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ABSTRACT

In vitro–in vivo extrapolation (IVIVE) linked with physiologically
based pharmacokinetics (PBPK) modeling is used to predict
the fates of drugs in patients. Ideally, the IVIVE-PBPK models
should incorporate systems information accounting for charac-
teristics of the specific target population. There is a paucity of
such scaling factors in cancer, particularly microsomal protein
per gram of liver (MPPGL) and cytosolic protein per gram of liv-
er (CPPGL). In this study, cancerous and histologically normal
liver tissue from 16 patients with colorectal liver metastasis
were fractionated to microsomes and cytosol. Protein content
was measured in homogenates, microsomes, and cytosol. The
loss of microsomal protein during fractionation was accounted
for using corrections based on NADPH cytochrome P450 reduc-
tase activity in different matrices. MPPGL was significantly low-
er in cancerous tissue (24.8 ± 9.8 mg/g) than histologically
normal tissue (39.0 ± 13.8 mg/g). CPPGL in cancerous tissue
was 42.1 ± 12.9 mg/g compared with 56.2 ± 16.9 mg/g in normal
tissue. No correlations between demographics (sex, age, and
body mass index) and MPPGL or CPPGL were apparent in the
data. The generated scaling factors together with assumptions

regarding the relative volumes of cancerous versus noncancer-
ous tissue were used to simulate plasma exposure of drugs
with different extraction ratios. The PBPK simulations revealed
a substantial difference in drug exposure (area under the
curve), up to 3.3-fold, when using typical scaling factors
(healthy population) instead of disease-related parameters in
cancer population. These indicate the importance of using pop-
ulation-specific scalars in IVIVE-PBPK for different disease
states.

SIGNIFICANCE STATEMENT

Accuracy in predicting the fate of drugs from in vitro data using
IVIVE-PBPK depends on using correct scaling factors. The values
for two of such scalars, namely microsomal and cytosolic protein
per gram of liver, is not known in patients with cancer. This study
presents, for the first time, scaling factors from cancerous and
matched histologically normal livers. PBPK simulations of various
metabolically cleared drugs demonstrate the necessity of popula-
tion-specific scaling for model-informed precision dosing in
oncology.

Introduction

Cancer is a multifaceted disease characterized by deregulated cell
growth with the potential to invade tissues and form metastases. Colo-
rectal cancer is the third most common type of cancer and is associated
with the second highest number of deaths caused by cancer (Bray et al.,

2018). Metastasis to the liver constitutes one of the main causes of mor-
tality in patients with colorectal cancer (Siegel et al., 2018), as it ac-
counts for 70% of metastases from colorectal cancer, followed by
metastasis to the lungs, distant lymph nodes, and peritoneum (Holch et
al., 2017). Metastasis to the liver can affect hepatic function, as the re-
sultant lesions occupy space in liver tissue leading to abnormal liver
function tests (Jiang et al., 2018). Inflammation is a condition that may
also affect the hepatic function, as inflammatory markers have been
shown to be associated positively with the size of metastases (Wong et
al., 2007).
Challenges in the development of new drugs in the area of oncology

include the difficulty of recruiting from the appropriate patient popula-
tion and safety issues when testing anticancer drugs of high toxicity in
healthy volunteers (Gutierrez et al., 2009; Bates et al., 2015). Given
these challenges, and the high medical need, model-informed precision
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dosing and, in particularly, physiologically based pharmacokinetics
(PBPK) are widely employed (Darwich et al., 2017). PBPK modeling
has generally higher regulatory acceptance in the development of anti-
cancer drugs than other disease areas (Yoshida et al., 2017), and models
are used to inform dosing of patients with cancer.
In vitro–in vivo extrapolation (IVIVE) employs models that incorpo-

rate systems information and in vitro drug data to predict plasma and
tissue concentration-time profiles, which are critical components of bot-
tom-up PBPK models (Rostami-Hodjegan, 2012). Data obtained using
population-specific in vitro systems taking into account potential differ-
ences in functional activity need to be scaled to in vivo outcomes. For
IVIVE of hepatic drug clearance, different in vitro systems can be used,
including recombinantly expressed enzymes, hepatocytes, liver micro-
somes, and cytosol. The scalars related to liver microsomes and cytosol
are microsomal protein per gram of liver (MPPGL) and cytosolic pro-
tein per gram of liver (CPPGL), respectively (Barter et al., 2007).
To obtain microsomal and cytosolic fractions required for in vitro

data, it is necessary to homogenize liver tissue and fractionate the ho-
mogenate using differential centrifugation. During tissue fractionation,
membrane protein is subject to significant losses (Wilson et al., 2003).
Accounting for protein losses is necessary for obtaining correct MPPGL
values and, thus, more accurate clearance predictions. For the correction
of microsomal protein loss, different microsomal markers can be used,
such as NADPH cytochrome P450 reductase or total P450 content mea-
sured in the homogenate and microsomal fractions (Barter et al., 2008).
Cytosolic markers for the correction of cytosolic protein loss include al-
cohol dehydrogenase and glutathione-S-transferase (Cubitt et al., 2011);
however, loss of cytosolic protein is expected to be negligible (soluble
fraction). MPPGL and CPPGL values have been reported in healthy hu-
man liver with mean values of 32 mg/g liver and 80.7 mg/g liver, re-
spectively (Barter et al., 2007; Cubitt et al., 2011).
Although scalars have been reported for healthy liver, such data are

