaelis–Menten parameters of CYP3A4

and CYP2C8 catalysed reactions, respectively [25]. Vmax

values in [25] were converted from pmol/min/mg micro-

somal protein to pmol/min/pmol CYP by dividing them by

the mean microsomal CYP concentration. CYP3A4liv and

CYP2C8liv are the amounts of CYP3A4 and CYP2C8 in the

liver. Enzyme amounts are calculated as the enzymatic

concentration per mg of protein, times MPPGL, times liver

mass in grams [6]. All the parameters were considered

fixed, except OATP1B1, CYP3A4 and CYP2C8 abun-

dances which were considered log-normally distributed.

A variance based GSA was performed on the predicted

central compartment AUC, considering different levels of

correlation between CYP3A4 and CYP2C8 microsomal

concentrations. The joint distribution of the two CYPs’

microsomal concentration is shown in Eq. (3). We con-

sidered different linear correlation coefficients (q) between
the natural logarithm of the two cytochromes’ concentra-

tions: 0 (absence of correlation), 0.1, 0.3, 0.5, 0.7, 0.9 and a

physiological q equal to 0.7436 [9]. OATP1B1 abundance

was considered to be independent from CYP3A4 and

CYP2C8 since the information on correlations between

transporters and enzymes are currently sparse and

are starting to emerge [26].

To express the correlation between CYP3A4 and

CYP2C8, a linear regression with the addition of a noise

term was used, as suggested by [13]. For each of the cor-

relation coefficient, 1000 samples were extracted from the

joint probability distribution of the natural logarithms of

CYP3A4 and CYP2C8 concentrations. On these samples,

parameters of a linear regression (b0 and b1) were identi-

fied considering CYP2C8 concentrations as a function of

CYP3A4 concentration, and a constant standard deviation

for the residual error.

CYP2C8 concentrations were then expressed as the

values predicted by using the regression with the addition

of a noise term e; as reported in (12).

log CYP2C8½ �mic
� �

¼ b0 þ b1 log CYP3A4½ �mic
� �

þ e ð12Þ

e was considered normally distributed with a mean equal

to 0 and variance equal to the one estimated from the

residuals of the linear regression.

Then, for each correlation level, a variance based GSA

was performed. n samples extracted from the k-dimen-

sional unit hypercube, with k ¼ 3 (number of parameters),

were manipulated to obtain the OATP1B1 and CYP3A4

concentration distributions and the distribution of e: n was

set equal to 7000, corresponding to n k þ 2ð Þ model eval-

uations. The analysis was repeated five times to assess the

variability of the sensitivity indices estimation. In conclu-

sion, for each correlation level we calculated the main and

the total effect for all the variable model parameters (i.e.,

CYP3A4, CYP2C8 and OATP1B1 concentrations).

Finally, the same analysis was performed again, con-

sidering CYP3A4 expressed as a function of CYP2C8, with

the purpose to assess the impact of the arbitrary decision of

what variable is the independent one in the linear regres-

sion model.

Results
Two enzymes in the liver

For the model represented in Fig. 1a and described in (1),

the distribution of central compartment AUC was simu-

lated for each combination of CLint and I, both in case of

presence and absence of correlation between the liver

expression of the two enzymes metabolising the drug.

Then, for each of these AUC distribution pairs, the index

RP, in (4), was calculated for the 5th, 50th and 95th per-

centiles. Results are shown in Fig. 2.

Due to the presence of correlation between E1 and E2,

the 5th percentile of the central compartment AUC is

reduced by more than 5% and the 95th percentile increases
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by more than 15%, while the median remains almost stable.

In the presence of correlation, when E1 is highly expressed,

E2 is likely to be highly expressed as well. Instead, in case

of absence of correlation, if E1 is highly expressed then E2

is equally likely to have any expression level according to

its distribution. Therefore, in presence of correlation, the

metabolism is likely to be higher, and thus the AUC is

lower. For the same reason, in case of low expression of

one of the two enzymes, the metabolism is likely to be

lower, and so the AUC is higher if the enzymes are cor-

related, as compared to the case of uncorrelated expres-

sions. For central values of CLint, a higher correlation effect

can be observed while a lower effect can be observed for

extreme CLint values. For higher CLint values, this is

probably a consequence of the metabolism becoming flow-

limited and therefore less dependent on enzymatic

abundances. For lower CLint values, the clearance is so low

that even inhibiting one enzyme does not change the

overall absolute metabolic clearance.

