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Background: Epidermal growth factor receptor (EGFR) kinase inhibitors (KIs) have shown promising 
results in the treatment of non-small cell lung cancer (NSCLC). However, inter-individual variability in 
exposure results in a large proportion of patients experience either a lack of efficacy due to sub-therapeutic 
dosing or toxicity as a result of excessive dosing. Physiologically-based pharmacokinetic (PBPK) modeling, is 
a mechanistic “bottom up” approach, whereby the concentration-time profile for a drug in a patient cohort is 
simulated based on the physiochemical and in vitro kinetics of the drug and the physiological characteristics 
of the patient cohort. In this study, PBPK profiles for afatinib, erlotinib and gefitinib were developed and 
validated using data from healthy volunteer trials. The capacity of the profiles to account for the impact of 
covariates such as age, gender, and ethnicity, and the impact of co-administration with strong cytochromes 
P450 (CYP) 3A4 inhibitors and inducers on in vivo clearance was assessed.
Methods: The rate of microsomal KI metabolism was quantified in the presence and absence of CYP 
and uridine diphosphate (UDP)-glucuronosyltransferase (UGT) cofactors as well as a selective CYP3A4 
inhibitor (CYP3Cide). Microsomal clearance was assessed on the basis of the substrate depletion at an initial 
KI concentration of 1 μM over the course of a 3-hour incubation. CYP and UGT clearances were calculated 
based on the depletion half-life for incubations performed in the presence of the associated cofactors. 
CYP3A4 mediated clearance was assessed by subtracting the clearance in the presence of CYP3Cide from 
total CYP clearance. PBPK profiles for each compound were created based on reported physicochemical and 
distribution characteristics and in vitro microsomal CLint data. All simulations were conducted utilising the 
Simcyp SimulatorÂ® (version 15.1) and the advanced dissolution, absorption and metabolism (ADAM) sub-
model was used in conjunction with the whole body “full-PBPK” model for profile development.
Results: The EGFR KI compound profiles were validated by comparing simulated pharmacokinetic parameters 
[area under the curve (AUC), Cmax and tmax] describing exposure with those observed in clinical studies that were 
not used in the development of the compound profiles. With the exception of the AUC ratio describing the impact 
of induction on erlotinib exposure (0.64), the ratio of observed to simulated parameters describing exposure, or 
parameter ratios describing the impact of induction on exposure were contained within the range 0.8 to 1.2.
Conclusions: Robust mechanistic models with the capacity to describe EGFR KI exposure and the impact 
of covariates on exposure were developed and validated. These models may be applied to inform the impact 
of different dosing regimens on EGFR KI exposure, the potential impact of poor compliance on EGFR KI 
efficacy, the need to perform bridging studies when introducing EGFR KIs to new international markets, 
and the potential impact of DDIs on EFGR KI exposure.

1612

https://crossmark.crossref.org/dialog/?doi=10.21037/tcr.2017.10.16


S1601Translational Cancer Research, Vol 6, Suppl 10 December 2017

© Translational Cancer Research. All rights reserved.   Transl Cancer Res 2017;6(Suppl 10):S1600-S1612 tcr.amegroups.com

Introduction

Epidermal growth factor receptor (EGFR) small molecule 
kinase inhibitors (KIs) have made a significant improvement 
in the treatment of advanced non-small cell lung cancer 
(NSCLC). Currently, there are four KIs approved for 
the treatment of NCSLC, with afatinib, erlotinib, and 
gefitinib used as first-line agents for the treatment of 
EGFR activating mutation positive tumors, and osimertinib 
is active against acquired T790M mutation mediated 
resistance after such treatment (1). The use of EGFR KIs 
for the treatment of this cancer is particularly interesting 
and has become a prominent example of personalised 
medicine where treatment is determined based on the 
mutation status of the individual’s tumour (2). EGFR 
activating mutations occur at a high frequency in NSCLC 
with 10% to 50% of tumours being positive for a mutation. 
It has been established that the treatment effect of EGFR 
inhibitors is superior for tumours harbouring an activating 
mutation compared to those without (3,4). Common 
mutations that confer either sensitivity or resistance to 
EGFR KIs are shown in Figure 1 and include alterations at 
exon 18, 19, 20 and 21 (5). 

Tumour heterogeneity, environmental, demographic, 
and genetic factors can affect exposure to, and the 
therapeutic efficacy of, afatinib, erlotinib and gefitinib 
often resulting in highly variable clinical responses 
to these drugs in patients (6,7). In particular, inter-
individual variability in drug exposure has been widely 
reported in a number of studies where a large proportion 
of patients experience either a lack of efficacy due to 
sub-therapeutic dosing or toxicity as a result of excessive 
dosing (8,9). It is well established that afatinib, erlotinib 
and gefitinib are extensively metabolised by cytochrome 
P450 (CYP) 3A4. Wide inter- and intra- individual 
variability in the activity of this enzyme due to factors 
effecting expression is widely reported. In addition, these 
EGFR KIs are also substrates for various transporters, 
organic anion transport peptide (OATP) 1B1 and 
p-glycoprotein (p-gp), in the intestinal tract and liver, 
which are all known to impact on exposure (10-13). 