scarce in disease populations, such as cancer. Available scalar data in
liver cancer suggest that MPPGL is different in livers with hepatocellu-
lar carcinoma relative to normal liver tissue (Zhang et al., 2015; Gao et
al., 2016). To our knowledge, there are no reports of scalars or IVIVE-
PBPK models for colorectal liver metastasis (CRLM) for the prediction
of in vivo hepatic drug clearance. The aim of this study was to generate
MPPGL and CPPGL scaling factors in cancerous liver tissue from pa-
tients with CRLM and compare the values with scalars from matched
histologically normal tissue. The scalars were applied in PBPK simula-
tions to predict in vivo hepatic clearance. This study highlights the im-
portance of applying appropriate population-specific scalars for IVIVE
of metabolic drug clearance in patients with CRLM.

Materials and Methods

Materials and Chemicals. All chemicals were purchased from Sigma-Aldrich (Poole,
Dorset, UK) unless otherwise stated. EDTA-free protease inhibitor cocktail was obtained
from Roche Applied Sciences (Mannheim, Germany).

Liver Samples. Matched cancerous and histologically normal liver tissue specimens
from 16 adult patients with CRLM were obtained opportunistically after hepatectomy from
the Manchester University National Health Service Foundation Trust (MFT) Biobank, Man-
chester, UK. The study was covered under the MFT Biobank generic ethics approval
(NRES 14/NW/1260 and 19/NW/0644). Among the 16 donors, seven were female and nine
were male, and their ages ranged from 34 to 85 years. The body mass index (BMI) of the
patients ranged from 21.6 to 36.3 kg/m2. Supplemental Table 1 presents demographic and
clinical details of the donors.

Preparation of Human Liver Microsomal and Cytosolic Fractions. Microsomal and
cytosolic fractions were generated from liver tissue using differential centrifugation as previ-
ously described (Achour et al., 2017). Liver tissue was homogenized by a mechanical ho-
mogenizer (Thermo Fisher Scientific, UK) in homogenization buffer (150 mM KCl, 2 mM
EDTA, 50 mM Tris, 1 mM dithiothreitol, and EDTA-free protease inhibitor cocktail, pH
7.4) at 10 ml for each gram of liver tissue. The homogenate was centrifuged at 10,000 g for
20 minutes at 4�C using an Optima L-100 ultracentrifuge (Beckman Coulter, Fullerton,

CA). The first pellet (cell debris) was stored at �80�C, and then the supernatant was further
centrifuged at 100,000 g for 75 minutes at 4�C. The cytosol (the supernatant) was stored at
�80�C, and the pellet (microsomes) was resuspended in 1 ml of storage buffer (0.25 M po-
tassium phosphate, pH 7.25) per gram of liver tissue and stored at �80�C.

Measurement of Total Protein Content in Homogenates and Fractions. The protein
content of liver homogenates, microsomes, and cytosolic samples was measured using bicin-
choninic acid protein assay (Pierce Microplate BCA protein assay Kit – Reducing Agent
Compatible) in triplicate. Absorbance was measured at 562 nm using a SpectraMax 190 pla-
tereader (Molecular Devices, Sunnyvale, CA) with bovine serum albumin used as calibration
standard. For the homogenates and the cytosolic samples that contained dithiothreitol, a com-
patibility reagent solution was used. The CPPGL and the homogenate protein per gram of
liver (HomPPGL) were calculated based on the total protein content, and no further correc-
tion for loss was required.

Measurement of NADPH Cytochrome P450 Reductase Activity. In the current study,
NADPH P450 reductase activity was used to account for microsomal membrane loss during
fractionation. The activity of NADPH P450 reductase was measured in homogenates and
microsomes from the same liver samples to estimate loss of microsomal protein during frac-
tionation. The protocol was adapted from methods by Guengerich et al. (2009) and Achour
et al. (2011). In a 1-ml cuvette, oxidized equine cytochrome c (0.5 mM, 80 mL) was mixed
with potassium phosphate buffer (0.25 M, 980 ml, pH 7.25), KCN (1 mM, 10 ml), and homo-
genates (10 ml, equivalent to 1 mg of tissue) or 1:10 diluted microsomes (10 ml, equivalent
to 1 mg of tissue). The absorbance of the mixtures was measured using a Jenway 7315 UV-
visible spectrophotometer (Thermo Fisher Scientific) at 550 nm in kinetic mode. The absor-
bance was monitored for 2 minutes to establish the baseline, followed by addition of reduced
NADPH solution (10 mM, 10 ml) to start the reaction of cytochrome c reduction, which was
monitored for 5 minutes.

The slope of the initial linear phase of the reaction is directly proportional to the amount
of cytochrome P450 reductase in the sample. The enzyme activity (units/mg liver tissue)
was calculated using eq. 1, and fractional loss of microsomal protein was estimated based on
the ratio of activity in microsomes relative to the homogenate from the same liver sample
(eq. 2) using the ratio of the slope from the microsomal fraction (1 mg of tissue) to the slope
from the homogenate (1 mg of total protein) for each individual. The ratios also allowed cal-
culation of microsomal membrane enrichment. MPPGL for each sample was corrected using
the recovery factors according to eq. 3 (Barter et al., 2008). Recovery factor is equal to 1-
fractional loss of microsomal protein.

