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Physiologically-Based Pharmacokinetic 
Modeling in Renal and Hepatic Impairment 
Populations: A Pharmaceutical Industry 
Perspective
Tycho Heimbach1,*,†, Yuan Chen2, Jun Chen3, Vaishali Dixit4,†, Neil Parrott5, Sheila Annie Peters6,  
Italo Poggesi7, Pradeep Sharma8, Jan Snoeys9, Mohamad Shebley10, Guoying Tai11, Susanna Tse12,  
Vijay V. Upreti13, Ying-Hong Wang14,‡, Alice Tsai15, Binfeng Xia16, Ming Zheng17, Andy Z.X. Zhu18 and 
Stephen Hall19

The predictive performance of physiologically-based pharmacokinetics (PBPK) models for pharmacokinetics (PK) in 
renal impairment (RI) and hepatic impairment (HI) populations was evaluated using clinical data from 29 compounds 
with 106 organ impairment study arms were collected from 19 member companies of the International Consortium 
for Innovation and Quality in Pharmaceutical Development. Fifty RI and 56 HI study arms with varying degrees of 
organ insufficiency along with control populations were evaluated. For RI, the area under the curve (AUC) ratios 
of RI to healthy control were predicted within twofold of the observed ratios for > 90% (N = 47/50 arms). For HI, 
> 70% (N = 43/56 arms) of the hepatically impaired to healthy control AUC ratios were predicted within twofold. 
Inaccuracies, typically overestimation of AUC ratios, occurred more in moderate and severe HI. PBPK predictions can 
help determine the need and timing of organ impairment study. It may be suitable for predicting the impact of RI on 
PK of drugs predominantly cleared by metabolism with varying contribution of renal clearance. PBPK modeling may 
be used to support mild impairment study waivers or clinical study design.

Physiologically-based pharmacokinetic (PBPK) modeling has seen 
significant applications in model-informed drug discovery and de-
velopment over the past years.1 When mechanistic PBPK models 
have been verified and validated, they can be used to extrapolate or 
to predict pharmacokinetic (PK) changes with confidence beyond 
the studied scenarios or to aid in risk assessments.2 Consequently, 
recommendations for concomitant medications and dose adjust-
ment in specific populations have been approved based on PBPK 
modeling in lieu of clinical studies in a growing number of drug 
labels over the past several years.3,4

Currently, the majority of PBPK applications involve predictions 
of drug–drug interactions (DDIs), mainly mediated via inhibition 
or induction of cytochrome P450 (CYP) enzymes and, to a lesser 

extent, uridine diphosphate glucuronosyl transferases (UGTs) 
and transporters. For example, 60% of the 254 PBPK submission 
records to the US Food and Drug Administration (FDA) from 
2008 to 2017 were for DDI predictions5,6 (Grimstein et al., 2019). 
Similar percentages were reported by the European Medicines 
Agency (EMA)7 and the Japan Pharmaceuticals and Medical 
Devices Agency (PMDA).8 Successful application of PBPK mod-
eling to specific (e.g., pediatrics and geriatrics) or diseased (e.g., 
organ impaired) populations requires a good understanding of the 
physiological and biological changes that can impact drug disposi-
tion in these populations compared with healthy control subjects.

Both renal and hepatic impairments are associated with multi-
ple pathophysiological and biological changes. Renal impairment 
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is characterized by reduced glomerular filtration and/or tubular se-
cretion, and accumulation of uremic toxins resulting from the loss 
of renal function, as well as hypoalbuminemia in some patients. 
Uremic toxins down-regulate the expression of CYP enzymes and 
may also directly inhibit CYP-mediated metabolism.9 Uremic 
solutes are also known to inhibit renal organic anion transporters 
(OATs).10 Renal insufficiency is also expected to increase α-acidic 
glycoprotein (AAG), reduce hematocrit, and reduce the gastric 
emptying rate. Pathophysiological changes can decrease the clear-
ance of drugs that are primarily eliminated by metabolic as well as 
renal pathways.

Liver impairment may be caused by multiple chronic disease 
conditions which destroy the liver parenchyma, ultimately lead-
ing to hepatic and biliary cirrhosis. Liver cirrhosis is character-
ized by a progressive decline in hepatic blood flow, hematocrit, 
alpha-1-glycoprotein  (AGP), albumin, functional hepatocytes, 
and biliary excretion. Moreover, there are alterations in expres-
sion and activity of hepatic transporters11 and metabolizing 
enzymes as well as reduced duodenal CYP3A expression and ac-
tivity.12 In cirrhotic patients, the formation of concomitant con-
nective tissue and nodules in the liver can lead to hepatic venous 
outflow obstruction,13 leading to increased intrahepatic vascular 
resistance and sinusoidal pressure. This can trigger the insertion 
of a side-to-side porto-caval shunt, which relieves the sinusoidal 
pressure.14 However, with disease progression, the compensa-
tory mechanism of porto-caval shunt becomes inadequate and 
splanchnic and peripheral flow are altered. The resulting reduc-
tion in the effective arterial blood volume leads to a diminished 
renal blood flow in cirrhotic patients, which in turn stimulates 
the renin-angiotensin-aldosterone system, sympathetic nervous 
system, and antidiuretic hormone resulting in renal artery va-
soconstriction, sodium retention, volume expansion, and in-
creased cardiac output (hyperdynamic circulation). Eventually, 
these changes lead to a hepatorenal syndrome or acute renal fail-
ure with a low glomerular filtration rate (GFR).