As NSCLC is responsible for the highest number of 
cancer related deaths globally, EGFR KIs are frequently 
prescribed to terminally ill patients at high doses. In addition 
to the many physiological factors, that influence exposure to 
EGFR KIs, given the environment that they are prescribed 
in, it is very likely that patients are co-administered other 
medications. Many commonly prescribed medications 
such as antibiotics (e.g., clarithromycin) and antifungals 
(e.g., fluconazole) are also metabolised by CYP3A4 and are 
known to alter the activity of this enzyme, and consequently 
may alter EGFR KI exposure. Given that patients receive 
a standard fixed dosing regimen, it is no surprise that 
significant inter-individual variability is an issue. Although 
many clinicians recognise this, and research toward optimal 
EGFR KI dosing has received significant attention, the 
solution is still unclear and currently unaddressed in clinical 
practice due to a lack of prospective evidence. Therefore, to 
assist in optimised EGFR KI dosing, the pharmacokinetics 
and hence exposure to these drugs is a key research focus. 

Physiologically-based pharmacokinetic (PBPK) 
modeling, is a mechanistic “bottom up” approach, whereby 
the concentration-time profile for a drug in a particular 
patient cohort is simulated based on the physiochemical 
and in vitro kinetics of the drug and the physiological 
characteristics of the patient cohort. PBPK modeling is 
routinely utilised for the prediction of pharmacokinetic 
behaviour  of  new chemical  ent i t ies  dur ing drug 
development, where it can be applied to investigate the 
potential impact of covariates such as age, gender, and 
metabolic drug-drug interactions (DDIs) on drug exposure 
in various population groups (14-16). While, it has been 
recognised that CYP3A4 is the major enzyme responsible 
for the metabolic clearance of afatinib, erlotinib and 
gefitinib, the exact contribution of CYP3A4 to the clearance 
of these drugs is less clear (9). EGFR KIs exhibit complex 
pharmacokinetic behaviour with permeability and or 
solubility limited absorption, variable distribution profiles, 
complex metabolism, typically resulting in the formation of 
multiple metabolites and substantial transporter mediated 
clearance resulting in enterohepatic recirculation. 
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In this study, we assessed the in vitro human liver 
microsomal metabolism of afatinib, erlotinib and gefitinib 
using a substrate depletion approach that allowed 
for the total CYP, total uridine diphosphate (UDP)-
glucuronosyltransferase (UGT), and specific CYP3A4 
mediated metabolism to be quantified without the necessity 
to individually quantify the formation of each metabolite. 
The in vitro intrinsic clearance for afatinib, erlotinib and 
gefitinib determined by substrate depletion were used to 
develop PBPK modeling profiles for each compound. These 
profiles were validated using data from healthy volunteer 
trials. The capacity to predict the impact of covariates such 
as age, gender, and ethnicity reported in clinical trials, 
and the impact of co-administration with strong CYP3A4 
inhibitors and inducers on in vivo clearance were assessed 
using the Simcyp simulator (version 15.1).

Methods

Chemicals and reagents

Afatinib, erlotinib and gefitinib were purchased from 
Selleckchem (Boston, MA). Alamethicin, gucose-6-
phosphate (G-6-P), G-6-P dehydrogenase, nicotinamide 
adenine dinucleotide phosphate (NADP), NADPH 
reductase, and UDP-glucuronic acid (UDP-GlcUA) 
were purchased from Sigma-Aldrich (St Louis, MO). 
Acetonitrile, ammonium acetate, formic acid and methanol 

were purchased from Merck Millipore (Melbourne, 
Australia). High purity water was obtained using a MilliQ 
Synergy UV Ultrapure water system (Merck Millipore, 
Sydney, Australia). All other solvents and reagents were of 
analytical grade or higher.

Enzyme and substrate preparations 

Human liver microsomes (HLMs) were pooled from five 
individual livers (H7, H10, H12, H13, H40) obtained 
from the human liver bank of the Department of Clinical 
Pharmacology, Flinders University (Adelaide, Australia). 
Microsomes were prepared according to the method of 
Bowalgaha et al. [2005] (17). Approval was obtained from 
the Southern Adelaide Clinical Research Ethics Committee 
for the use of human liver tissue in drug disposition studies 
in vitro. HLMs were activated by pre-incubation with 
alamethicin (50 mg/mg microsomal protein), as described 
by Boase and Miners [2002] (18). HLM protein content 
was assessed according to standard measures (19). Afatinib, 
erlotinib and gefitinib were prepared in methanol such that 
the final solvent concentration in microsomal incubations 
was 1%. 