Enzyme activity ¼ �A550=min� dil� total volume
21:1� V

(1)

where DA550/min represents the rate of change in the absorbance at
550 nm, dil represents the dilution factor of the original enzyme sample,
total volume is the volume of the reaction mixture (ml), 21.1 is the ex-
tinction coefficient for reduced cytochrome c (mM�1 cm�1), and V rep-
resents the volume of the enzyme sample (ml) corresponding to 1 mg
of liver tissue.

Microsomal loss ¼ 1� activity in microsomes
activity in homogenate

(2)

MPPGL mg g�1
� �

¼ Yield of microsomal protein mg g�1
� �

1� Fraction loss of microsomal protein
(3)

Statistical Data Analysis. Statistical data analysis was performed, and graphs were gen-
erated using GraphPad Prism 8.1.2 (La Jolla, CA). The data are presented as mean ± S.D.
CV was used to describe variability in datasets, and the Kolmogorov-Smirnov test was used
to assess the normality of distribution of the datasets. Several datasets did not follow normal
distribution, and therefore nonparametric statistical tests for differences were used. Differ-
ences in HomPPGL, uncorrected MPPGL, and CPPGL values between histologically normal
and matched cancerous tissues were assessed using Wilcoxon test. Differences in MPPGL
values between histologically normal and matched cancerous tissues were assessed using
Mann-Whitney test. This test was also used for the assessment of the effect of hepatic lobe
of origin and sex of donors on MPPGL and CPPGL in normal and cancerous tissues. For
the assessment of the effect of BMI and age on MPPGL and CPPGL, Spearman correlation
and linear regression analysis were used. In each of the above cases, the probability cut-off
value for statistical significance was set at 0.05.

Physiologically Based Pharmacokinetic Simulations. The effect of using the generated
scaling factors in a cancer population was assessed using PBPK modeling on Simcyp V18
Release 1 (Certara, Sheffield, UK) in healthy and cancer populations. For the assessment of
effects of MPPGL changes on simulated plasma drug exposure, four cytochrome P450 sub-
strates with different hepatic extraction ratios (see Table 1) were used: alfentanil (predomi-
nantly metabolized by CYP3A4), alprazolam (predominantly metabolized by CYP3A4 and
CYP3A5), midazolam (predominantly metabolized by CYP3A4 and CYP3A5), and desipra-
mine (predominantly metabolized by CYP2D6). P450 isoforms are responsible for the me-
tabolism of the majority of clinically used drugs in all fields of treatment (anticancer and
non–anti-cancer drugs), with CYP3A4/5 being the most prevalent, followed by CYP2D6.
For this reason, we used CYP3A4, CYP3A5, and CYP2D6 enzymes for our simulations.
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The compound files were not changed from those provided within the Simcyp simulator.
PBPK simulations were performed using system parameters already available on the simula-
tor for healthy (“Sim-Healthy Volunteers”) and cancer (“Sim-Cancer”) virtual populations,
without or with inclusion of MPPGL data measured in current study. The effects of MPPGL
changes in cancer on drug exposure after oral administration were assessed using four differ-
ent MPPGL models:

MPPGL model 1 (Healthy; healthy population): the default MPPGL in Simcyp was used
for the healthy population; mean MPPGL was 39.8 mg/g tissue (defined by the Simcyp
model), (eq. 4, Barter et al., 2008).

Mean MPPGL
mg
g

� �
¼ 10^ 1:407þ 0:0158 � Age� 0:00038ð

� Age ^2 þ 0:000024 � Age ^3Þ (4)

For eq. 4, the CV% is 26.9.
MPPGL model 2 (Cancer-D; cancer-default population): the default MPPGL in Sim-

cyp was used for the cancer population; mean MPPGL was 39.8 mg/g tissue (defined by the
Simcyp model), (eq. 4, Barter et al., 2008).

These two models were used to assess any effects on drug exposure between healthy and
cancer populations without changing MPPGL values. The key differences in the systems pa-
rameters between Healthy and Cancer-D involve age distribution, hematocrit, a1-acid glyco-
protein, and albumin levels.

MPPGL model 3 (New Cancer-ALN; new cancer population-assuming liver is obtained
from patients with cancer, but entire liver tissue is histologically normal, therefore ALN is
defined as “all liver normal”): experimentally derived MPPGL in histologically normal tissue
was used for the cancer population; mean MPPGL was 39 mg/g tissue, (eq. 5, adapted from
Barter et al., 2008 with revised baseline).

Mean MPPGL
mg
g

� �
¼ 10^ 1:59106462ð Þ (5)

For eq. 5, CV% is 35.36.
Model 3 assumes that the whole liver remains histologically normal, and this implies

the maximum metabolic capacity of microsomal enzymes. CV% used for this model is ex-
perimentally derived based on MPPGL in histologically normal tissue.