For each value of CLint, the ratio (Rinh) between the

central compartment AUC when I ¼ 0 and when I ¼ 1 was

calculated in case of presence (Rinh;corr) and absence

(Rinh;not corr) of correlation. Then, the ratio

Rinh;corr=Rinh;not corr was computed and the results are shown

in Fig. 3. When the correlation between enzymatic

expression is present, the distribution of Rinh is narrower in

comparison to the absence of correlation. This effect is

more apparent for central CLint values and it is weaker for

extreme CLint values. In presence of correlation, when E1

has high expression, E2 is likely to have high expression

and so when E2 is completely inhibited, the capacity for

drug metabolism via E1 is still high. In this case, the

Fig. 2 RP indices for the model in Fig. 1a, computed for different

inhibition levels and CLint values: a RP indices for the 5th percentile;

b RP indices for the median; c RP indices for the 95th percentile; d Rp

indices for 5th percentile, median and 95th percentile in absence of

inhibition. For central CLint values the AUC distribution is wider

(RP;5th\0 and RP;95th [ 0) in case of correlation with respect to the

absence of that (Color figure online)
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change in AUC values would be limited compared to the

case of absence ocorrelation, in which most of the meta-

bolism could be due to the activity of one enzyme alone.

Instead, if E1 has low expression, E2 is likely to have low

expression, thus the metabolism would still be low in case

of complete inhibition of E2; therefore the AUC values

would still be high. In the case of absence of correlation,

the complete inhibition of one enzyme could dramatically

change the AUC values. For these reasons, the distribution

of Rinh is narrower in the presence of correlation. The

correlation effect is higher for central CLint values and

lower for extreme CLint values, probably for the same

reasons as it is for RP: for higher CLint values the meta-

bolism becomes flow-limited and so less dependent on

enzymatic expression, while for lower CLint values the

clearance is so low that even inhibiting one enzyme does

not change the overall absolute metabolic clearance.

CYP3A4 in gut wall and in liver

For the model represented in Fig. 1b and described by

equation system (5), the Foral distribution was calculated

for each combination of CLint and I, both in the case of

presence and absence of correlation between CYP3A4

expression in the gut wall and liver. Then, for each of these

AUC distribution pairs, the index RP was calculated for the

5th, 50th and 90th percentiles. Results are shown in Fig. 4.

In presence of the correlation, the 5th Foral percentile

decreases ofmore than 20% and the 95th percentile increases

of more than 35%, while the median remains stable. This

effect mainly occurs for high CLint values. In the case of

correlation, for high liver CYP3A4 expression, it is likely to

be high also the gut wall CYP3A4 expression. Instead, in

absence of correlation, for high values of liver CYP3A4

expression, the gut wall expression could equally likely be

any value, according to its distribution. In such cases, when

the correlation is present, the metabolism is likely to be

higher, thus the Foral lower. For the same reasons, in case of

low CYP3A4 expression in one of the two sites, the meta-

bolism is likely to be lower, and so theForal to be higher, if the

enzymes are correlated, with respect to the case of absence of

correlation. The correlation effect could mainly be observed

for high CLint values, as compared to mean or low CLint
values, in which little or no effect is observed. Therefore, the

effect of the correlation could only be seen for low values of

oral bioavailability. In Fig. 5, for central or lower CLint
values, the fraction of the drug metabolised in the liver is

much higher with respect to the one metabolised in the gut

wall. The two fractions start to be comparable only for high

CLint levels, and so this is probably why the effect of the

correlation is stronger in these cases.