Because the liver, intestine, and kidney are the major sites for 
metabolism and elimination, the morphological and physiological 
changes in these organs can significantly impact the PK of a drug 
and/or its active metabolites.15 To ensure adequate efficacy and 
safety, regulatory agencies recommend conducting a PK study for 
drugs of narrow therapeutic index that are predominantly elimi-
nated (> 50%) by the impaired organ when they are likely to be 
used by subjects with different levels of impairment.16–19 Disease 
severity was classified based on the estimated GFR and albumin-
uria for renal impairment and on Child-Pugh (CP) classification 
comprising classes A (mild), B (moderate), and C (severe) for he-
patic impairment.20 Based on the study results, dose adjustments 
may be recommended in the label. It is noteworthy however, that 
the CP classification has not been designed to estimate the impact 
of hepatic impairment on the absorption, distribution, metabo-
lism, and excretion (ADME) of various drugs. Accurate staging of 
hepatic insufficiency would require a variety of imaging and non-
invasive biomarkers for the multiple mechanisms leading to liver 
insufficiency.21

However, hepatic and renal impairment studies are resource in-
tensive and it can take several years to recruit enough patients with 

different levels of disease severity.22 For example, for crizotinib it 
took more than 4 years to complete the hepatic impairment study 
due to recruitment challenges.23 PBPK models are ideally suited to 
incorporate the multitude of pathophysiological changes in organ 
impairment14,24,25 and to predict the combined impact of disease 
and other covariates on the exposure of drugs that are renally or 
hepatically eliminated. Model simulations can supplement lim-
ited clinical data when recruitment is incomplete. Extending the 
insight gained from studies that have poor representation of some 
patient subsets can be particularly useful in oncology settings as 
well as in pediatric applications.26

In this present research, the predictive performance of PBPK 
models for hepatic and renal impairment populations was evalu-
ated using clinical trial data contributed by 19 member companies 
in a working group under the Translational and ADME Sciences 
Leadership Group (TALG) and the Clinical Pharmacology 
Leadership Group (CPLG) of the International Consortium for 
Innovation and Quality in Pharmaceutical Development (IQ 
Consortium). Relatively few examples of PBPK predictions in re-
nally and hepatically impaired patients have been published to date 
(Table S1a,b). They involved a small number of compounds and 
did not follow a standardized workflow, making it difficult to draw 
firm conclusions on the predictive performance. The objectives of 
this IQ PBPK Organ Impairment Working Group were therefore 
to (i) collect a large set of data and use a consistent approach to 
evaluate the accuracy of the predictions, (ii) investigate the poten-
tial mechanisms in cases where the predictions were not accurate, 
and (iii) provide recommendations on the application of PBPK 
predictions to design drug development strategies in renally and 
hepatically impaired populations.

APPROACH OF PBPK MODELING FOR RENAL AND HEPATIC 
IMPAIRMENT POPULATIONS
To avoid selection bias, all compounds from the 19 member com-
panies with organ impairment studies and with comprehensive 
PK data sets were included in this study. There were in total 29 
compounds with 106 organ impairment study arms. Key ADME 
compound information and known biotransformation pathways 
have been summarized in Table 1. The majority of compounds in 
the data set were eliminated predominantly via metabolism, with 
varying contribution (0–50%) of renal clearance. A summary of 
demographic data and study design of the clinical renal and he-
patic organ impairment data can be found for most compounds in 
Tables S2 and S3, respectively. Human ADME study data were 
available for model development for nearly all compounds (19 out 
of 25 for compounds with RI assessment and 21 out of 27 for com-
pounds with HI assessment; ~ 75% in either case (Tables S7a,b 
and S8a,b). In a few cases detailed study data were not available. 
For a few compounds, e.g., H626T, Q679L, T535Q, Y582A, only 
HI data were available (Table S8a,b).

For renal impairment assessments, clinical data were included 
from 25 compounds. A total of 50 study arms included 8 in mild, 
14 in moderate, 25 in severe renal impairment, and 3 in end-stage 
renal disease (ESRD). For hepatic impairment assessments, data 
from 27 compounds with a total of 56 study arms were avail-
able. Included were 18 study arms in patients with mild hepatic 
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impairment, 25 study arms with moderate hepatic impairment, 
and 13 study arms with severe hepatic impairment.

PBPK model development strategy and model verification
A general PBPK modeling strategy workflow is depicted in 
Figure 1. PBPK models for all compounds were constructed by 
modelers from the contributing companies using the popula-
tion-based ADME simulator (Simcyp V15, Certara, Sheffield, 
UK). Other commercial PBPK platforms (e.g., GastroPlus) 
and open PBPK modeling platforms (e.g., PK-Sim, Simbiology, 
Monolix, Berkeley-Madonna, etc.) are available to use for or-
gan-impaired population PK predictions. The performance of 
the PBPK models was validated by the contributing companies 
by simulating relevant clinical trials such as single ascending dose 

and multiple ascending dose, or DDI studies in either healthy vol-
unteers or patients. While this IQ white paper does not intend to 
recommend specifics about model verification, such as to provide 
recommendations for parameter sensitivity analyses, the selection 
of parameters and associate ranges for the analyses should be based 
on the specific ADME properties of the study compounds, par-
ticularly the pathologic factors that can significantly impact the 
variability in renal and hepatic impairment populations, such 
as metabolic enzyme expression level and plasma protein bind-
ing.27,28 When applying the PBPK model in HI/RI patients for 
a DDI prediction, the degree of induction and inhibition can be 
impacted by the metabolic enzyme expression levels in the cor-
responding HI/RI patient group, and thereby, parameter sensi-
tivity approaches to investigate their global relationships before 

Table 1  Summary of ADME properties for compounds collected by the IQ working group

Compound Fu CLiv (L/h) % CLr % CL-biliary Biotransformation

A242N 0.3 41 (HV) 33(Pat) 3.5 (Pat) 72% CYP3A, 18% FMO3, 3.5% renal, 3.5–6.5% others

B222R 0.005 3.07 70% CYP3A4; 30% CYP2C19

B785F 0.07 14.75 (po) 7.3 57% CYP1A2, 27% UGT, 8.4% CYP2C8

B994T 0.67 42 38 25% CYP3A, 37% other non-CYP enzymes

C213X 0.495p 8.12p 15 43 42% metabolism via demethylation, oxidation, and 
glutathione conjugation

