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Abstract
TAS- 114  is  a  dual  deoxyuridine  triphosphatase  (dUTPase)  and  dihydropyrimi-
dine dehydrogenase (DPD) inhibitor expected to widen the therapeutic index of 
capecitabine. Its maximum tolerated dose (MTD) was determined from a safety 
perspective in a combination study with capecitabine; however, its inhibitory ef-
fects  on  DPD  activity  were  not  assessed  in  the  study.  The  dose  justification  to 
select  its MTD as the recommended dose  in terms of DPD inhibition has been 
required, but the autoinduction profile of TAS- 114 made it difficult. To this end, 
an approach using a population pharmacokinetic (PPK)/pharmacodynamic (PD) 
model incorporating autoinduction was planned; however, the utility of this ap-
proach in the dose justification has not been reported. Thus, the aim of this study 
was to demonstrate the utility of a PPK/PD model incorporating autoinduction 
in  the dose  justification via a case study of TAS- 114. Plasma concentrations of 
TAS- 114  from  185  subjects  and  those  of  the  endogenous  DPD  substrate  uracil 
from 24 subjects were used. A two- compartment model with first- order absorp-
tion  with  lag  time  and  an  enzyme  turnover  model  were  selected  for  the  phar-
macokinetic (PK) model. Moreover, an indirect response model was selected for 
the  PD  model  to  capture  the  changes  in  plasma  uracil  concentrations.  Model- 
based simulations provided the dose justification that DPD inhibition by TAS- 114 
reached a plateau level at the MTD, whereas exposures of TAS- 114 increased dose 
dependently. Thus, the utility of a PPK/PD model incorporating autoinduction in 
the dose justification was demonstrated via this case study of TAS- 114.

Study Highlights
WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?
The maximum tolerated dose (MTD) of TAS- 114 was determined in a clinical trial; 
however, its dihydropyrimidine dehydrogenase (DPD) inhibition at the MTD was 
not assessed. The dose justification of its MTD in terms of DPD inhibition was 
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INTRODUCTION

5- Fluorouracil (5- FU) has been used in various cancers for 
more  than 50 years. The development of capecitabine, a 
prodrug of 5- FU, was an attempt to increase its efficacy.1 
However, high expression of the gatekeeper enzyme deox-
yuridine triphosphatase (dUTPase), which prevents 5- FU 
from misincorporating into DNA, has been reported to be 
one of the mechanisms of acquired resistance.2– 5 In addi-
tion, patients treated with capecitabine experience toxici-
ties, such as the hand– foot syndrome (HFS).6,7 Although 
HFS is not a  life- threatening toxicity,  it adversely affects 
the patient's quality of life and results in dose reduction or 
interruption of capecitabine.8,9 A retrospective analysis in-
dicated that the catabolizing pathway of 5- FU could partly 
contribute to HFS occurrence, and inhibitors of dihydro-
pyrimidine dehydrogenase (DPD), a rate- limiting enzyme 
of  5- FU  degradation,  could  diminish  the  incidence  of 
HFS.8

TAS- 114 is a dual  inhibitor of dUTPase and DPD10– 12 
(Figure S1). Although TAS- 114 does not have antitumor 
activity  per  se,  it  has  the  potential  to  widen  the  thera-
peutic  index  of  capecitabine  by  lowering  the  dosage  of 
capecitabine and HFS occurrence via DPD inhibition and 
enhancing  antitumor  efficacy  via  dUTPase  inhibition.11 
To date, dUTPase inhibition by TAS- 114 has not been di-
rectly observed in vivo as there was a lack of information 
on dUTPase activity. However, its effects on DPD activity 
were inferred from the changes in endogenous DPD sub-
strate uracil concentrations in healthy male volunteers.10 
A safety perspective  in a combination study on TAS- 114 
plus  capecitabine  established  that  the  maximum  toler-
ated dose (MTD) of TAS- 114 was 360 mg/m2, which cor-
responds to approximately 600 mg/body when calculated 

from  the  median  body  surface  area  (BSA)  value:  1.70   
m2/body.13 In contrast, the inhibitory effects of TAS- 114 on 
DPD activity were not assessed in the study. Therefore, the 
dose justification to select  its MTD as the recommended 
dose in terms of DPD inhibition is required.