MPPGL model 4 (New Cancer-ALC; new cancer population-assuming liver is obtained
from patients with cancer, and entire liver tissue is histologically cancerous, therefore ALC
is defined as “all liver cancerous”): experimentally derived MPPGL in cancerous tissue was
used for the cancer population; mean MPPGL was 24.8 mg/g tissue, (eq. 6, adapted from
Barter et al., 2008 with revised baseline).

Mean MPPGL
mg
g

� �
¼ 10^ 1:3944516ð Þ (6)

For eq. 6, CV% is 39.7.
Model 4 assumes that the whole liver is cancerous, and this implies the minimum met-

abolic capacity of microsomal enzymes. It also assumes that the liver mass does not change,

and that each pmol of enzyme has the same activity, irrespective of disease state. CV% used
for this model is experimentally derived based on MPPGL in cancerous tissue.

The size of the liver being normal is important, as this will define how much of the liver
will be fully functional. If a proportion of liver is not normal, this may lead to decreased
scaled intrinsic clearance, with effect on clearance being compound dependent. In cases of a
surgical resection, clearance should be calculated based on healthy MPPGL and remnant liv-
er size. Although surgical resection is the ideal solution for patients with CRLM, this is not
feasible for many patients that have to live with a liver with histologically normal and can-
cerous parts, with unchangeable liver size. Therefore, metabolic capacities of enzymes come
from two different sources: histologically normal and cancerous liver (relative contributions
of normal and cancerous parts are unknown in the current study). In this case, it is more ap-
propriate to use MPPGL for histologically normal tissue with the weight of the liver being
histologically normal and MPPGL for cancerous tissue with the weight of the liver being
cancerous.

For eq. 4, the age was plotted against MPPGL values for Healthy population; for both
observed and predicted (Barter et al., 2008) values (Supplemental Fig. 1). For each model
and for each drug, a generic trial design was used, with the following characteristics. The
age range of the cancerous donors is 34–85 and the age range in the virtual population is
20–50 years old, which consists a limitation of our study. However, this limitation wouldn’t
have any effect on the final observations, as the age range is kept consistent in all the mod-
els, and additionally, age-dependent MPPGL in cancer samples was not apparent (Fig. 4D).
The mean (for all 100 virtual subjects) systemic concentration-time profiles were plotted,
and the area under the curve from time 0 to infinity (AUC0-inf) and Cmax values were com-
pared across the four MPPGL methods/models (Table 1). Parameters used for PBPK simula-
tions are listed in Supplemental Table 2. Oral doses for alfentanil, alprazolam, midazolam,
and desipramine are 0.043 mg/kg, 0.5 mg, 5 mg, and 50 mg, respectively.

Lack of differences in CPPGL between normal and cancerous tissue (see Results) meant
that significant effects on the clearance and systemic concentrations of drugs metabolized by
cytosolic enzymes were not expected. Therefore, no PBPK simulations were performed to
assess possible effects on pharmacokinetics of drugs metabolized by cytosolic enzymes.

Results

Protein Content of Liver Homogenates and Fractions. Total pro-
tein content was measured in homogenates, microsomes, and cytosols
from histologically normal and matched cancerous (n 5 16) liver sam-
ples (Fig. 1; Supplemental Table 3). The mean HomPPGL was 126.1 ±
46.7 mg/g in histologically normal samples and 86.9 ± 50.2 mg/g in
matched cancer samples (range: 75.1–266.7 and 37.1–204.8 mg/g, re-
spectively). The mean CPPGL was 56.2 ± 16.9 mg/g in histologically
normal samples and 42.1 ± 12.9 mg/g in cancer samples (range: 32.3–
80.7 and 24.8–67.2 mg/g, respectively). There was no statistically sig-
nificant difference in HomPPGL (Wilcoxon test, P 5 0.0654) and
CPPGL between histologically normal and cancerous samples

TABLE 1

Mean predicted EH, Tmax, Cmax, and AUC0-inf for oral alfentanil, alprazolam, midazolam, and desipramine using four different scaling methods within PBPK model.
AUC0-inf ratios using different methods are also provided

For each simulation, 10 trials and 10 subjects per trial were included. Healthy: default MPPGL (Simcyp) with a healthy population. Cancer-D: default MPPGL with a
cancer population. New Cancer-ALN: MPPGL measured in this study for histologically normal tissue with a cancer population. New Cancer-ALC: MPPGL measured
in this study for cancer tissue with a cancer population.

Drug Model EH Cmax AUC0-inf Tmax Relative AUC0-inf Ratios to Healthy

ng/ml ng/ml.h h
Alfentanil Healthy 0.36 24 59 0.6

Cancer-D 0.24 33 120 0.9 2
New Cancer-ALN 0.25 33 120 0.9 2
New Cancer-ALC 0.17 39 193 0.9 3.3

Alprazolam Healthy 0.04 8 144 1.2
Cancer-D 0.04 8 142 1.2 1
New Cancer-ALN 0.04 8 140 1.2 1
New Cancer-ALC 0.03 8 199 1.3 1.4

Midazolam Healthy 0.43 24 76 0.6
Cancer-D 0.48 21 65 0.6 0.9
New Cancer-ALN 0.48 21 65 0.5 0.9
New Cancer-ALC 0.38 27 104 0.6 1.4