D268Y 0.013 30.6 0 85% CYP2D6, 15% CYP1A2

D384S 0.006 4.24 11 31 56% CYP3A

D863C 0.61 24.7 29 54% CYP3A, 17% CYP2C19

E929K 0.09 41.4 20% CYP2D6, 80% CYP1A2

H626T 0.00814 < 0.01 15 85% non-CYP enzymes; 15% unknown enzymes

H938P 0.007 1.34 (po) < 0.8 15% CYP3A4, 85%UGT1A1

J269A 0.24 3.73 10 90% CYP3A

K946A 0.091 9.6 (po) 75% CYP2D6

M731N 0.0002 3.11 0 79.2% CYP2C9, 18.6% CYP3A, 2.2% other metabolites

N314T 0.42 14.80 6 80% CYP1A2

N929A 0.85p 23.1 25 75 Negligible metabolism; substrates of hepatic uptake or 
efflux transporter

P662Y 0.02 4.06 (po) > 90% CYP3A

Q679L 0.04–0.20 38.6 (po) 0.5 70% CYP, > 20% others

Q731V 0.7 21.1 45 10% CYP3A, 25% UGT, ~ 20% other (undefined)

S471Q 0.025 9 0 0 75% CYP3A4 oxidation, 25% amide hydrolysis and 
N-dearylation

S537Y 0.025 0.8 16 16 68% CYP3A

S961T 0.204 1420 (po) 6.5 40% CYP3A, 60% CYP2D6 (in vitro)

T535Q 0.2 47.2 (po) 40% CYP3A, 60% CYP2C9 and others (OATP uptake)

T631W 0.041 27.7 2 95% CYP3A

T765J 0.403 53 28% hepatic; 19% hydrolysis

U924W 0.063 1–2 17% AO, 27% CYP3A, 23% nonenzymatic

V597G 0.104 14 0 39% CYP3A, 10% CYP2D6, 3% CYP2C19, 34% other

Y276D 0.0241 32.2 (po) 6 5 79% CYP3A, 6% CYP2C19, 4% CYP2D6 (in vitro)

Y582A 0.0326 61.2 96% CYP3A

ADME, absorption, distribution, metabolism, and excretion; CLbiliary, biliary clearance; CLiv, plasma clearance after IV administration of the drug; CLr, renal 
clearance; CYP, cytochrome P450; FMO3, Flavin-containing monooxygenase 3; Fu, free fraction in plasma protein; HV, healthy volunteer; IQ, International 
Consortium for Innovation and Quality in Pharmaceutical Development; OATP, organic anion transporting polypeptide; Pat, patient; po, oral administration; UGT, 
uridine diphosphate-glucuronosyltransferase.
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starting to simulate a specific study scenario.27 In addition, the 
scenario-based simulation can investigate different hypothetical 
conditions when a modeling compound undergoes multiple met-
abolic or excretive pathways simultaneously (e.g., dual substrate of 
CYP enzymes and transporters) or key input parameters were not 
certain when performing the simulation.28 Such an approach can 
typically provide more useful insights in optimization of PBPK 
models when modelers have to evaluate the risk of study outcome 
by understanding the “worst-case” scenario.”

The predicted PK parameters and PK profiles were generated 
using similar study design and compared with the observed clini-
cal data to ensure that the models adequately described the PK of 
the corresponding compounds. To further establish confidence in 
model robustness, assignment of clearance pathways for each com-
pound model was verified using simulations of inhibition DDI 
data in which the study compound is a victim drug, when DDI 
data were available. If a compound is metabolized by enzymes 
with known genetic polymorphism, simulation of the PK profiles 
in subjects with different metabolic status (e.g., extensive or poor 
metabolizers) was also performed as part of the verification. PBPK 
compound model files in Simcyp for probe-interacting drugs (e.g., 
rifampin, midazolam, ketoconazole, and itraconazole) were used 
for the DDI simulations.

Model evaluation was conducted in two steps. As a first step, 
model-predicted exposures (maximum plasma drug concentration 

(Cmax) and area under the curve (AUC)) of compounds were com-
pared for healthy subjects; this was done to ensure the predictiv-
ity of the PBPK model in a healthy population (matched healthy 
control subjects) ahead of predicting the organ impairment pop-
ulation. The criteria used for this first-step model evaluation was 
how many values are predicted within 25% of the observed values, 
how many within 50% of the observed values, and how many are 
predicted within twofold of the observed values. If the simulated 
compound exposures were within twofold for the healthy popula-
tion, the compound models were considered acceptable for simu-
lating organ impairment and the model was deemed verified in the 
first step.

In the second step, following verification of the compound 
model in predicting healthy population, simulations were per-
formed in mild, moderate, or severe organ-impaired subjects 
matching the clinical study design (dose, dosing frequency) and 
age range of the available study cohorts. The Simcyp renal and 
hepatic organ impairment populations were used to simulate the 
pharmacokinetics in the organ-impaired groups and the Simcyp 
healthy volunteers (HVs) population was used for the control 
group with the age distribution adjusted to match that in the 
corresponding organ-impairment population. Ten trials with 10 
subjects (100 virtual subjects) were simulated with the gender 
ratio of the virtual population matching the reported clinical 
study data or with a value of 0.5 assumed if this information was 

Figure 1  Schematic workflow for the development of an organ impairment PBPK model. CL, clearance; CYP, cytochrome P450; fm, fraction 
metabolized; GFR, glomerular filtration rate; HVs, healthy volunteers; IC50, concentration of drug producing 50% inhibition; Ki, inhibitory 
constant; PBPK, physiologically-based pharmacokinetics; PK, pharmacokinetics; V, volume of distribution.
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not available. In this second step, the Guest criterion29 was used 
to compare the predicted AUC ratios of organ impairment rela-
tive to control healthy populations vs. the observed AUC ratios 
of organ impairment relative to control healthy populations. 
With the Guest criterion,29 the delta value was 1.25 and 20% 
CV was incorporated. With the observed AUC ratio  =  1, the 
bounds correspond to the bioequivalence bounds (0.80–1.25). 
For each verified compound model, simulations were performed 
in mild, moderate or severe organ-impaired subjects matching 
the clinical study design (dose, dosing frequency) and age range 
of the available study cohorts. The Simcyp renal and hepatic 
organ impairment populations were used to simulate the phar-
macokinetics in the organ impaired groups and the Simcyp HVs 
population was used for the control group with the age distribu-
tion adjusted to match that in the corresponding organ impair-
ment population (Tables S2–S5). Typically, 10 trials with 10 
subjects (i.e., 100 virtual subjects) were simulated with the gen-
der ratio of the virtual population matching the reported clinical 
study data or with a value of 0.5 assumed if this information was 
not available.