For each value of CLint, the ratio (Rinh) of Foral in case of

complete inhibition of CYP3A4 in both gut wall and liver

(I ¼ 0) and in case of absence of inhibition (I ¼ 1) was

calculated. Results are reported in Fig. 6. It can be seen that

the distribution of the ratio is slightly wider in the case of

presence of correlation as compared to no correlation. It is

possible to explain this behaviour by looking at the Rinh

analytical expression in Eq. (8). In fact, if the expressions of

CYP3A4 in gut wall and liver are correlated, it is more likely

that low values of clearance in the gut wall correspond to low

values of clearance in the liver, leading to higher Foral in

comparison to the case of absence of correlation. Similarly,

in the presence of correlation, high values of clearance in the

gut wall are likely to correspond to high values of clearance

in the liver, leading to a lower Foral:

In case of complete inhibition of CYP3A4 metabolism

in only one of the two sites, for example the gut wall (as is

the case for grapefruit juice interaction studies [27]), the

ratio of Foral in the inhibited state over Foral in absence of

inhibition, is equal to

Qent

Vent

þ CLent

Vent
I

� �
=

Qent

Vent

þ CLent

Vent

� �
:

Thus, in these cases the ratio does not depend on the

correlation between CYP3A4 in the gut wall and liver.

OATP1B1 and CYP3A4 in liver

For the model represented in Fig. 1c and described in (9),

the distribution of central compartment AUC was

Fig. 3 Ratio between Rinh;corr and Rinh;not corr : It is possible to observe

that in case of correlation the distribution of Rinh;corr is narrower with

respect to the one of Rinh;not corr (95th percentile\ 0 and 5th

percentile[ 0). Moreover, it can be seen that the median of the

ratios in case of correlation is equal to the one in case of absence of

that
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simulated for each combination of CLint;CYP and CLint;OATP;

in both the cases of presence and absence of correlation

between the liver expression of the two enzymes

metabolising the drug. Then, for each of these AUC dis-

tribution pairs, the index RP was calculed for the 5th, 50th

and 95th percentiles. Results are shown in Fig. 7.

Due to the presence of correlation between OATP1B1

and CYP3A4, the central compartment AUC 5th percentile

is reduced by more than 20%, the 95th percentile increases

by more than 25% and the median remains stable. In case

of correlation, high OATP1B1 concentrations are likely to

correspond to high CYP3A4 concentrations. Therefore, the

drug is quickly transported into the intracellular liver

compartment and is then rapidly metabolised. This leads to

lower central compartment AUC values compared to the

absence of correlation, where high OATP1B1 concentra-

tions could equally likely correspond to high or low

CYP3A4 concentrations. Similarly, in the case of correla-

tion low OATP1B1 concentrations are likely to correspond

to low CYP3A4 concentrations and therefore leads to

higher central compartment AUC values.

GSA on repaglinide reduced PBPK

Variance based global sensitivity analysis was performed

on central compartment AUC, as predicted using the

reduced repaglinide PBPK model represented in Fig. 1d

and described by equation system (11). The main and total

Fig. 4 RP indices for the model in Fig. 1b, computed for different

inhibition levels and CLint values: a RP indices for the 5th percentile;

b RP indices for the median; c RP indices for the 95th percentile; d Rp

indices for 5th percentile, median and 95th percentile in absence of

inhibition. For higher CLint values the AUC distribution is wider

(RP;5th\0 and RP;95th [ 0) in case of correlation with respect to the

absence of that (Color figure online)

146 Journal of Pharmacokinetics and Pharmacodynamics (2019) 46:137–154

123



effects were calculated for CYP3A4, CYP2C8 and

OATP1B1 concentrations. The correlation between the two

cytochromes microsomal concentrations was modelled

through a linear regression with CYP3A4 and CYP2C8

being the independent and dependent variable, respec-

tively. Results are shown in Figs. 8 and 9.

In case of absence of correlation (q ¼ 0), the parameter

that mostly explains the central compartment AUC vari-

ance is the OATP1B1 concentration, followed by CYP2C8

and CYP3A4 concentrations, with total effects equal to

0.5456, 0.434 and 0.1617, respectively. Despite the lower

mean microsomal concentration and lower Vmax in the case

of repaglinide metabolism, variability in the abundance of

CYP2C8 is more important than variability in CYP3A4

when it comes to explaining the variance in AUC. This

could be explained by the higher variability of microsomal

CYP2C8 and by the lower value of KM for repaglinide, as

compared to that of CYP3A4.