Desipramine Healthy 0.42 16 1385 5.9
Cancer-D 0.34 17 1421 5.9 1
New Cancer-ALN 0.35 17 1406 5.9 1
New Cancer-ALC 0.27 19 1989 6.4 1.4

EH, hepatic extraction ratio.
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(Wilcoxon test, P 5 0.0654). The mean microsomal protein isolated
from liver, before correction for membrane loss, was 15.8 ± 3.9 mg/g in
histologically normal samples and 6.5 ± 3.3 mg/g in matched cancer
samples (8.8–22.8 and 2.6–15.2 mg/g, respectively), and a 2.4-fold sta-
tistically significant difference (Wilcoxon test, P < 0.0001).
NADPH Cytochrome P450 Reductase Activity in Homoge-

nates and Microsomes. Activity of NADPH cytochrome P450 re-
ductase was used to assess recovery and enrichment of microsomal
membrane. Activity measurements were made in homogenates and
microsomal fractions of histologically normal (n 5 16) and
matched cancer samples (n 5 11) (Fig. 2A and Supplemental Table
4). Activity measurements in five tumorous samples were below
the limit of quantitation and thus, only data for 11 tumorous sam-
ples are presented. The mean enzymatic activity in homogenates
was 2.36 ± 0.73 units/mg in histologically normal tissues, and 0.58
± 0.37 units/mg of tissue in cancer samples (range: 0.8–3.58 and
0.14–1.42 units/mg, respectively). In microsomal fractions, activity
was 1.03 ± 0.44 units/mg of tissue in histologically normal tissues
and 0.18 ± 0.19 units/mg of tissue in cancer samples (range: 0.34–
1.72 and 0.03–0.71 units/mg of tissue, respectively).
Enrichment and recovery of microsomal proteins relative to homoge-

nates were calculated for histologically normal (n 5 16) and matched
cancerous samples (n 5 11), as shown in Fig. 2, B and C, respectively.
Mean enrichment was 3.5- ± 1.5-fold (range: 1.5–7.3) for histologically
normal and 3.3 ± 1.4 (range: 1.4- to 5.7-fold) for cancerous samples.
Microsomal protein recovery was 0.4 ± 0.2 (range: 0.2–0.8) for histo-
logically normal and 0.3 ± 0.1 (range: 0.1–0.5) with minimal difference
in mean recovery for the normal (0.4) and cancerous samples (0.3).
Corrected Microsomal Protein per Gram of Liver. The MPPGL

values were corrected using the recovery factors for histologically nor-
mal (n 5 16) and cancer tissues (n 5 11) (Fig. 3). The mean corrected
MPPGL was 39 ± 13.8 mg/g histologically normal tissue and 24.8 ±
9.8 mg/g cancerous tissue (range: 16.5–63.1 mg/g and 8.7–43.9 mg/g,
respectively). MPPGL values were significantly lower in tumorous sam-
ples compared with histologically normal samples (Mann-Whitney test,
P 5 0.0109).
Effect of Demographics on MPPGL Values. The effects of ana-

tomic origin of liver tissue (left or right liver lobe), sex, BMI, and age
on MPPGL values were tested for histologically normal and cancerous
tissues (Fig. 4). Some demographics information is not available for
each sample. For example, the liver lobe (right or left) from which the
sample has been taken is not available for three of the patients. Similar-
ly, BMI is not available for three of the patients. Therefore, only 13
samples are used for the correlation of liver lobe or BMI with MPPGL.
The mean MPPGL was 38.7 ± 13.1 mg/g in histologically normal tissue
from the left liver lobe (n 5 4; 25.4–56.1 mg/g) and 37.0 ± 14.4 mg/g
in histologically normal tissue from the right liver lobe (n 5 9;
16.5–61.0 mg/g). By contrast, MPPGL was 29.4 ± 4.3 mg/g in cancer-
ous tissue from the left liver lobe (n 5 2; 26.3–32.4) and 22.4 ± 7.7 mg/
g in cancerous tissue from the right liver lobe (n 5 7; 8.7–32.7 mg/g).
The difference in MPPGL from different lobes for histologically nor-
mal was not statistically significant (Mann-Whitney test, P 5 0.9399).
The statistical test was not applied to data from tumorous samples due
to the low sample size from the left liver lobe (n 5 2) (Fig. 4A). The
MPPGL was 38.3 ± 14.3 mg/g and 39.5 ± 14.3 mg/g for female (n 5
7; 6.5–56.1 mg/g) and male (n 5 9; 25.4–63.1 mg/g) donors of histo-
logically normal tissue, respectively. MPPGL was 23.3 ± 7.2 mg/g
and 26.0 ± 12.2 mg/g for female (n 5 5; 12.9–32.7 mg/g) and male
(n 5 6; 8.7–43.9 mg/g) donors of cancerous tissues, respectively. No
significant differences in MPPGL between male and female donors of
histologically normal (Mann-Whitney test, P 5 0.8371) and tumorous
tissues were observed (Mann-Whitney test, P > 0.9999) (Fig. 4B).