Renal impairment population PBPK modeling
Two renal impairment populations (moderate and severe) were 
applied based on GFR classification (Renal GFR 30–60 and 
Renal GFR < 30) as defined in the Simcyp Simulator. After 
consultation with Simcyp/Certara Inc, a mild renal impair-
ment population file was created by adapting the Sim-renal 
GFR_30–60 population by setting GFR to between 60 and 
90 mL/min per 1.73 m2, reverting the CYP abundance to that 
of the healthy volunteers, serum creatinine (93–102  µmol/L), 
gastric residence time (fasted  =  0.55  hour; fed  =  1.38  hour) 
and albumin (ratio  =  0.93 to HV, male) and hematocrit 
(ratio  =  0.92 to HV, male). The key physiological differences 
between healthy volunteers and patients from renal impairment 
populations used for this work are listed in Table S4. Potential 
inhibition of enzymes and transporters by uremic toxins is not 
implemented in Simcyp version 15.

Hepatic impairment population PBPK modeling
The mechanistic hepatic impairment population in Simcyp 
considers the demographics of liver cirrhosis patients, includ-
ing the age distribution and the higher frequency in males com-
pared with females. It implements the disease-relevant changes 
for three hepatically impaired subpopulations with varying 
levels of liver cirrhosis severity according to CP scores: 5 & 
6, A (mild), 7 to 9, B (moderate), and 10 to 15, C (severe).20 
Progressive declines in hepatic blood f low, hematocrit, AGP, 
albumin, and CYP enzyme abundance, as well as a reduction 
in intestinal CYP3A4/5 expression and catalytic activity and 
proportionate changes to other intestinal CYP enzymes12 have 
been incorporated. The model also accounts for the hepatic 
shunt-induced fractional changes in mesenteric blood f low, and 
a decrease in gastric residence time with increasing disease se-
verity under both fasted and fed conditions is considered. The 
key physiological differences between healthy volunteers and 
patients with liver cirrhosis as implemented in Simcyp Version 

15 are listed in Table S5.24 The decrease in the liver size with in-
creasing severity of cirrhosis has been derived from a meta-anal-
ysis of five studies for the different CP categories. CYP enzyme 
expression and activity are based on in vitro data.24 However, 
apart from a loss functional mass leading to changes in enzyme 
abundances and activity, diseased livers may also have altered 
scalars (milligram protein per gram liver) which is not consid-
ered in Simcyp Version 15.

The predicted Cmax and AUC in healthy subjects were first 
compared with the observed data to ensure model predictivity 
for a healthy population. Subsequently, the predicted Cmax and 
AUC ratios of organ impairment relative to control healthy pop-
ulations vs. the observed Cmax and AUC ratios were plotted and 
assessed.

PREDICTIVE PERFORMANCE OF PBPK MODELS FOR 
HEPATIC AND RENAL IMPAIRMENT POPULATIONS
PBPK modeling of renal impairment
Summaries of key ADME properties of each compound are 
shown in Table  1. The patient demographic data and clinical 
trial design for the renal impairment trials are summarized in 
Table S2. Performance of the PBPK models was initially assessed 
by comparison of the predicted with observed AUC and Cmax of 
the compounds in matched healthy control subjects (Figure S1). 
Seventy-six percent of AUC (19/25) and 67% of Cmax (16/25) 
were predicted within 25% of the observed values. Ninety-two 
percent of AUC (23/25) and Cmax (22/24) were within 50% 
of the observed values. All the predicted AUCs and Cmax were 
within the twofold error except for one compound whose pre-
dicted AUC was approximately threefold of the observed value.

Across all clinical data sets, the observed effects of renal impair-
ment were modest, with the maximum observed mean AUC ratio 
(renal impairment/control) being 1.7, 2.2, and 2.2 for mild, moder-
ate, and severe/ESRD impairments, respectively (Table 2). Of the 
combined 50 renal impairment study arms, 88% of model-predicted 
effects fell within the Guest criterion, an alternative method to the 
common twofold criteria approach, which assesses prediction suc-
cess with a variable prediction margin dependent on the particular 
AUC ratio.29 AUC ratios that did not meet the Guest criterion 
were all in the severe renal impairment and ESRD groups (Table 2 
and Figure 2a), of which two cases had prediction errors greater 
than twofold. In both cases, decreased exposure was observed in 
renal impairment patients compared with healthy control groups 
(AUC ratio of 0.6–0.7) (Table 2). Similar trends were observed for 
the renally impaired to healthy Cmax ratios (Table 3, Figure 2b). 
Prediction errors were also calculated and are shown in Table S7a,b.

Knowing that plasma proteins such as albumin or alpha-1 acid 
glycoprotein (AGP) are affected in different renal disease stages, 
PBPK models used ex vivo–measured fraction unbound in plasma 
values when available. A comparison of the predicted and observed 
fraction unbound in plasma in healthy subjects and patients renal 
impairment (Figure 2c) showed that only two cases were predicted 
outside the twofold line, one in the severe RI group and one in the 
moderate RI group. In summary, PK changes in mild and moderate 
RI, along with plasma protein binding changes, were well predicted 
by PBPK modeling, while there was a tendency to overpredict the 