Quantification of substrate depletion

The rate of microsomal KI metabolism was quantified in 
incubation samples (2,000 µL) containing HLM (0.5 mg/mL),  

Figure 1 Common mutations found in the EGFR kinase domain in NSCLC. Mutations in grey generally respond to EGFR KIs (afatinib, 
erlotinib and gefitinib) and mutations in purple are typically resistant. LREA, leucine, arginine, glutamine and alanine; VAIKEL, valine, 
alanine, isoleucine, lysine, glutamate, and leucine; EGFR, epidermal growth factor receptor; NSCLC, non-small cell lung cancer; KI, kinase 
inhibitor. 
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phosphate buffer (0.1 M; pH 7.4) and substrate (1 µM) 
in the presence and absence of CYP (1 mM NADPH 
generating system) and/or UGT (5 mM UDP-GlcUA) 
cofactors (20,21). The contribution of non-CYP3A4 
metabolism was quantified in the presence of the selective 
CYP3A4 inhibitor (CYP3Cide; 0.5 µM). Following a 10-
min pre-incubation, reactions were initiated by the addition 
of substrate and the rate of depletion was assessed over 3 
hours. Reactions were terminated with 4% acetic acid in 
methanol and samples were kept on ice. The supernatant 
fraction was isolated by centrifugation (5,000 g, 10 min, 10 
℃). Substrate concentrations quantified in aliquots (200 µL) 
collected at 0, 30, 45, 60, 90, 120, 150, 180, 240, 300 and 
360 min were used to calculate the rate of KI clearance for 
incubations performed in the presence of the appropriate 
cofactors and inhibitor (CYP3A4). 

Substrate concentrations were quantified by high 
performance liquid chromatography (HPLC) (Agilent 
1100 series instrument; Agilent Technologies, Sydney, 
Australia) with UV detection at the λmax for each analyte. 
Analytes were separated on a Waters NovaPak C18 
analytical column [150 mm × 3.9 mm (id), 5 μm particle 
size; Waters Corporation, Milford, MA] using 10 mM 
ammonium acetate (pH 5.7; Mobile Phase A) with a 
gradient of 10% to 50% acetonitrile (Mobile Phase B) 
over 5 min.

Data analysis

All experiments were performed in triplicate and the mean 
analyte concentration was calculated from the integrated 
peaks in the chromatograms obtained from the HPLC. 
Total CYP and total UGT hepatic clearance was calculated 
based on the depletion half-life for incubations performed 
in the presence of the associated cofactors, using the 
equation:

inc
int

1/2 u

0.693 VCL
t P f

×
=

× ×

Where CLint is the in vitro intrinsic clearance, Vinc is 
the incubation volume, t1/2 is the substrate half-life in the 
incubation, P is the amount of protein in the incubation and 
fu is the fraction of substrate unbound in the incubation (22).  
CYP3A4 mediated metabolism was calculated by subtracting 
the CLint determined in the presence of CYP3Cide from 
total CYP CLint. Microsomal CLint were used as model 
inputs defining the metabolic clearance for each drug in the 
Simcyp profiles. 

PBPK structural model 

Simulations were conducted uti l is ing the Simcyp 
Simulator® (version 15.1) (23). Absorption was simulated 
using the advanced dissolution, absorption and metabolism 
(ADAM) sub-model, which considers various compartments 
of the gastrointestinal tract and several processes such 
as dissolution, gastrointestinal fluid transit, gut wall 
permeation, drug degradation, intestinal metabolism, and 
active transport (24). The ADAM absorption sub-model 
was used in conjunction with the whole body PBPK “fully-
PBPK” model, comprising individual organ compartments 
(25-27). The differential equations used by the simulator 
describing enzyme kinetics and the impact of co-variates 
have been described previously (15). 

PBPK population profile

EGFR KI profiles were developed and validated utilising 
the Simcyp Healthy Volunteer population comprising of  
100 healthy individuals divided across ten trials with ten 
subjects each. Virtual subjects were aged between 20–50 years  
with a 50:50 female to male ratio. For simulations 
performed in cancer patients, the Genentech Cancer 
Population (28) was used; this population comprised 
patients aged 26–50 years with a 50:50 female to male ratio.

PBPK compound profiles

PBPK profiles for each compound were created based 
on individual reported physicochemical and distribution 
characteristics (9,29) and in vitro microsomal CLint data 
assessed by substrate depletion. In the absence of robust  
in vitro data describing intestinal and hepatic transporter kinetics, 
these parameters were estimated using the Simcyp parameter 
estimation function. Pharmacokinetic data used to create the 
compound profile for each EGFR KI are summarised in Table 1. 
Once developed, profiles for each compound were validated by 
comparing pharmacokinetic parameters [area under the curve 
(AUC), Cmax and tmax)] describing the simulated concentration-
time profiles with those observed in clinical studies that were not 
used in the development of the profiles. Simulated and observed 
pharmacokinetic parameters for each EGFR KI are summarised 
in Table 2. 