There was no trend in MPPGL values with BMI (Spearman test, P 5
0.6338) or age (Spearman test, P 5 0.8711) (Fig. 4, C and D,
respectively).
Effect of Demographics on CPPGL Values. The effects of an-

atomic origin of tissue (left or right liver lobe), sex, BMI, and age
on CPPGL values were tested for histologically normal and can-
cerous tissues (Fig. 5). Some demographics information is not
available for each sample. For example, the liver lobe (right or
left) from which the sample has been taken is not available for
three of the patients. Similarly, BMI is not available for three of
the patients. Therefore, only 13 samples are used for the correla-
tion of liver lobe or BMI with CPPGL. The mean CPPGL was
47.7 ± 11.1 mg/g in histologically normal tissue from the left liver
lobe (n 5 4; 33.9–57.7 mg/g) and 58.3 ± 18.8 mg/g in histologi-
cally normal tissue from the right lobe (n 5 9; 32.3–80.7 mg/g).
CPPGL was 45.2 ± 11.4 mg/g in cancerous tissue from the left
liver lobe (n 5 4; 30.8–54.6 mg/g) and 38.5 ± 11.5 mg/g in can-
cerous tissue from the right liver lobe (n 5 9; 24.8–58.6 mg/g).
There was no statistically significant difference in CPPGL from
different lobes for histologically normal (Mann-Whitney test, P 5
0.3301) or tumorous samples (Mann-Whitney test, P 5 0.6042)
(Fig. 5A). The CPPGL was 61.4 ± 14.9 mg/g and 52.2 ± 18 mg/g
for female (n 5 7; 34.1–77.1 mg/g) and male (n 5 9; 32.3–80.7
mg/g) donors of histologically normal tissue, respectively. CPPGL
was 37.8 ± 12.4 mg/g and 45.5 ± 12.9 mg/g for female (n 5 7;
24.8–54.8 mg/g) and male (n 5 9; 30.8–67.2 mg/g) donors of can-
cerous tissues. There was no statistically significant difference in
CPPGL between male and female donors of histologically normal
(Mann-Whitney test, P 5 0.2991) or tumorous tissues (Mann-
Whitney test, P 5 0.1738) (Fig. 5B). There was no specific

Fig. 1. Total protein content (mg per gram of liver) in homogenates [HomPPGL
(A)], microsomal fractions [MPPGL before correction for losses (B)] and cytosol-
ic fractions [CPPGL (C)] from histologically normal and matched tumor samples
(n 5 16). The MPPGL values in (B) are not corrected for loss of membrane pro-
tein. Blue and red symbols represent normal and cancer samples. The lines repre-
sent means, error bars represent S.D.s, and percentages represent CV. The
asterisks (****) represent statistical differences with P < 0.0001 between histo-
logically normal and cancerous tissues. Wilcoxon test was used for comparison
of HomPPGL, uncorrected MPPGL, and CPPGL between matched cancerous and
histologically normal samples.
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correlation between CPPGL values and BMI (Spearman test, P 5
0.2191) or age (Spearman test, P 5 0.27415) (Fig. 5, C and D,
respectively).
Physiologically Based Pharmacokinetic Simulations. Simulations

for four different drugs (alfentanil, alprazolam, midazolam, and desipra-
mine) were performed using four different methods (Fig. 6); model 1
(Healthy) used default MPPGL (Simcyp) with a healthy population,
model 2 (Cancer-D) used default MPPGL with a cancer population,
model 3 (New Cancer-ALN) used MPPGL measured in this study in
histologically normal tissue with a cancer population, and model 4
(New Cancer-ALC) used MPPGL measured in this study in cancer tis-
sue with a cancer population. Table 1 lists pharmacokinetic parameter
values (Tmax, Cmax, and AUC0-inf) for all simulations. Cmax is the maxi-
mum drug concentration observed in plasma, and Tmax is the time at
which the highest drug concentration occurs after drug administration.
AUC0-inf is the area under the plasma drug concentration-time curve
from time 0 to infinity. New Cancer-ALN assumes that the whole liver
is histologically normal, whereas New Cancer-ALC assumes that the
whole liver is cancerous. For alfentanil, AUC0-inf predicted using
MPPGL of cancerous tissue (New Cancer-ALC) was approximately
3.3-fold higher of that obtained using default MPPGL (Simcyp) with a
healthy population (Healthy), whereas for midazolam, alprazolam, and
desipramine, this value was approximately 1.4-fold higher.

Discussion

Scaling factors, including MPPGL and CPPGL, are used for IVIVE
of data generated in in vitro systems to predict metabolic clearance of
drugs (Wilson et al., 2003; Barter et al., 2007; Cubitt et al., 2011). Inter-
individual variability of MPPGL has been reported previously (Wilson
et al., 2003; Barter et al., 2008) and may explain part of the variation in
metabolic clearance in the absence of genetic differences in the abun-
dance and activity of enzymes in individuals. The data describing sca-
lars in special populations and in disease states, such as cancer, are
scarce. In addition, the effects of changes in these scalars (MPPGL,
CPPGL) in patients with cancer on metabolic clearance have not been
investigated. As cancer is not a uniform disease (for example, drug me-
tabolizing enzymes and transporters may vary in different cancer types),
the effects in each cancer type should be addressed independently.
Changes in MPPGL for primary hepatocellular carcinoma compared
with histologically normal tissue have been reported (Zhang et al.,
2015; Gao et al., 2016), but corresponding data for metastatic liver can-
cer are currently lacking. To our knowledge, our study is the first to de-
scribe scaling factors for CRLM.
In this study, CPPGL and HomPPGL values were measured as the