Moving towards higher correlation coefficients, the

importance of OATP1B1 and CYP2C8 concentrations is

reduced and the importance of CYP3A4 concentrations is

increased. In the case of physiological correlation

(q ¼ 0:7436), the total effects of OATP1B1, CYP2C8 and

Fig. 5 5th percentile, median

and 95th percentile of the

fraction metabolized by the liver

(a) and the gut wall

(b) distributions for different
values of CLint; in case of

absence of inhibition, predicted

by using the model in Fig. 1b. It

is possible to observe that the

percentiles of the fraction

metabolized by the gut wall

distributions are equal in case of

presence and absence of

correlation. This result is trivial

because the fraction

metabolized by the gut wall

depends only on the CYP3A4

expression in that site.

Moreover, it is possible to

observe that the two yellow

median lines overlap in both

panel a and b

Fig. 6 Ratio between the bioavailability in presence and absence of

inhibition of both CYP3A4 gut wall and liver clearance (I ¼ 0 and

I ¼ 1, respectively), predicted by using the model in Fig. 1b and

calculated for different values of CLint: Continuous and dashed lines

represent the various percentiles (5th, 50th and 95th) in absence and

presence of correlation between CYP3A4 in gut wall and in liver

Journal of Pharmacokinetics and Pharmacodynamics (2019) 46:137–154 147

123



CYP3A4 concentrations are equal to 0.4499, 0.122 and

0.5174, respectively. The increased importance of

CYP3A4 and reduced importance of CYP2C8 as correla-

tion increases are probably mainly a consequence of

CYP2C8 being dependent on CYP3A4. This because

CYP2C8 concentrations are derived through a linear

regression where CYP3A4 is the independent variable.

Moreover, the variability of e, the residual variability or

error, decreases as q increases. In fact, the variance of e is
reduced from 1.8629 when q ¼ 0, to 0.8329 when

q ¼ 0:7436:

Instead, in equation system (11), the parameters related

with OATP1B1 concentration distribution do not change

through different correlation levels between the two CYPs.

So, the reduction of OATP1B1 main and total effect when

q increases, is explained by the increase of the level of

correlation between CYP3A4 and CYP2C8. Thus, the more

CYP3A4 and CYP2C8 are correlated, the less OATP1B1 is

influent on central compartment AUC variance.

The results of the analysis performed considering

CYP3A4 as a function of CYP2C8 are shown in Fig. 10. In

summary, the observations are: 1) when q is equal to 0 the

main and total effect of all the three parameters are the

same to the ones shown in Fig. 8; 2) main and total effect

of OATP1B1 does not change across the different corre-

lation levels with respect to the ones shown in Fig. 8. The

differences seen in the results of the analysis shown in

Fig. 8 are that, in this case, CYP2C8 main and total effect

increase and CYP3A4 main and total effect are reduced, as

q increases. This because, similarly to the results explained

Fig. 7 Rp indices for the model in Fig. 1c, computed for different

levels of CYP3A4 and OATP1B1 intrinsic clearances: a Rp indices

for the 5th percentile; b Rp indices for the median; c Rp indices for the

95th percentile; d Rp indices in function of CYP3A4 intrinsic

clearance for the 10th entry (out of 20) of OATP1B1 intrinsic

clearance vector. For central CLint values the AUC distribution is

wider (RP;5th\0 and RP;95th [ 0) in case of correlation with respect to

the absence of that (Color figure online)
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above, CYP3A4 concentrations depend on CYP2C8

concentrations.

Discussion

The aims of this work were, first of all, to perform a

simulation analysis to assess the effect of the correlation

between enzymatic expressions at different sites in the

body on the PK of different types of drugs and second, to

understand how the correlation between enzymatic abun-

dances impacts the results of global sensitivity analysis.