Assessing the effect of various covariates on exposure

The effect of gender on EGFR KI exposure assessed by comparing 
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Table 1 Substrate and inhibitor parameter values used for KI substrate profile

Parameters Afatinib Erlotinib Gefitinib Source

Physiochemical properties

Molecular weight 485.9 393.4 446.9 (29)

log Po:w 3.6 3.3 4.1 (9)

Species Neutral Neutral Neutral (9)

Blood binding properties

B/P 2.120 1.397 3.206 Simcyp predicted

fup 0.07 0.11 0.15 (9)

Absorption (advanced dissolution, absorption and metabolism model)

PSA 88.6 74.7 68.7 (9)

HBD 2 1 1 (9)

Peff,man (10−4 cm/s) 0.838 2.260 2.630 Simcyp predicted

In vivo pharmacokinetic properties (full-PBPK model)

Vss (L/kg) 18.48 9.26 23.17 Simcyp predicted

Prediction model 2 2 2 –

Metabolism unbound CLint (µL/min/mg)

CYP1A2 – 0.575 – In vitro

CYP2D6 – – 1.910 In vitro

CYP3A4 9.73 13.56 195.80 In vitro

UGT 0.438 – 0.658 In vitro

Transport CLint (µL/min/106 cells)

OATP1B1 1,161.0 – – Simcyp predicted

P-gp – – 105.5 Simcyp predicted

KI, kinase inhibitor; Po:w, neutral species octanol: buffer partition coefficient; B/P, blood-to-plasma partition ratio; fup, fraction unbound 
in plasma; Vss, volume of distribution at steady state; CLpo, oral clearance; PSA, polar surface area; HBD, hydrogen bond donor; Peff,man, 
effective passive permeability in man; PBPK, physiologically-based pharmacokinetic; OATP1B1, organic anion transporting polypeptide 
1B1; P-gp, P-glycoprotein; UGT, uridine diphosphate (UDP)-glucuronosyltransferase.

Table 2 Comparison of geometric mean (±95% CI) simulated pharmacokinetic parameters with those observed in clinical studies

Kinase inhibitor Dose
Sample 

size*
Study

Pharmacokinetic parameter

Cmax (ng/mL) Tmax (h) AUC (ng/mL/h)

Afatinib (30) 40 mg 30 Observed 25.2 (±9.4) 4.0 (±2.6) 324 (±114)

Simulated 26.7 (±3.5) 3.5 (±0.4) 352 (±41)

 Ratio of means 0.94 1.14 0.92

Erlotinib (31) 150 mg 32 Observed 1,003 (±205) 2.0 (±1.4) 14,145 (±6,159)

Simulated 1,010 (±112) 2.4 (±0.3) 14,088 (±2,236)

Ratio of means 0.99 0.83 1.00

Gefitinib (32) 250 mg 23 Observed 159 (±56) 3.0 (±2.5) 3,381 (±1,156)

Simulated 171 (±22) 2.5 (±0.3) 3,820 (±686) 

Ratio of means 0.93 1.20 0.89

*, sample size of observed clinical trial; AUC, area under the plasma concentration-time curve; Cmax, maximal plasma concentration; tmax, 
time taken to achieve maximal plasma concentration; CI, confidence interval. 
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exposure in all male and all female cohorts to an age and ethnicity 
matched cohort with a 50:50 female to male distribution. The 
effect of age on EGFR KI exposure was assessed by comparing 
exposure in a geriatric population aged 65–90 years to a healthy  
20–50 years old population. The effect of ethnicity was also 
assessed in Japanese, Chinese and South African population 
comprising males and females (50% female) aged 20–50 years.  
Simulations were also performed in various disease models. The 
impact of covariates on EGFR KI exposure are summarised in 
Table 3. 

Results

Substrate depletion by HLM

No depletion of afatinib, erlotinib and gefitinib by HLM 
was observed in the absence of co-factor. For incubations 
containing UDP-GlcUA, <10% substrate depletion was 

observed over the 3-hour incubation (Figure 2). When 
NADPH was present in the absence of CYP3Cide, 
substrate depletion of up to 90% was observed over 3 hours. 
The substrate depletion in incubations performed in the 
presence of both UDP-GlcUA and NADPH was equivalent 
to the sum of the depletion observed in incubation with 
each cofactor individually. Minimal (<10%) substrate 
depletion was observed in the presence of CYP3Cide with 
NADPH. Intrinsic clearance values adjusted for non-
specific binding to incubation components are summarised 
in Table 1. Observed clearances in the presence and absence 
of CYP3Cide were consistent with a major contribution of 
CYP3A4 to the metabolism of these drugs (Figure 3).

Validation of EGFR KI profiles

A comparison of mean [±95% confidence interval (CI)] 

Table 3 Comparison of mean simulated AUC and Cmax ratios with those observed in clinical studies

Kinase 
inhibitor

Age range 
(years)

Sample 
size

Dose 
(mg)

Probe 
dosed

Interaction
Study

Interaction ratios

Drug Dose Duration Cmax AUC

Afatinib (30) 18–55 12 40 Day 8 Rifampicin 600 mg q.d. Days 1–7 Observed 0.77 0.67

Simulated 0.85 0.67

Ratio 0.91 1.00

Erlotinib (31) 19–59 14 150 Day 15 Rifampicin 600 mg q.d. Days 8–14 Observed 0.71 0.34

Simulated 0.79 0.53

Ratio 0.90 0.64

Gefitinib (32) 21–66 9 500 Day 10 Rifampicin 600 mg q.d. Days 1–16 Observed 0.85 0.65

Simulated 0.88 0.58

Ratio 0.97 1.12

AUC, area under the plasma concentration-time curve; Cmax, maximal plasma concentration.