total protein content of each fraction, whereas MPPGL was calculated
by correcting for protein loss during fractionation using cytochrome
P450 reductase activity, a microsomal membrane marker. MPPGL val-
ues for histologically normal tissues (39.0 ± 13.8 mg/g of tissue) were
consistent with the literature (Pelkonen et al., 1973; Wilson et al.,
2003; Barter et al., 2007; Zhang et al., 2015), whereas values in cancer-
ous tissues were significantly lower (24.8 ± 12.9 mg/g of tissue). A dif-
ference in the CV% was also observed between the histologically
normal (CV% 5 35) and the cancer tissues (CV% 5 40). Higher
CV% in cancer tissues may reflect the heterogeneity of cancer tissues
or the different number of samples (smaller in cancer) that could in-
crease the variability in cancer. The global reduction in microsomal
protein content suggests that the abundance (pmol/g liver) of micro-
somal proteins, such as cytochrome P450 enzymes, in liver tissue may

Fig. 2. Activity of NADPH cytochrome P450 reductase in homogenates and micro-
somes from histologically normal (n 5 16) and tumor samples (n 5 11) from pa-
tients with CRLM (A). Each bar represents the mean value of triplicate
measurements of each individual sample. Blue open and solid bars correspond to
normal homogenates and microsomes, respectively. Red open and solid bars corre-
spond to cancer homogenates and microsomes, respectively. Fold-enrichment (B)
and recovery (C) of microsomal proteins from histologically normal (n 5 16) and tu-
mor (n 5 13) samples from patients with CRLM. Lines represent means, error bars
represent S.D.s, and percentages represent CV. Blue and red symbols represent histo-
logically normal and tumor samples, respectively.

Fig. 3. Corrected microsomal protein content (mg) per gram tissue (MPPGL)
from histologically normal (n 5 16) and tumor samples (n 5 11). Lines represent
means, error bars represent S.D.s, and percentages represent CV. The asterisk (*)
represents statistical difference (Mann-Whitney test, P < 0.05).
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decrease in CRLM. Reported data on cytochrome P450 are limited to
qualitative evidence that identify specific enzymes in histologically
normal and tumorous tissues from patients with CRLM (Lane et al.,
2004), and therefore, future proteomics studies involving quantification
of such enzymes would be valuable. Functional activity studies with
probe substrates would also be useful but require larger samples than
are available to us currently. CPPGL and HomPPGL values showed lit-
tle difference between cancerous and histologically normal tissues, and
CPPGL in histologically normal tissue (56.2 ± 16.9 mg/g of tissue)
was consistent with the literature (45–134 mg/g) (Boogaard et al.,
1996; Renwick et al., 2002; Mutch et al., 2007).
The potential effects of donor demographics (such as age, sex, BMI)

and sampled liver lobe on MPPGL and CPPGL values were evaluated.
Statistical analysis showed no relationship between the examined varia-
bles and changes in MPPGL and CPPGL values. Barter et al. (2007)
performed a meta-analysis of literature data from 114 individuals and

reported a relationship between age and MPPGL; values decreased with
increasing age (40 mg/g liver for a 30-year-old individual and 31 mg/g
liver for a 60-year-old individual). This effect of age on MPPGL had
not been discernible in the component individual studies (Pelkonen et
al., 1974; Lipscomb et al., 1998, 2003; Wilson et al., 2003; Hakooz et
al., 2006). A more recent study by Barter et al. (2008) showed that
MPPGL values increased from childhood until the age of 28 years, then
decreased thereafter. The small sample size and large underlying vari-
ability in the data of the present study meant that any correlation of
MPPGL with age could not be delineated. Likewise, BMI did not affect
MPPGL and CPPGL in either normal or cancerous tissues based on
data from this study. There is no published literature on correlation be-
tween BMI and MPPGL or CPPGL in cancer. The sex of donors had
no discernible effect on MPPGL or CPPGL in normal or cancerous tis-
sues, consistent with earlier studies (Schmucker et al., 1990; Wilson et
al., 2003). In addition, the liver lobe from which the tissues were

Fig. 5. Effects of liver lobe (A), sex (B), BMI (C) and age (D) on CPPGL values
for histologically normal and cancer samples. In (A) and (B), lines represent
means, error bars represent S.D. values, and percentages represent CV. Mann-
Whitney test was used to assess the effect of hepatic lobes and sex. Spearman
correlation and linear regression were used to assess the effect of BMI and age.
Blue symbols represent histologically normal samples and red symbols represent
cancer samples. N.S. means no significant relation (P > 0.05).