In  preclinical  studies,  it  was  shown  that  cytochrome 
P450 (CYP) 3A4 is the main enzyme responsible for TAS- 
114  metabolism,  and  TAS- 114  can  induce  CYP3A.10  In 
addition, the CYP3A induction profile of TAS- 114 was ob-
served in vivo by measuring the ratio of urinary concentra-
tion of 6β- hydroxycortisol (6β- OHF) to that of cortisol (F) 
on Days 0, 1, 7, 14, and 21 at 160 mg/m2 or higher doses in 
a phase I study.12 The ratio was used as an index of CYP3A 
activity in the study.14,15 Moreover, the comparison of the 
area under the plasma concentration– time curve on Day 
1 with those on the other days of the study indicated that 
induced CYP3A activities reduced systemic exposures of 
TAS- 114.12 These results indicated the autoinduction pro-
file of TAS- 114 in vivo; however, this profile made it diffi-
cult to estimate its systemic exposures and DPD inhibition 
to justify the MTD as the recommended dose of TAS- 114.

The utility of a  semimechanistic population pharma-
cokinetic  (PPK)  model  incorporating  autoinduction  in 
the estimation of systemic exposures has been reported in 
several  drugs  with  autoinduction  profiles.16– 21  However, 
to the best of our knowledge, no prior study has attempted 
to  expand  the  model  into  the  estimation  of  pharmaco-
dynamic (PD) responses. Moreover, the utility of a PPK/
PD model  incorporating autoinduction  in clinical devel-
opment, especially in the dose justification, has not been 
reported. Therefore, in the present study, our aim was to 
demonstrate the utility of a PPK/PD model incorporating 
autoinduction in the dose justification via a case study of 
TAS- 114.

required, but its autoinduction profile made it difficult. Moreover, the utility of 
a population pharmacokinetic (PPK)/pharmacodynamic (PD) model incorporat-
ing autoinduction in the dose justification has not been assessed.
WHAT QUESTION DID THIS STUDY ADDRESS?
This study provided the dose justification of its MTD by a PPK/PD model incor-
porating autoinduction. This study also demonstrated the utility of the model in 
the dose justification via a case study of TAS- 114.
WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?
A PPK/PD model incorporating autoinduction helps adjust and justify the clini-
cal doses of drugs with autoinduction more appropriately.
HOW MIGHT THIS CHANGE DRUG DISCOVERY, DEVELOPMENT, 
AND/OR THERAPEUTICS?
TAS- 114  could  be  integrated  into  a  combination  therapy  with  capecitabine.  A 
PPK/PD model incorporating autoinduction can also help optimize clinical doses 
of other drugs with autoinduction.



606 |   ARAKI et al.

METHODS

Study design and subjects

Clinical  and  pharmacokinetic  (PK)  data  of  185  subjects 
from 4 clinical  trials, study 10057010 (clinical  trial  iden-
tifier: JapicCTI- 111561), study 10057020 (NCT01610479), 
TPU- TAS- 114- 101 (NCT02025803), and TPU- TAS- 114- 102 
(NCT02454062),  were  used  for  this  study.10,12,13,22  These 
trials were conducted in accordance with the Declaration 
of  Helsinki  and  Good  Clinical  Practice  guidelines  and 
approved  by  the  institutional  review  boards  of  the  par-
ticipating centers. All patients provided written informed 
consent.  The  subjects  who  were  enrolled  in  the  studies 
were  healthy  male  subjects  in  Study  10057010,  patients 
with histologically or cytologically confirmed solid tumors 
in whom the standard or other standard- equivalent ther-
apy  was  ineffective  or  inappropriate  in  Study  10057020, 
patients  with  histologically  or  cytologically  confirmed 
advanced  solid  tumors  treated  with  standard  anticancer 
therapy in Study TPU- TAS- 114- 101, and patients with his-
tologically  or  cytologically  confirmed  advanced  solid  tu-
mors and those who failed all standard therapies in Study 
TPU- TAS- 114- 102.