In this context, three semi-physiological models were

considered to describe the PK of generic drugs metabolised

by two enzymes with correlated expressions, in order to

analyse the following cases: (1) impact of the correlation

between the expression of two enzymes present in the liver

on the plasma AUC of drugs that are metabolized by both

these enzymes; (2) impact of the correlation between gut

wall and liver CYP3A4 expression levels on the bioavail-

ability of CYP3A4 metabolised drugs; (3) impact of the

correlation of OATP1B1 and CYP3A4 expressed in the

liver on the plasma AUC of drugs that are substrates of

both proteins.

Fig. 8 Main and total effect of

CYP3A4, CYP2C8 and

OATP1B1 concentrations, for

different correlation levels

between CYP3A4 and CYP2C8,

for the model in Fig. 1d. Indices

corresponding to the

physiological q are highlighted

in red. To deal with the

correlation between the two

enzymatic concentrations, here

CYP2C8 was expressed as a

function of CYP3A4 by using a

linear regression plus the

addition of a noise. Error bars

represent the standard deviation

of the estimated sensitivity

indices (Color figure online)

Fig. 9 Main and total effect of CYP3A4, CYP2C8 and OATP1B1

concentrations, in case of absence and presence of a physiological

correlation between the expression of CYP3A4 and CYP2C8, for the

model in Fig. 1d. To deal with the correlation between the two

enzymatic concentrations, here CYP2C8 was expressed as a function

of CYP3A4 by using a linear regression plus the addition of a noise.

Error bars represent the standard deviation of the estimated sensitivity

indices (Color figure online)
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Concerning the first case, the correlation acts to enlarge

the plasma AUC distribution (RP\� 0:05 for the 5th

percentile, RP [ 0:1 for the 95th percentile) and results in a

more narrow distribution of the ratio between plasma AUC

in presence and in absence of inhibition, especially for

mean values of CLint (Figs. 2 and 3). These results are in

accordance with the observations reported in [8], in fact in

that study it was shown that a PBPK model ignoring cor-

relation between two drug-metabolising enzymes may

overestimate the effect of DDI when one of the two

enzymes is inhibited. Concerning the second case, the

effect on the bioavailability seems to be relevant

(RP\� 0:2 for the 5th percentile, RP [ 0:2 for the 95th

percentile) only for high levels of intrinsic clearance.

However, it must be considered that in this analysis we did

not included the dissolution process and we considered

high absorption. So, the results are limited to the above

situation. Finally, concerning the third case, the correlation

shows its effect on plasma AUC especially for mean levels

of CLint (RP\� 0:2 for the 5th percentile, RP [ 0:2 for

the 95th percentile). The correlation between OATP1B1

and CYP3A4 expressions may be considered a theoretical

exercise alone given the fact that, to our knowledge, there

are no data available to support (or reject) this hypothesis.

Further, we have to consider the fact that in this analysis

we used simple semi-physiological models, with a limited

number of compartments and limited sources of variability

(practically exclusively limited to the parameters that are

considered correlated), and not complex whole body PBPK

models (such as: Simcyp Simulator, GastroPlus and more).

This was done to highlight the effect of the correlation, if

present, and to allow an easier interpretation of the results.

The problem of using a whole body PBPK is that there are

too many variables to control, consequently, the parameters

space would become too large to analyse and so, one is

forced to reduce it considering, for example, a specific case

drug (e.g., repaglinide [8]). With simple compartmental

models the parameters space is reduced, and it becomes

possible to investigate more generally in what parameter

space interaction effects occur and their extent in function

of set of parameters (e.g., the intrinsic clearance). This

would not directly correspond to a specific drug or class of

drugs. However, our study could be a useful guide to

indicate in what situations the correlation may have a

potential effect.