WHITE PAPER



VOLUME 110 NUMBER 2 | August 2021 | www.cpt-journal.com302

Ta
bl

e 
2

 C
om

pa
ri

so
n 

of
 o

bs
er

ve
d 

an
d 

pr
ed

ic
te

d 
A

U
C

 r
at

io
 in

 r
en

al
 im

pa
ir

m
en

t 
st

ud
ie

s

C
om

po
un

d

M
ild

 r
en

al
 im

pa
ir

m
en

t
M

od
er

at
e 

re
na

l i
m

pa
ir

m
en

t
S

ev
er

e 
re

na
l i

m
pa

ir
m

en
t

ES
R

D

O
bs

er
ve

d
P

re
di

ct
ed

P
re

d/
O

bs
O

bs
er

ve
d

P
re

di
ct

ed
P

re
d/

O
bs

O
bs

er
ve

d
P

re
di

ct
ed

P
re

d/
O

bs
O

bs
er

ve
d

P
re

di
ct

ed
P

re
d/

O
bs

A
2
4
2

N
1

.6
2

1
.8

3
1

.1
3

1
.9

4
1

.8
7

0
.9

6
2

.6
7

1
.6

1
0
.6

0

B
2

2
2

R
1

.2
2

1
.3

8
1

.1
3

B
7
8

5
F

1
.4

8
1

.5
2

1
.0

3
1

.3
2

1
.3

5
1

.0
2

B
9

9
4
T

1
.5

0
1

.4
7

1
.2

2
1

.9
2

1
.6

4
0
.8

5

C
2
1

3
X

1
.8

2
1

.2
8

0
.7

0
1

.2
1

1
.5

1
1

.2
5

D
2

6
8

Y
2

.0
0

1
.6

5
0
.8

3

D
3

8
4

S
2

.1
0

3
.0

5
1

.4
5

1
.9

4
2

.8
0

1
.4

4

D
8

6
3

C
1

.3
7

1
.2

7
0
.9

3
1

.4
3

1
.6

8
1

.1
7

2
.2

3
2

.3
5

1
.0

5

E9
2

9
K

2
.1

6
2

.7
7

1
.2

8

H
9

3
8

P
0
.6

1
0
.8

5
1

.3
9

J2
6

9
A

1
.4

3
1

.5
4

1
.1

K
9

4
6

A
0
.8

9
1

.0
0

1
.1

2
1

.4
2

1
.7

0
1

.2
0

0
.7

1
1

.5
5

2
.1

8

M
7
3
1

N
1

.2
4

0
.9

7
0
.7

8

N
3
1
4
T

1
.3

9
1

.1
3

0
.8

1
1

.4
9

2
.0

4
1

.3
7

1
.1

0
1

.7
6

1
.6

1

N
3
1
4
Tm

1
.7

2
1

.6
5

0
.9

6
3

.4
8

2
.3

5
0
.6

8
5
.8

5
4
.4

9
0
.7

7

N
9

2
9

A
1

.2
6

1
.3

4
1

.0
6

1
.6

6
1

.3
7

0
.8

3

P6
6

2
Y

1
.1

3
1

.1
9

1
.0

6

Q
7
3
1V

1
.4

2
1

.3
0

0
.9

2
1

.5
6

1
.4

6
0
.9

4
2

.0
8

1
.8

1
0
.8

7

S
5

3
7

Y
1

.6
0

1
.3

0
0
.8

1

S
9

6
1T

0
.9

9
1

.1
0

1
.1

1

T6
3
1W

0
.6

4
1

.5
6

2
.4

4

T7
6

5
J

1
.5

2
1

.5
9

1
.0

5
1

.8
3

1
.8

0
0
.9

8

U
9

2
4
W

0
.9

0
0
.9

5
1

.0
5

0
.9

0
0
.8

5
1

.0
5

1
.2

1
0
.7

4
0
.6

1

V5
97

G
0
.6

4
0
.8

6
1

.3
4

1
.4

1
1

.1
3

0
.8

0
0
.6

0
1

.0
9

1
.8

0

Y2
76

D
1

.3
2

1
.6

0
1

.2
1

1
.6

3
1

.5
7

0
.9

6

AU
C

, 
ar

ea
 u

nd
er

 t
he

 c
ur

ve
; 

ES
R

D
, 

en
d
-s

ta
ge

 r
en

al
 d

is
ea

se
; 

O
bs

, 
ob

se
rv

ed
; 

Pr
ed

, 
pr

ed
ic

te
d.

WHITE PAPER



CLINICAL PHARMACOLOGY & THERAPEUTICS | VOLUME 110 NUMBER 2 | August 2021 303

effect with increasing disease severity. However, it has to be noted 
that this data set is limited in the severe RI and ESRD categories.

PBPK modeling of hepatic impairment
Performance of the PBPK models for healthy control subjects was 
assessed prior to hepatic impairment modeling. A comparison 
of predicted with observed AUC and Cmax of the compounds in 
matched healthy subjects was performed (Figure S2). Eighty-five 
percent of AUC and 76% of Cmax were predicted within 25% of 
observed values. Ninety-six percent of AUC and 76% of Cmax were 
within 50% of the observed values. All the predicted AUCs were 
within the twofold error. Prediction errors were also calculated 
and are shown in Table S8a,b.

In the clinical data sets, the observed AUC for mild hepatic 
impairment patients were within twofold of the healthy controls 
except for one compound with moderate clearance which was 
predominantly metabolized by CYP3A (fraction metabolized of 
96%). Observed AUC ratios were between 0.6-fold and 8-fold for 
patients with moderate hepatic impairment, and between 0.6-fold 
and 9.5-fold for patients with severe hepatic impairment (Table 4). 
In most cases, the effects of hepatic impairment on drug exposure 
increased as the severity of disease increased (Table 4). Within 
each CP category, the fraction eliminated by a particular pathway 
(e.g., CYP3A) seemed not the only determinant of the impact of 
hepatic impairment, indicating that other factors may also play 
an important role. In general, low-clearance compounds (plasma 
clearance after intravenous administration of the drug < 20 L/h) 
were less affected by hepatic impairment (Figure 3).