Drug administration, blood sampling, and 
bioanalysis

In Study 10057010, the subjects in the single- dose co-
hort were administered TAS- 114 once, whereas  those 
in  the  multiple- dose  cohort  received  TAS- 114  twice 
daily  for  14  consecutive  days  and  then  once  on  Day 
22.10  In  other  studies,  each  subject  was  concurrently 
administered  TAS- 114  and  S- 1  or  capecitabine  twice 
daily for 14 consecutive days followed by a 7- day rest. 
This 21- day treatment cycle was maintained until dis-
ease progression, unacceptable toxicity, or withdrawal 
of consent. Numbers of subjects, dose ranges, cotreat-
ments,  and  planned  sampling  designs  and  times  are 
summarized  in  Table  1.  Subject  demographics  are 
summarized  in  Table  2.  Plasma  TAS- 114  and  uracil 
concentrations  were  measured  by  validated  bioana-
lytical  methods  using  liquid  chromatography/mass 
spectrometry  at  PK  research  laboratories  of  Taiho 
Pharmaceutical  Co.,  Ltd.,  Tokyo,  Japan,  and  at  the 
PK and bioanalysis center of Shin Nippon Biomedical 
Laboratories,  Ltd.,  Tokyo,  Japan.  The  lower  limit  of 
quantification  was  5  ng/ml  for  TAS- 114  and  5  ng/ml 
for uracil, respectively.

T A B L E  1   Clinical trial data used in population pharmacokinetic and pharmacodynamic analyses

Study number 
(clinical trial 
identifier)

No. of 
subjects

Range of 
TAS- 114 
dosage 
(mg)

Concomitant 
treatment Dosing regimen

Planned 
sampling 
design

Planned sampling 
time

10057010 
(JapicCTI- 111561)

28 6−300 None Once for single- dose 
cohort, twice daily 
for 14 consecutive 
days, and then 
once on day 22 for 
multiple- dose cohort

Days 1, 2, and 3 
for single- 
dose cohort; 
Days 1, 3, 8, 
14, and 22 for 
multiple- dose 
cohort

Predose, 0.5, 1, 2, 4, 6, 8, 
12, 24, 48, and 72 h 
postdose for single- 
dose cohort; predose, 
0.5, 1, 2, 4, 6, 8, and 
12 h postdose for 
multiple- dose cohort

10057020 
(NCT01610479)

68 6−480 S- 1 Twice daily concurrently 
with S- 1 for 14 
consecutive days 
followed by a 7- day 
rest

Days 1, 7, 14, 
and 22

Predose, 1, 2, 4, 6, 8, and 
12 h postdose

TPU- TAS- 114- 101 
(NCT02025803)

41 14−800 Capecitabine Twice daily concurrently 
with capecitabine for 
14 consecutive days 
followed by a 7- day 
rest

Days 1 and 14 Predose, 0.5, 1, 2, 4, 6, 
and 8 h postdose

TPU- TAS- 114- 102 
(NCT02454062)

48 9−600 S- 1 Twice daily concurrently 
with S- 1 for 14 
consecutive days 
followed by a 7- day 
rest

Day 1 Predose, 1, 2, 4, 6, 8, and 
12 h postdose
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PPK model development

A  population  PPK  analysis  was  performed  using 
NONMEM 7.3.0 (Icon Development Solutions) with first- 
order  conditional  estimation  with  interaction  method. 
Perl- speaks- NONMEM (Version 4.8.1) was used in model 
development.23,24 The NONMEM output was plotted with 
Xpose4 package (Version 4.6.1) developed for R (Version 
3.6.3).25,26 The values below the lower limit of quantifica-
tion and plasma TAS- 114 concentrations collected before 
administrations  were  not  used  in  the  modeling.  For  the 
base structure model, single- compartment and multiple- 
compartment  models  were  tested  to  describe  plasma 
TAS- 114  concentration  profiles.  To  depict  the  delay  of 
absorption,  lag  time and  transit absorption models were 
tested.  The  enzyme  turnover  model  reported  by  Hassan 
et al.16 was applied to characterize the temporal changes 
in enzyme amounts  in an enzyme pool, which were ex-
pressed as follows:

where Aenz,amount is the amount of enzyme in the pool, kenz,in 
is the zero- order enzyme formation rate constant and kenz,deg 
is  the  first- order  enzyme  degradation  rate  constant,  and 
f(Cp) is the relationship between the concentrations in the 
central  compartment  and  the  enzyme  formation  rate.  At 
time zero, Aenz,amout is represented as its baseline Aenz,baseline, 
f(Cp) is zero, and kenz,in is equal to kenz,deg · Aenz,baseline. Using 
the relative amount to baseline of the enzyme (Aenz), which 
is  calculated  by  dividing  the  Aenz,amount  by  Aenz,baseline,  the 
above equation could be rewritten as follows:

As an enzyme induction can be expressed by the max-
imum  induction  effect  (Emax)  model,  we  used  the  Emax 
model as a nonlinear function for the f(Cp). However, in 
cases in which plasma TAS- 114 concentrations are much 
less  than  the  values  at  concentration  at  the  half  maxi-
mum induction (EC50),  the aforementioned Emax model 
can  be  rewritten  as  the  linear  function  using  SLOPE, 
which represents the ratio of Emax/EC50. Thus, we tested 
the following equations as f(Cp):

where  SLOPE  is  the  apparent  constant  that  represents 
the ratio of Emax/EC50.

Exponential  and  proportional  error  models  were  se-
lected  to  describe  the  interindividual  variability  (IIV) 
and  residual  variability,  respectively.  Covariate  model-
ing  was  conducted  after  the  basic  model  development. 
Subjects’  information,  such  as  sex,  BSA,  age,  aspartate 
aminotransferase  level  (AST), and blood urea nitrogen, 
was tested as covariates. Covariates were selected accord-
ing to their biological plausibility and reductions of the 
object  function  values  (OFVs)  estimated  by  NONMEM 
after  they  were  incorporated  in  the  model  following 
forward  inclusion  and  backward  exclusion  procedures. 
Forward inclusion and backward exclusion were applied 
for  the  development  of  covariate  models.  Significance 
levels  for  forward  inclusion  and  backward  exclusion 
were set at 0.01 and 0.001, respectively. Effects of contin-
uous  covariates  on  PK  parameters  were  parameterized 
by exponential and power functions, respectively, as the 
following:

where  Pi  is  the  individual  value  of  a  parameter,  tvP  is 
the  typical  value  of  a  parameter,  θCOV  is  the  fractional 
change  in  a  parameter,  COV  is  the  individual  value 
of a  covariate,  and COVmedian  is  the median value of a 
covariate.

Effects of categorical covariates were parameterized by 
a linear function as:

where Pi is the individual value of a parameter, tvP is the 
typical value of a parameter, θCOV is the fractional change 

dAenz,amount

dt
= kenz,in ⋅

[

1 + f (Cp)
]

− kenz,deg ⋅ Aenz,amount

dAenz
dt

= kenz,deg ⋅
[

1 + f (Cp)
]

− kenz,deg ⋅ Aenz

f (Cp) = SLOPE ⋅ Cp

f
(

Cp
)

=
Emax ⋅ Cp

EC50 + Cp

Pi = tvP ⋅ e�cov⋅(COV−COVmedian)

Pi = tvP ⋅

(

COV

COVmedian

)�COV

Pi = tvP ⋅

(

1 + �COV ⋅ COV
)

T A B L E  2   Demographics of subjects in data set

Subject characteristics
Median (range) 
or number

Age (years) 59 (20−81)

Body weight (kg) 62 (36−119)

Height (cm) 166 (145−193)

Body surface area (m2) 1.70 (1.25−2.35)

Sex (male/female) 106/79

Race (Japanese/Caucasian/African 
American/others)

96/77/7/5

ALT (U/L) 19.0 (6.0−151.0)

AST (U/L) 24.0 (7.0−140.0)

BUN (mg/dl) 16.0 (5.7−354.2)

Abbreviations: ALT, alanine transaminase level (normal range, 4−36 U/L); 
AST, aspartate aminotransferase level (normal range, 8−33 U/L); BUN, 
blood urea nitrogen (normal range, 12−20 mg/dl).
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in  a  parameter,  and  COV  is  the  individual  value  of  a 
covariate.