Figure 2 EGFR KI substrate depletion in the absence and presence of appropriate cofactors and CYP3cide. EGFR, epidermal growth factor 
receptor; KI, kinase inhibitor.
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model simulated pharmacokinetic parameters describing 
EGFR KI exposure with those observed in clinical studies 
are summarised in Table 2, and visualised in Figure 4. 
All ratios of observed to simulated pharmacokinetic 
parameters were contained within the range 0.8 to 1.2, 
and in all cases simulated pharmacokinetic parameters 
describing EGFR KI exposure were contained within 
the 95% CI for the observed parameter. A comparison of 
parameter (AUC and Cmax) ratios describing the impact of 
induction on EGFR KI exposure are summarised in Table 3.  
With the exception of the ratio of the AUC ratios for 
erlotinib (0.64), all observed to simulated parameter ratios 
describing the change in exposure caused by induction 
of clearance were contained within the range 0.8 to 
1.2. As for parameters describing EGFR KI exposure, 

all simulated parameter ratios describing the impact of 
induction on EGFR KI exposure were contained within 
the 95% CI for the observed ratio.

Impact of covariates on simulated EGFR KI exposure

The influence of age, disease, dose, ethnicity and gender 
on simulated exposure to EGFR KIs was assessed by 
comparison of the mean AUC in covariate populations 
to a “control” population (n=50 participants) of healthy  
20–50 years old Caucasians (50% female). Simulated 
populations (n=50 participants) were matched to the control 
group for all covariates except the one tested. 

The mean AUC and % change from the control 
population for each population are reported for afatinib, 
erlotinib and gefitinib in Tables 4–6, respectively. In terms 
of physiological covariates, gender and renal function 
had no significant effect on afatinib, erlotinib or gefitinib 
exposure. Older age was associated with an increase in 
exposure for all EGFR KIs; mean AUCs were 20.5%  
(P=0.075), 30.4% (P=0.000) and 40.9% (P=0.001) higher 
in the geriatric (65–90 years old) population for afatinib, 
erlotinib and gefitinib, respectively. Morbid obesity was 
associated with a significant decrease in AUC for afatinib 
(−29.8%) and erlotinib (−26.2%) but not for gefitinib. 
Asian ethnicity was associated with significant increases 
in EGFR KI exposure; in the Chinese population AUC 
was significantly increased by 47.4% and 56.0% (P=0.000) 
for erlotinib and gefitinib, respectively, while afatinib did 
not significantly affect AUC. Erlotinib AUC significantly 
increased by 32.1% (P=0.004) while afatinib and gefitinib 
showed insignificant increases in the Japanese population. 

Figure 4 Representative concentration-time profile depicting 
simulated afatinib exposure (solid line), and observed mean and 
95% CI afatinib exposure (dotted lines). CI, confidence interval. 

[A
fa

tin
ib

] (
ng

/m
L)

Time (hours)

Simulated
Observed mean
Observed 90% CI Max
Observed 90% CI Min

60

50

40

30

20

10

0
0         8         16       24        32       40        48       56        64       72

Figure 3 Pie charts depicting the contribution of CYP3A4, other CYP and UGT to in vitro EGFR KI metabolism. CYP, cytochromes P450; 
UGT, uridine diphosphate (UDP)-glucuronosyltransferase.

CYP3A4      CYP Oth      UGT

Afatinib

1% 4% 10% 7%
3%

95%
90% 90%

Erlotinib Gefitinib



S1607Translational Cancer Research, Vol 6, Suppl 10 December 2017

© Translational Cancer Research. All rights reserved.   Transl Cancer Res 2017;6(Suppl 10):S1600-S1612 tcr.amegroups.com

Table 4 Summary of the impact of covariates on mean simulated afatinib exposure 

Covariates
Simcyp 
population

Age range 
(years)

AUC AUC mean difference Significance 
(P value)

Reported impact on 
AUC (FDA 2012)Mean Range Absolute %

Control Simcyp healthy 
volunteer

20–50 409 178–732 – – – –

Physiology All male healthy 
volunteer

20–50 417 279–825 8.0 1.9 0.999 No significance

All female healthy 
volunteer

20–50 391 218–762 −18.0 −4.4 0.966 40% increase but not 
clinically significant 

Geriatric 65–90 493 285–1,266 84.0 20.5 0.075 No significance

Morbid obese 
(BMI >35)

20–50 287 235–591 −122.0 −29.8 0.004 Not reported

Ethnicity Chinese 20–50 431 333–1,267 22.0 5.3 0.918 No significance*

Japanese 20–50 469 284–934 60.0 14.6 0.359 No significance*

South African 20–50 399 252–845 −10.0 −2.6 0.989 Not reported

Disease Cancer 26–50 394 229–858 −15.0 −3.7 0.998 Not reported

Child Pugh A 20–50 346 265–883 −63.0 −15.4 0.451 No significant 
increase

Child Pugh B 20–50 464 277–1,472 55.0 13.2 0.604 27% increase but not 
clinically significant**