The predictive performance of the hepatic impairment popu-
lation models was evaluated by comparing the observed and pre-
dicted AUC ratios between patients with hepatic impairment and 
matched healthy subjects (Figure  3a–c). In general, the models 

tended to overpredict the effects of hepatic impairment on PK 
with no false-negative predictions. Among the three cirrhosis pop-
ulation models, the CP-A model appeared to have the best perfor-
mance with only one prediction outside the twofold error range. 
However, when the Guest criteria29 were applied, greater than 50% 
of the predictions were outside the upper limit. For the CP-B and 
CP-C cirrhosis models, ~ one-third of the predicted AUC ratios 
were outside the twofold error range (Figure 3a–c). The major-
ity of compounds that fell outside the upper limit of the Guest 
criteria or the twofold error range had a low systemic clearance, 
defined here as lower than 20 L/h. The impact of hepatic impair-
ment was reasonably predicted for compounds with systemic clear-
ance greater than 20 L/h, with 83% of the predictions for CP-C 
and 82% of the predictions for CP-B within the Guest criteria, 
and 100% of the predictions for CP-B within twofold error range 
(Figure 3). For compounds that were studied clinically in more 
than one hepatic impairment category, when the effects of mod-
erate hepatic impairment were predicted within twofold, the ef-
fects of mild or/and severe hepatic impairment were generally also 
predicted within twofold regardless of their clearance (Table 4). 
Similar trends were observed for the hepatic impaired to healthy 
Cmax ratios (Figure 3d–f and Table 5).

LEARNINGS AND CHALLENGES
Successful application of PBPK modeling in lieu of clinical tri-
als and in support of labeling has been demonstrated mainly in 
drug–drug interactions, absorption and food effect for BCS 
class I and II drugs, and, to some extent, pediatric dose selec-
tion. Although isolated examples for the use of PBPK model-
ing in the assessment of hepatic and renal organ impairment 
exist (Table  S1a,b), a systematic evaluation of the predictive 
performance of PBPK in various stages of renal and hepatic 

Figure 2  Renal Impairment. (a) Comparison of predicted with observed AUC ratios of renal impairment (RI) patients to matched healthy control 
subjects (N = 8 mild, 14 moderate, 25 severe, 3 ESRD). Solid markers represent the major metabolite of N314T. (b) Comparison of predicted 
with observed Cmax ratios of renal impairment patients to matched healthy control subjects (N = 8 mild, 14 moderate, 25 severe, 3 ESRD). 
(c) Comparison of predicted with observed fraction unbound in plasma of renal impairment patients (N = 15 healthy, 4 mild, 6 moderate, 15 
severe). AUC, area under the curve; Cmax, maximum plasma drug concentration; ESRD, end-stage renal disease.
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impairment across a range of compounds with different clear-
ance and elimination pathways has not been done. As a result, 
regulatory agencies such as the FDA and the EMA consider the 
use of PBPK modeling for organ impairment as one of the areas 
where the confidence in prediction is low.30,31 This IQ consor-
tium study was conducted specifically to assess the performance 
of PBPK modeling for predicting exposure changes in the he-
patically and renally impaired populations using a large data set, 
employing a standardized modeling strategy.

The performance of PBPK models for the prediction of expo-
sure changes in organ-impaired populations relies on an accurate 
representation of the pathophysiological changes in the PBPK 
platform as well as on the accuracy of pathway characterization in 
the drug model. Although Simcyp V15 considers most known dis-
ease alterations in the organ impaired, some potential alterations 
such as the CYP inhibition by uremic toxins in RI and changes in 
hepatic scalars in HI have not been incorporated in Simcyp V15. 
Reduction in transporter abundance and activity11 may have to be 
considered for transporter substrates. For lipophilic compounds 
that depend on bile solubilization, changes in absorption in hepatic 

impairment may be important. In addition, it is possible that not all 
disease alterations in the organ impaired are known today. PBPK 
models following best practices use clinical data obtained in single 
and multiple ascending dose studies to verify drug exposure, drug 
interaction studies to verify metabolism, and mass balance stud-
ies to verify clearance pathways. Such models impart confidence 
to the prediction outcome. In the current analysis, verification of 
clearance pathways with mass balance data was not always possible, 
but human mass balance data were available for most compounds 
(Tables S7a,b and S8a,b).

Our evaluation identified a tendency to overpredict the effects 
of hepatic and renal impairments on drug PK. This overpredic-
tion is more pronounced with increasing disease severity. No 
such trends for overprediction or underprediction were obvious 
in PBPK evaluations reported in the literature (Table  S1a,b). 
Plots showing the observed changes in AUC and Cmax with in-
creasing disease severity (Figures 4 and 5), may indicate some 
evidence for compensatory mechanisms which is more obvious 
in the case of renal impairment compared with hepatic impair-
ment. Therefore, the current models may need to be revised to 

Table 4  Comparison of observed and predicted AUC ratio in hepatic impairment studies

Compound

Mild hepatic impairment Moderate hepatic impairment Severe hepatic impairment

Observed Predicted Pred/Obs Observed Predicted Pred/Obs Observed Predicted Pred/Obs