The results of this analysis show the necessity of con-

sidering the correlation between enzymatic expressions in

physiological models when confidence in biological evi-

dence for such correlations is high. Otherwise, there is a

Fig. 10 Main and total effect of

CYP3A4, CYP2C8 and

OATP1B1 concentrations, for

different correlation levels

between CYP3A4 and CYP2C8,

for the model in Fig. 1d. Indices

corresponding to the

physiological q are highlighted

in red. To deal with the

correlation between the two

enzymatic concentrations, here

CYP3A4 was expressed as a

function of CYP2C8 by using a

linear regression plus the

addition of a noise. Error bars

represent the standard deviation

of the estimated sensitivity

indices (Color figure online)
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risk of underestimating the population variability or over-

estimate the effect of DDI (though this is shown for direct

correlations of enzymes and the reverse could be true if the

enzyme abundances were inversely related). To remain true

to the knowledge of the system, PBPK platforms should

not ignore known correlations of any of the model

parameters. However, one has to consider that in a whole

body PBPK model (unlike the minimal model used in our

investigation), it is likely that some of our findings might

be mitigated due lack of dominance of parameters that we

intentionally selected in this study. Our study considered

some conditions (e.g., equal intrinsic clearance between

two correlated enzymes) which were in favour of propa-

gating the inter-correlation effect to make the point and

these may not be the case at the presence of multiple

parameters variabilities and correlations.

This analysis could be also useful for informing exper-

imental design, for instance to assess the impact of hypo-

thetical correlations prior to the generation of the data. For

example, in order to asses if a correlation exists between

CYP3A4 in gut wall and in liver, an appropriate number of

paired samples in the same subjects should be collected.

This could be challenging in terms of sample collection and

expensive. Knowing that this correlation, even if present,

has little or no impact except for high intrinsic clearance

drugs, could be useful information when choosing what

experiments to prioritise and their design.

Given the recent interest of the EMA in sensitivity

analysis [1], we wanted to investigate the impact of the

correlation between enzymatic abundances when per-

forming GSA. A variance based GSA was performed on a

reduced PBPK model for repaglinide, a substrate drug for

CYP3A4 and CYP2C8, these two enzymes have been

shown to be correlated in the liver [9]. One initial problem

was to find an appropriate methodology to conduct a GSA

in the case of correlated parameters. Naı̈vely, an easy way

could be to extract correlated samples from the space of

parameters (e.g., enzymatic expression), compute the

model outputs (e.g., plasma AUC) for each one of these

parameters sets and then perform a GSA using the linear

correlation coefficient between the outputs and the input

parameters. In case of correlated parameters, the results of

this analysis could be misleading. For example, let us

consider the theoretical case of a model describing the PK

of a drug metabolised by CYP3A4 in liver. In a population

simulation, plasma AUC would probably be correlated

with CYP3A4 liver expression. Considering that the

expressions of liver CYP3A4 and CYP2C8 are correlated,

the drug plasma AUC would be correlated with CYP2C8

expression. This is because of the presence of a correlation

between the two proteins and not because CYP2C8 plays a

role in the metabolism of the drug. So, in these situations,

performing a GSA using the correlation coefficient could

give misleading results.

In the literature, different methodologies exist to per-

form GSA in case of correlated parameters, see for

example [28–31], but as reported in a recent review: ‘‘this

issue remains misunderstood’’ [32]. Therefore, we choose

to express the correlation between two parameters using an

explicit relationship (in our case linear regression) with a

residual error term and then perform a variance based GSA

on uncorrelated parameters [13].

Implementing the correlation between parameters can

influence the results of the GSA. In fact, in Figs. 8 and 9 it

can be seen how the OATP1B1 main and total effect

change, even if not dramatically, throughout different

correlation levels between CYP3A4 and CYP2C8. Never-

theless, with the chosen method for performing the GSA,

one should be careful when interpreting the sensitivity

indices. In Fig. 8 it is possible to observe that the impor-

tance of CYP3A4 and CYP2C8 increases and decreases,

respectively, as the correlation between the two enzymatic

expression increases. This effect is probably mainly due to

CYP2C8 being dependent on CYP3A4, because the latter

was arbitrarily chosen to be the independent variable in the

linear regression and not because the CYP3A4 catalysed

reaction acquires more importance. In this analysis we

considered the abundances of CYP3A4 and CYP2C8

independent from the one of OATP1B1. If these abun-

dances were correlated, the results would probably be

different. It is important to note that the approach used in

this paper to treat correlation in GSA is difficult to use

when more than two parameters are correlated with each

other.