Child Pugh C 20–50 418 235–1,365 9.0 2.1 1.000 Not reported

GFR, 30 to 60 
mL/min

20–50 407 204–733 −2.0 −0.6 1.000 Significant increase 
(85%)

GFR, <30 mL/min 20–50 310 275–537 −99.0 −24.2 0.081 FDA mandated***

*, study investigated differences between Caucasian and Asian where Asian was a mixture of Japanese, Korean, Southeast Asian, 
Taiwanese, and other Asian; **, insignificant due to small sample size; ***, FDA mandated a study to evaluate afatinib exposure in severely 
renal impaired patients since a model predicted a 42% increase in exposure in two patients with severe renal impairment. AUC, area under 
the plasma concentration-time curve; BMI, body mass index; GFR, glomerular filtration rate. 

In contrast, the South African (mixed race) population 
had no effect (<10%) in AUC for afatinib, erlotinib or 
gefitinib. Liver dysfunction (Child Pugh A to C), had no 
significant change for afatinib AUC, however, erlotinib 
and gefitinib demonstrated significant changes in AUC 
(45–173%; P<0.005) with more severe liver dysfunction 
(Child Pugh B and C). No changes in AUC were predicted 
in the cancer population. When considering the impact of 
metabolic DDIs, administration of the CYP3A4 inducer 
rifampicin (600 mg q.d.) for 7 days prior to EGFR KI 
dosing caused decreases in AUC of 33.7%, 69.5% and 
46.5% for afatinib, erlotinib and gefitinib, respectively. 
Co-administration of the CYP3A4 inhibitor ketoconazole 
(400 mg q.d.) increased afatinib, erlotinib and gefitinib 
AUCs by 28.8%, 103.0% and 77.3 %, respectively. 

 Application to optimised EGFR KI dosing

The established target threshold trough concentration 
for gefitinib that are associated with optimal therapeutic 
outcomes is >200 ng/mL (33). Simulated mean (range) 
trough gefitinib (250 mg q.d.) concentrations in 1,000 
cancer patients following dosing to steady state (14 days) 
were 259.0 (range, 57.2–784.9) ng/mL. In this virtual 
population, 45% of patients treated with gefitinib had 
trough concentrations of <200 ng/mL at day 15 (Figure 5). 

Discussion

Here we report for the f irst  t ime a collection of 
sophisticated full-PBPK models for the first-line EGFR 
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KIs used in the treatment of NSCLC. Although outcomes 
for patients with NSCLC have improved notably since the 
introduction of EGFR KIs, it is increasingly accepted that 
outcomes for NSCLC patients may be further enhanced by 
optimising exposure to these drugs (12,34,35). Variability 
in EGFR KI exposure primarily involves processes that 
occur in the gastrointestinal tract and liver, but can also 
be influenced by the tissue distribution of these drugs. In 
addition, EGFR KIs are known to be Biopharmaceutical 
Classification System (BCS) class II or IV drugs, where 
oral absorption can be complicated by permeability and/or  
solubility. Therefore, in order to simulate exposure to 
these drugs, profiles based on full-PBPK structural models 
with ADAM absorption sub-models that considered the 
compartmental distribution and interaction between 
permeability limited diffusion, transport and metabolism 
were developed using the Simcyp simulator®. 

The key difference between the full-PBPK profiles 

developed here and previously reported minimal EGFR 
KI PBPK profiles (36-38) is that these full-PBPK profiles 
accurately account for the full range of physiochemical, 
metabolic and transporter medicated processes that 
determine exposure to these drugs. By way of example, in 
the current profiles, by accounting for permeability limited 
absorption through the use of the ADAM sub-model, these 
profiles accurately simulated not only the parameters defining 
EGFR KI absorption, but also the “shape” of the absorption 
profile. In contrast, previous models have either arbitrarily 
modified the absorption rate constant to shift or applied a 
non-physiological “lag time” to artificially model tmax.

In the current study, substrate depletion was used to 
assess the contribution of enzyme families to and kinetics 
of, human liver microsomal EGFR KI metabolism (22). 
This approach was chosen as it facilitated the assessment 
of the enzymatic contribution to microsomal EGFR 
KI metabolism at physiologically relevant EGFR KI 

Table 5 Summary of the impact of covariates on mean simulated erlotinib exposure 

Covariates
Simcyp 

population
Age range 

(years)

AUC AUC mean difference Significance 
(P value)

Reported impact 
on AUC (FDA 2004)Mean Range Absolute %

Control Simcyp healthy 
volunteer

20–50 14,211 7,859–21,679 – – – –

Physiology All male healthy 
volunteer

20–50 15,561 9,312–23,864 1,350.0 9.5 0.581 No significant 
increase

All female 
healthy volunteer

20–50 14,709 8,257–24,202 498.0 3.5 0.978 Significant increase

Geriatric 65–90 18,534 10,686–35,180 4,323.0 30.4 0.001 Significant increase 
(17%)

Morbid obese  
(BMI >35)