A242N 1.03 1.92 1.76 1.37 2.78 2.03 1.21 3.40 2.81

B222R 1.03 3.01 2.93

B785F 0.84 1.36 1.62

C213X 0.97 1.12 1.16 1.17 1.41 1.21 1.24 1.52 1.23

D268Y 1.66 2.83 1.71 3.87 5.05 1.31

D384S 0.57 1.49 2.60 0.62 3.04 4.87 0.64 4.98 7.81

D863C 1.03 1.58 1.53 1.65 2.88 1.75

E929K 2.78 5.03 1.81

H626T 0.78 0.92 1.18 0.80 0.86 1.08 0.61 0.66 1.08

H938P 1.10 1.05 0.95

J269A 0.99 2.66 2.68

K946A 2.29 2.23 0.97

M731N 1.05 1.60 1.52 0.90 2.30 2.57 1.15 3.22 2.80

N314T 1.61 4.57 2.84

N929A 0.97 1.36 1.40 1.63 1.63 1.00

P662Y 1.33 1.30 0.98 1.46 2.34 1.60 1.20 2.69 2.24

Q679L 1.79 2.11 1.18

Q731V 1.02 1.32 1.29 1.31 1.53 1.17 1.35 1.66 1.23

S471Q 0.65 1.24 1.91 1.14 2.45 2.15 0.77 2.82 3.67

S537Y 0.85 1.55 1.82

S961T 1.15 1.38 1.20 5.61 4.92 0.88

T535Q 0.98 1.53 1.56 3.04 3.68 1.21 6.82 5.96 0.87

T631W 1.61 1.41 0.89 5.42 2.98 0.55

U924W 1.20 1.32 1.10 1.10 2.09 1.90 1.80 1.30 0.72

V597G 1.43 1.23 0.86 2.05 1.97 0.96 1.81 2.26 1.25

Y276D 1.17 1.39 1.19

Y582A 2.65 1.88 0.71 7.96 8.73 1.1 9.47 12.4 1.31

AUC, area under the curve; Obs, observed; Pred, predicted.
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incorporate these compensatory mechanisms when they are bet-
ter understood. However, given the tendency for PBPK models 
to overpredict rather than underpredict the effects of impair-
ment for molecules cleared mainly by metabolism, when PBPK 
predictions of organ-impaired to healthy AUC ratios are within 
the bioequivalence criteria, even for patients with the highest 
disease severity, our study suggests that RI and HI clinical stud-
ies may not be necessary except for narrow therapeutic index 
drugs. If a therapeutic index has not been established, PBPK 
model simulations can help broaden the eligibility criteria in 
proof-of-concept phase II/III trials and support the inclusion of 
organ-impaired subjects with or without dose adjustment.

For RI, data from 50 study arms of 25 diverse compounds showed 
good prediction results with > 90% (47/50) of the AUC ratios of the 
renally impaired to healthy controls predicted within twofold of the 
observed ratios. Among the 50 RI study arms, five cases (or 10%) had 
predicted AUC ratio less than 0.8 which could potentially be con-
cerning in clinical development for narrow therapeutic index drugs 
(Table 2). The results from the current study for mild and moderate 
impairment are generally in good agreement with the prediction suc-
cesses reported in the literature (Table S1a).32 They serve to enhance 
the confidence in applying PBPK modeling to predict changes in ex-
posure in the renally impaired population for compounds with a wide 
safety margin, supported by a totality of evidence from mass balance, 
absolute bioavailability, DDI and hepatic impairment studies.

A dedicated renal impairment study for drugs that are predomi-
nantly eliminated by the kidney and likely to be used by patients with 
kidney impairment should include ESRD subjects. These subjects are 
difficult to recruit given their limited numbers. Only a small fraction 
of this patient group may consider participating in a PK study, since 
ESRD patients experience significant mortality, morbidity, and a re-
duced quality of life. A smaller subset of those willing to participate 
will qualify based on the medical history, complications due to disease, 
concomitant medications, or other screening criteria. Dosing ESRD 
patients with a nonapproved drug may pose a safety risk. Therefore, 
regulatory agencies and institutional review boards require that ade-
quate safety measures are in place for enrolling these subjects in late-
stage phase II/III clinical trials. Given these challenges to conducting 
renal impairment studies, PBPK predictions verified for mildly and 
moderately impaired populations can be used to supplement clinical 
data in the severely impaired and ESRD patients. Since the model 
predictions tended to overestimate rather than underpredict the risk 
in severely impaired and ERSD patients, the predicted risk for these 
two classes is likely to be a worst-case scenario.

Among compounds that were studied clinically in more than 
one category of hepatic impairment population, when the effects 
of moderate hepatic impairment were predicted within twofold 
of clinically observed values, the effects of mild and/or severe he-
patic impairment were also generally predicted within twofold 
regardless of their clearance (Table S8a,b). This finding supports 

Figure 3  Hepatic Impairment. Comparison of predicted with observed AUC ratios of hepatic impairment patients to matched healthy subjects: 
(a) CP-A (N = 18 mild), (b) CP-B (N = 25 moderate, and (c) CP-C (N = 13 severe). Closed symbols represent compounds with CLiv < 20 L/h and 
open symbols represent compounds with CLiv > 20 L/h. Comparison of predicted with observed Cmax ratios of hepatic impairment patients to 
matched healthy subjects: (d) CP-A (N = 18 mild), (e) CP-B (N = 25 moderate, and (f) CP-C (N = 13 severe). AUC, area under the curve;  
CLiv, plasma clearance after intravenous administration of the drug; Cmax, maximum plasma drug concentration; CP, Child-Pugh classification.
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the use of PBPK predictions for supplementing clinical data, once 
the model is verified in one class of a hepatically impaired popu-
lation. However, an extrapolation of prediction results to patient 
groups that were difficult to recruit can only be done if the meta-
bolic and disposition characteristics as well as PK variability of the 
compound in question are well represented in the drug model and 
the disease modification of these processes with the extent of organ 
impairment is captured in the physiological model.

In our analyses, the cirrhotic population models resulted in pre-
dicted hepatic impaired to healthy AUC ratios of > 1. However, 
the observed AUC ratios ranged from < 1 to ~ 10 (Table 4). A 
reduced rate of bile acid output or lower bile acid concentration 
leading to a reduced drug absorption in hepatic impairment could 
explain a < 1 observed AUC ratio.33,34 These pathophysiological 
changes in the hepatic impaired were not considered in the model.