Fig. 4. Effects of liver lobe (A), sex (B), BMI (C), and age (D) on MPPGL val-
ues for histologically normal and cancer samples. In (A) and (B), lines represent
means, error bars represent S.D. values, and percentages represent CV. Mann-
Whitney test was used to assess the effect of hepatic lobes and sex. Spearman
correlation and linear regression were used to assess the effect of BMI and age.
Blue symbols represent histologically normal samples, and red symbols represent
cancer samples. N.S. means no significant relation (P > 0.05).
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sampled did not have an effect on MPPGL or CPPGL values from ei-
ther normal or cancerous tissues. There are no reported data in the liter-
ature about regional differences in human liver, but studies in mice
showed that microsomal P450 activity is variable in different lobes (Ru-
deck et al., 2018). Additionally, there was an effort to correlate the
MPPGL values to the disease severity. No trend was observed, although
the way that the samples were categorized according to the disease se-
verity was not completely quantitative. This is a result of the small
number of samples, and the lack of the information about the disease se-
verity for all the patients.
The impact of applying different MPPGL values as scalars

was studied using PBPK simulations on different drugs (alfenta-
nil, alprazolam, midazolam, desipramine) metabolized by P450
enzymes with different extraction ratios. Generally, PK profiles
of drugs are expected to differ in cancer populations compared
with profiles in healthy subjects. In many cases, clearance of an-
ticancer drugs decreases in patients with cancer compared with

healthy individuals (Piotrovsky et al., 1998; Houk et al., 2009;
Hudachek et al., 2010) for various reasons, including comorbid-
ities, such as hepatic and renal impairment in patients with can-
cer (Suri et al., 2015). Another possible reason may be changes
in MPPGL or CPPGL and differences in the expression of en-
zymes and transporters (Gao et al., 2016; Billington et al., 2018).
Our data showed little difference in CPPGL between normal and
cancerous tissues, but significantly lower MPPGL in cancer sam-
ples. Therefore, only the effect of MPPGL on drug pharmacoki-
netics was assessed in the simulations. MPPGL was used in
other studies for scaling in hepatocellular carcinoma and glio-
blastoma (Gao et al., 2016; Li et al., 2017), and the present study
is the first to assess the effect of changes in MPPGL in CRLM.
The results for all the drugs showed that the MPPGL value af-
fected drug exposure, suggesting that the proportion of the liver
affected by cancer affects drug levels reaching the systemic cir-
culation. More specifically, when the whole liver was assumed to

Fig. 6. Mean predicted systemic concentration over time (24 hours) after oral administration of alfentanil (A), midazolam (B), alprazolam (C), and desipramine (D).
For each drug, four different methods of scaling were used. Healthy: default MPPGL (Simcyp) with a healthy population. Cancer-D: default MPPGL with a cancer
population. New Cancer-ALN: MPPGL measured in this study for histologically normal tissue with a cancer population. New Cancer-ALC: MPPGL measured in this
study for cancer tissue with a cancer population. Inset graphs show the Relative AUC0-inf ratios of Cancer-D, New Cancer-ALN, and New Cancer-ALC to Healthy.
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be tumorous, higher systemic concentration was predicted com-
pared with a histologically normal liver. Our simulations show
that using appropriate MPPGL values for a certain population is
important for the prediction of drug exposure; however, the ap-
plied MPPGL value should be accompanied by the percentage of
cancerous liver in each patient. Although the percentage of can-
cerous liver is not known for the present study, it is common
practice for major hepatectomy to resect up to 70% of the total
liver for a sufficient liver function, including histologically nor-
mal and cancerous tissue (Hemming et al., 2003; Jiang et al.,
2018). As a result, there may be a significant contribution of the
tumor to the overall liver activity in patients with CRLM. If we
know the proportion of normal to cancerous tissue for an individ-
ual, then such data can be incorporated into the PBPK model.
Otherwise, sensitivity and uncertainty analysis should be per-
formed between two extreme cases (100% normal versus 100%
cancerous) to establish worst-case scenario. It is important to
clarify that the predicted PK profiles are not compared with clin-
ical data, which are not available for patients with CRLM.
Therefore, our simulations are not indicative of which method is
correct with observations, but they point out the assumption that
MPPGL affect the PK in patients with cancer. Further work is
needed to verify this updated PBPK cancer population model
against clinical data. PK may also depend on cancer stage, start-
ing with a small amount of liver being affected (New Cancer-
ALN) resulting in a high amount of liver being cancerous (New
Cancer-ALC). In this study, we assumed that the abundance of
P450s in CRLM was the same as for the generic healthy and can-
cer population in Simcyp. Although there are no published data
on the abundance in CRLM, potential differences in the abun-
dance of P450s may have additive effects on the PK (Vasilogian-
ni et al., manuscript in preparation).
In summary, this study assessed, for the first time, scaling factors spe-

cific for patients with CRLM and showed significantly lower MPPGL
in cancerous tissue compared with histologically normal tissue from pa-
tients with CRLM. HomPPGL and CPPGL did not differ significantly
between cancerous and histologically normal samples. Donor demo-
graphics (age, sex, BMI) and the anatomic origin of samples (liver
lobe) had no effect on MPPGL and CPPGL values. PBPK simulations
on drugs with different extraction ratios metabolized by P450s revealed
substantial difference in drug exposure, up to 3.3-fold, when comparing
default scaling factors to population-specific scalars. It is therefore rec-
ommended that appropriate population-specific MPPGL values, ac-
counting for percentage of liver/tumorous liver tissue, should be
considered for prediction of drug exposure in patients with cancer. Fu-
ture studies should quantify enzyme abundance differences to improve
understanding of metabolic drug clearance in cancer.
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