20–50 10,487 7,435–15,620 –3,724.0 −26.2 0.005 Not reported

Ethnicity Chinese 20–50 20,948 12,096–35,763 6,737.0 47.4 0.000 Not reported*

Japanese 20–50 18,777 9,746–28,990 4,566.0 32.1 0.004 No significant 
increase

South African 20–50 15,488 9,120–28,566 1,277.0 9.0 0.682 Not reported

Disease Cancer 26–50 16,331 7,206–27,203 2,120.0 14.9 0.534 Not reported

Child Pugh A 20–50 15,866 9,439–29,009 1,655.0 11.6 0.758 FDA mandated

Child Pugh B 20–50 24,537 10,842–45,529 10,326.0 72.7 0.000 FDA mandated

Child Pugh C 20–50 20,554 11,608–38,700 6,343.0 44.6 0.000 FDA mandated

GFR, 30 to  
60 mL/min

20–50 17,151 7,031–25,311 2,940.0 20.7 0.216 Not reported

GFR,  
<30 mL/min

20–50 13,063 8,957–17,094 −1,148.0 −8.1 0.938 Not reported

*, population consisted of 50/56 Caucasians with one Asian with no reference to Chinese background. AUC, area under the plasma 
concentration-time curve; BMI, body mass index; GFR, glomerular filtration rate.
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Figure 5 Simulated mean and 95% CI concentration time profiles 
describing exposure to gefitinib (250 mg q.d.) when dosed for  
14 days in cancer patients (n=1,000). CI, confidence interval. 
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concentrations, and it allowed for the determination of 
microsomal EGFR KI clearances without the need to 
individually quantify the substantial number of EGFR KI 
metabolites. Control experiments performed in the absence 
of UDP-GluUA or NADPH demonstrated essentially 
no (<2%) depletion of afatinib, erlotinib, and gefitinib by 
HLM over the 3-hour incubation period. Similarly, less 
than 10% depletion was observed when incubations were 
performed in the presence of UDP-GlcUA alone (Figure 2),  
suggesting that UGT enzymes do not play a major 
role in the hepatic metabolism of these EGFR KIs. 
This observation is consistent with published literature 
regarding the contribution of UGT to the metabolism 
of these drugs (9). When NADPH was present in the 
absence of CYP3Cide, substrate depletion of up to 
95% was observed over the 3-hour incubation period; 
this observation is consistent with the reported major 

Table 6 Summary of the impact of covariates on mean simulated gefitinib exposure 

Covariates
Simcyp 
population

Age range 
(years)

AUC AUC mean difference Significance 
(P value)

Reported impact on 
AUC (FDA 2014)Mean Range Absolute %

Control Simcyp healthy 
volunteer

20–50 4,252 2,382–6,222 – – – –

Physiology All male healthy 
volunteer

20–50 3,826 2,795–8,260 −426.0 −10.0 0.649 No significant 
increase

All female 
healthy volunteer

20–50 4,306 2,185–7,626 54.0 1.3 1.000 No significant 
increase

Geriatric 65–90 5,990 2,853–12,664 1,738.0 40.9 0.000 Not reported*

Morbid obese  
(BMI >35)

20–50 3,581 2,353–5,915 −671.0 −15.8 0.259 Not reported

Ethnicity Chinese 20–50 6,632 3,337–12,672 2,380.0 56.0 0.000 Not reported**

Japanese 20–50 5,344 2,844–9,344 1,092.0 25.7 0.072 Not reported

South African 20–50 4,509 2,530–8,456 257.0 6.0 0.915 Not reported

Disease Cancer 26–50 4,888 2,298–8,587 636.0 14.9 0.944 Not reported

Child Pugh A 20–50 5,142 2,655–8,830 890.0 20.9 0.796 40% increase

Child Pugh B 20–50 11,601 5,540–29,454 7,349.0 172.8 0.000 260% increase

Child Pugh C 20–50 11,353 4,704–27,706 7,101.0 167.0 0.000 160% increase

GFR, 30 to  
60 mL/min

20–50 5,018 2,049–7,338 766.0 18.0 0.880 Not reported

GFR,  
<30 mL/min

20–50 3,958 2,757–5,379 −294.0 −6.9 0.999 Not reported

*, no specific trial assessing gefitinib exposure in geriatric population; **, trial (NCT03050164) currently being conducted. AUC, area under 
the plasma concentration-time curve; BMI, body mass index; GFR, glomerular filtration rate.
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contribution of CYP enzymes to the hepatic clearance of 
these drugs. The rate of substrate depletion observed in 
incubations containing UDP-GlcUA and NADPH was 
equivalent to the sum of the rates observed in incubations 
performed in the presence of each cofactor separately. This 
observation demonstrates that CYP and UGT catalyzed 
pathways have negligible effect on each other. The 
specific contribution of CYP3A4 to EGFR KI depletion 
was assessed by subtracting the depletion observed in the 
presence of NADPH with CYP3Cide (i.e., non-CYP3A4 
oxidative metabolism) from the depletion observed in the 
presence of NADPH only (CYP3A4 and non-CYP3A4 
metabolism). Less than 10% depletion was observed when 
CYP3Cide was present in incubations, indicating that for 
these EGFR KIs, CYP3A4 accounts for >90% of in vitro 
metabolism at substrate concentrations <1 µM. Calculated 
unbound microsomal CLint values for CYP3A4 catalysed 
metabolism were 9.73, 13.65 and 195.800 µL/min/mg  
for afatinib, erlotinib, and gefitinib, respectively. Remaining 
microsomal CLint values are reported in Table 1. These 
in vitro substrate depletion data were used to develop the 
compound profiles for each of the EGFR KI. 