The compounds in our study had very little transporter activity. In 
the literature however, a PBPK fitting approach has been described 
for five liver transporter substrates to understand the impact of cir-
rhosis on the transporter activity in CP-A and CP-B groups.29 The 

analysis assumed that all uptake transporters were similarly affected 
in the disease populations. In another study, decreases in CYP3A4 
activities were observed and characterized in subjects with nonal-
coholic fatty liver (NAFL) and with nonalcoholic steatohepatitis 
(NASH), since NAFL may lead to NASH and is one of the major 
causes of chronic liver diseases. Incorporation of the changes in the 
CYP3A4 activities and protein expression in the PBPK model of 
midazolam enabled the use of a PBPK model for the prediction of 
the changes in midazolam PK in patients with NAFL and NASH.35

Compared with renal impairment, fewer successful PBPK pre-
dictions have been reported in the literature for hepatic impairment 
(Table S1b). The disposition of simeprevir in humans is characterized 
by hepatic uptake by organic anion transporting polypeptide 1B1/3 
(OATP1B1/3) and metabolism by CYP3A4. PBPK simulations of 
various drug–drug interactions31 could explain the observed nonlinear 
PK of simeprevir at therapeutic doses as due to saturation of CYP3A4-
mediated gut and liver metabolism and hepatic uptake. Using the mild 
hepatic impairment population as a surrogate, exposure changes of 
simeprevir in HCV-infected White subjects were predicted well.32

Table 5  Comparison of observed and predicted Cmax ratio in hepatic impairment studies

Compound

Mild hepatic impairment Moderate hepatic impairment Severe hepatic impairment

Observed Predicted Pred/Obs Observed Predicted Pred/Obs Observed Predicted Pred/Obs

A242N 1.18 1.30 1.10 1.58 1.51 0.96 1.24 1.73 1.40

B222R 0.94 1.14 1.21

B785F 0.95 1.24 1.31

C213X 1.16 1.31 1.13 1.23 1.72 1.40 1.24 1.83 1.48

D268Y 0.81 1.28 1.58 0.88 1.5 1.70

D384S 0.55 1.02 1.85 0.55 1.19 2.16 0.45 1.13 2.51

D863C 0.99 1.23 1.24 1.49 1.32 0.89

E929K 1.06 3.23 3.05

H626T 1.00 0.94 0.94 0.73 0.85 1.16 0.73 0.75 1.03

H938P 0.99 1.10 1.11

J269A 0.90 1.34 1.49

K946A NA NA

M731N 1.16 0.98 0.84 0.87 1.01 1.16 0.84 1.08 1.29

N314T 1.41 1.70 1.21

N929A 1.00 1.33 1.33 1.58 1.60 1.01

P662Y 1.11 1.00 0.90 0.89 1.17 1.31 0.73 1.21 1.66

Q679L 1.25 1.19 0.95

Q731V 1.25 1.09 0.87 1.14 1.11 0.97 1.19 1.01 0.85

S471Q 0.80 1.00 1.25 0.79 1.24 1.57 0.40 1.32 3.30

S537Y 0.71 1.16 1.63

S961T 1.21 1.30 1.04 2.81 3.18 1.13

T535Q 0.92 1.26 1.37 3.06 2.52 0.82 5.97 3.34 0.56

T631W 1.43 1.26 0.88 1.23 1.06 0.86

U924W 0.98 1.08 1.10 0.79 1.34 1.7 0.58 0.58 1.00

V597G 1.57 1.03 0.66 1.83 1.26 0.69 1.69 1.35 0.80

Y276D 1.24 1.22 0.98

Y582A 5.16 1.57 0.30 8.76 6.13 0.70 6.96 7.62 1.09

Cmax, maximum plasma drug concentration; NA, observed and/or predicted data were not available.
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The application of modeling strategy proposed by Kuemmel2 
for the prediction of PK in hepatic impairment is illustrated by two 
examples (Tables S6, S9 and S10).

PERSPECTIVE AND FUTURE DIRECTION
A unique data set comprising 106 hepatic and renal impairment 
clinical study arms with 30 compounds compiled from 19 IQ 
Consortium member companies was employed to evaluate the 
performance of PBPK models to predict drug exposure in or-
gan-impaired populations. PBPK predictions of exposure in the 

renally and hepatically impaired populations were within two-
fold of the observed data in > 90% and > 70% of the studies, re-
spectively. For renal impairment the accuracy of the predictions 
was less than twofold, especially for compounds for which renal 
clearance contributed significantly to their elimination (renal 
excretion > 25%, indicating up to 75% metabolism). Cases out-
side the twofold limit tended to be overpredicted rather than un-
derpredicted for both populations and belonged to groups with 
high disease severity. The explanation could lie in compensa-
tory mechanisms such as cardiovascular changes and acid–base 

Figure 4  Observed (a) AUC ratios and (b) Cmax ratios of renal impairment patients to healthy subjects for compounds that were studied in two 
or more impairment categories. AUC, area under the curve; Cmax, maximum plasma drug concentration.

Figure 5  Observed (a) AUC ratios and (b) Cmax ratios of hepatic impairment patients to healthy subjects for compounds that were studied in 
two or more impairment categories.
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imbalance that may become important with increasing disease 
severity36,37 but were not captured in the model. A few remain-
ing knowledge gaps in the pathophysiological changes in RI 
and HI have to be filled and sources of variability understood 
to further improve exposure predictions in the organ-impaired 
populations.

Findings from our study suggest that a verified and robust PBPK 
model may be applied with confidence to supplement missing clini-
cal data in hepatic and renal impairment subjects when recruitment 
is incomplete in one or more categories of organ impairment. Given 
the tendency for PBPK models to overpredict rather than underpre-
dict, when PBPK predictions of organ-impaired to healthy AUC 
ratios are within the bioequivalence criteria, our study supports re-
stricting the renal and hepatic impairment studies to narrow ther-
apeutic index drugs. Confirmatory studies for narrow therapeutic 
index drugs may be performed with a lean design in severe impair-
ment subjects and the outcome used to support the label. Such con-
firmatory studies may be considered later in phase III rather than 
in phase II. In the absence of information on the therapeutic index 
of a drug, modeling results may be used to support inclusion of or-
gan-impaired subjects with less disease severity in phase II/III trials.

When PBPK predictions of AUC ratios are outside the bio-
equivalence limits, model predictions can be used to design hepatic 
and renal impairment studies and to decide on the timing of these 
studies. PBPK modeling can contribute to a totality of evidence to 
supplement limited observations in clinical studies.

SUPPORTING INFORMATION
Supplementary information accompanies this paper on the Clinical 
Pharmacology & Therapeutics website (www.cpt-journal.com).
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