Conclusions

To our knowledge, this is the first systematic analysis that

investigates the impact of correlation between enzymatic

abundances on drug clearance and metabolic DDIs with

GSA in mind. Implementing the correlation between the

enzymatic expression in population physiological models

has the potential to impact the results of both predictions

and GSA. Ignoring these correlations could lead to the

generation of implausible parameter combinations and to

incorrect estimation of parameters related to the PK (e.g.,

clearance). Thus, it is appropriate to assess experimentally

if these correlations exist, their extent and how they differ

with genetics, disease or physiological conditions. The

approach presented in this study can be applied to highlight

what correlations are of potential interest and therefore

could be useful for informing experimental design. Our

work informs the debate that is needed to take place in

considering recent data generated by the proteomic
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analysis and regulatory interest in the use of sensitivity

analysis in PBPK. We fully encourage continuation of

investigation on inter-correlation not only for protein

expressions relevant to drug disposition, but also for the

various attributes of the gastro-intestinal tract where many

potential/likely correlations related to physiology and

biology are not fully considered in PBPK models yet. Inter-

correlations may not be relevant when considering the

model for an average individual, however, they are perti-

nent to all aspects of population-based projections from

mechanistic models within pharmacometrics and systems

pharmacology modelling.
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Appendix

The differential equations of the model represented in

Fig. 1b are reported in (5). The model describes the

bioavailability of a generic drug following oral adminis-

tration. Our purpose was to derive analytically the

expression of the Foral following a bolus in the compart-

ment representing the small intestine.

The solution of xlum is the one of a single compartment

with two linear clearances, so:

xlum ¼ D0e
� ktþkað Þt

with D0 the dose. It is possible to substitute the expression

of xlum in the equation representing the dynamics of xent in

the equation system (5). By multiplying

exp Qent þ CLentð Þ=Vent � tð Þ in both the sides of that equa-

tion, is possible to derive the expressions below and thus

the analytical solution of xent:

d

dt
xente

Qent
Vent

þCLent
Vent

ð Þt
� 	

¼ D0kae
� ktþkað Þtþ Qent

Vent
þCLent

Vent
ð Þtð Þ

xente
Qent
Vent

þCLent
Vent

ð Þt ¼ D0ka

Z t

0

e � ktþkað Þtþ Qent
Vent

þCLent
Vent

ð Þtð Þdt

xent ¼
D0ka

Qent

Vent
þ CLent

Vent

� 	
� kt þ kað Þ

e� ktþkað Þt � e�
Qent
Vent

þCLent
Vent

ð Þt
h i

For readability purpose, let us define the following

variables.

klum ¼ kt þ kað Þ

kent ¼
Qent

Vent

þ CLent

Vent

� �

kliv ¼
Qliv;ven

Vliv

þ CLliv

Vliv

� �

w1 ¼
D0ka

kent � klum

Now, by substituting xliv in the last differential equation

of system (5), is possible to derive directly the analytical

solution of xsys:

xsys ¼
Qliv;ven

Vliv

Qent

Vent

w1

Z t

0

1

kliv � klum
e�klumt � e�klivt
� ��

� 1

kliv � kent
e�kentt � e�klivt
� ��

dt

xsys ¼
Qliv;ven

Vliv

Qent

Vent

w1

1

kliv � klum

1

klum
1� e�klumt
� ���

� 1

kliv
1� e�klivt
� ��

� 1

kliv � kent

1

kent
1� e�kent t
� ��

� 1

kliv
1� e�klivt
� ���

Finally, it is possible to derive Foral:

Foral ¼ lim
t!þ1

xsys

D0

¼
ka Qent=Ventð Þ Qliv;ven=Vliv

� �
kent � klum

1

kliv � klum

1

klum
� 1

kliv

� �
� 1

kliv � kent

1

kent
� 1

kliv

� �� �

Foral ¼
ka Qent=Ventð Þ Qliv;ven=Vliv

� �
kent � klum

� kent � klum

klumkentkliv

Foral ¼
ka � Qent=Ventð Þ � Qliv;ven=Vliv

� �
ðka þ ktÞ Qent

Vent
þ CLent

Vent

� 	
Qliv;ven

Vliv
þ CLliv

Vliv

� 	
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