The EGFR KI compound profiles were validated by 
comparing simulated pharmacokinetic parameters (AUC, 
Cmax and tmax) describing exposure with those observed in 
clinical studies that were not used in the development of the 
compound profiles. With the exception of the AUC ratio 
describing the impact of induction on erlotinib exposure (0.64), 
the ratio of observed to simulated parameters describing 
exposure, or parameter ratios describing the impact of 
induction on exposure were contained within the range 
0.8 to 1.2. This consistent and high degree of concordance 
demonstrates the accuracy and validity of the profiles, which is 
visually depicted in the representative overlay of the simulated 
and population average concentration-time curves defining 
afatinib exposure (Figure 4).

A major challenge for this study related to the validation 
of the capacity of the compound profiles to account 
for the impact of induction on EGFR KI exposure. As 
EGFR KIs exhibit substantial inter-individual variability 
in exposure and studies used to assess the impact of drug 
interactions are often undertaken in small (n<10) cohorts, 
the absolute exposure reported in these studies typically 
poorly reflects the population average. These studies are 
however adequately powered to accurately reflect changes 
in exposure (i.e., intra-individual variability) due to DDIs. 
As such, when validating the compound profiles for 
induction and inhibition, parameter ratios (i.e., the change 

in exposure) were considered rather than absolute exposures 
pre- and post-interaction.

Understanding and developing approaches to account 
for the covariates that impact on EGFR KI exposure is an 
important aspect of optimising the dosing of these drugs. 
In terms of physiological covariates, older age (i.e., geriatric 
population) consistently resulted in higher exposure to EGFR 
KIs, while morbid obesity resulted in moderately reduced 
exposure to erlotinib and afatinib, but not gefitinib. In contrast, 
gender did not affect afatinib, erlotinib, and gefitinib AUC.

Substantial increases in simulated EGFR KI exposure 
were also observed in age and gender matched Asian 
(Chinese and Japanese) populations. These simulations 
indicate that ethnicity may be an important factor 
in determining exposure to EGFR KIs. The clinical 
implications in terms of EGFR KI efficacy and tolerability 
and the physiological differences between Caucasian and 
Asian individuals that underpin these differences in exposure 
warrant investigation. Consistent with the mechanism of KI 
clearance, increasing severity of liver dysfunction, but not 
renal dysfunction, was associated with a marked increase 
in EGFR KI exposure. Most notably, erlotinib and gefitinib 
exposure was increased 2- to 3-fold in virtual patients with 
moderate or severe (Child Pugh B or C) hepatic dysfunction. 
These simulated associations between covariates and EGFR 
inhibitor exposure are generally similar to observed findings 
(30-32). Consistent with FDA guidance advising against co-
administration with strong CYP3A4 inhibitors and inducers, 
dosing with rifampicin (600 mg q.d.) for 7 days prior to the 
administration of EGFR KIs caused a marked reduction 
in afatinib, erlotinib and gefitinib exposure. Similarly, co-
administration of ketoconazole (400 mg q.d.) caused a 
moderate increase in afatinib exposure, and marked increases 
in erlotinib and gefitinib exposures. 

The potential applicability of the gefitinib compound 
profile to optimised KI dosing was demonstrated through 
simulations performed in 1,000 cancer patients using a 
dosing regimen based on the recommended fixed dosing 
protocol for this drug (9). These simulations demonstrated 
that while the mean trough concentration at day 15 was 
greater than the established target threshold for this drug 
(259 versus 200 ng/mL), 448 (45%) patients were predicted 
to experience sub-therapeutic exposure (i.e., trough 
concentrations <200 ng/mL) at this time (Figure 5), with 
some patients experiencing as low as 25% of the established 
target steady-state threshold exposure. These simulated 
exposure profiles using a well validated full-PBPK gefitinib 
profile emphasise the need to individualise gefitinib dosing 
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in order to maximise the benefit of this drug.
In conclusion, we have developed and validated robust 

mechanistic models with the capacity to describe EGFR KI 
exposure and the impact of covariates on exposure. These 
models may be applied to inform the impact of different 
dosing regimens on EGFR KI exposure, the potential 
impact of poor compliance on EGFR KI efficacy, the need 
to perform bridging studies when introducing EGFR KIs 
to new international markets, and the potential impact of 
DDIs on EFGR KI exposure. In the future, with further 
enhancement of the Simcyp population profiles, these 
profiles may also be applied to assist in optimising dosing in 
individual patients under the Virtual Twin framework. 
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