PPK/PD model development

As  DPD  converts  its  endogenous  substrate  uracil  to  di-
hydrouracil, plasma uracil concentrations after TAS- 114 
administration  were  collected  in  Study  10057010  and 
used for  the PPK/PD modeling.10 There was a  time dis-
crepancy  in  the  relationship  between  plasma  TAS- 114 
concentrations  and  observed  uracil  concentrations.  In 
addition,  the  time  to  peak  effects  was  delayed  by  dose 
increases. Thus, changes in observed plasma uracil con-
centrations  were  modeled  using  an  indirect  response 
model.27,28 For the PD model development, we assumed 
that  uracil  was  eliminated  by  an  irreversible  metabolic 
process  in the liver, and urinary excretion of uracil was 
ignored because  reported urinary excretion percentages 
of uracil were from 0.7% to 2.3% of doses.29 A sequential 
method with modal posterior Bayes estimates of the indi-
vidual PK parameters was applied to build the model.30 
The  first- order  rate constant  for  the elimination of ura-
cil (kout) was calculated using the reported half- life (T1/2) 
value  after  oral  administration  of  50  mg  uracil  and  in-
corporated in the model.29 The baseline of plasma uracil 
concentrations  was  handled  by  incorporating  IIV  into 
it.31 Exponential and proportional error models were se-
lected to describe the IIV and residual variability, respec-
tively. Covariate modeling was conducted after the basic 
model development.

Model selection

Models  were  evaluated  by  changes  in  OFV,  Akaike  in-
formation  criterion,  relative  standard  errors,  condition 
numbers that should be lower than 1000, and goodness- 
of- fit (GOF) plots that were plots of the observation versus 
population prediction (PRED) and individual predictions 
(IPRED),  conditional  weighted  residuals  (CWRES)  ver-
sus  the  treatment  duration,  CWRES  versus  PRED,  and 
absolute individual weighted residuals versus IPRED. To 
assess  the  predictability  of  TAS- 114  and  uracil  concen-
trations by the final model, a prediction- corrected visual 
predictive check (pcVPC) was conducted by 1000 simula-
tions.32 A 90% prediction interval was defined for pcVPC 
from  the  5th  and  95th  percentiles  of  simulated  depend-
ent data at each timepoint and was then compared with 
original  data.  The  robustness  of  the  final  model  was  as-
sessed  by  the  bootstrap  method  with  1000  resamplings 
from original data sets. Final estimates from original data 
sets were compared with the median and 95% lower and 

upper limits of the confidence interval calculated from the 
bootstrap.

Model- based simulation

To  estimate  the  median  of  TAS- 114  systemic  exposures 
and its DPD inhibition at various doses, we simulated the 
time course changes in the oral clearance (CL/F) and PK 
of TAS- 114 and plasma uracil concentrations using the de-
veloped model. A relative CL/F of TAS- 114 to the baseline 
value of CL/F and plasma TAS- 114 and uracil concentra-
tions were simulated for 1000 replicates at each timepoint 
after repeated TAS- 114 administrations of doses from 6 to 
800 mg/body twice daily for 14 consecutive days. The time 
course of relative CL/F over 14 days was plotted against the 
number of days after the first TAS- 114 administration. The 
median of area under the plasma concentration– time curve 
from the time 0 to the time of the last measurable plasma 
concentration (AUClast), maximum observed plasma con-
centration (Cmax), and minimum and maximum inhibitory 
percentages of TAS- 114- mediated uracil metabolism at the 
steady state (Days 14 to 14.5) were plotted against doses.

RESULTS

Data

A total of 2661 points of plasma TAS- 114 concentrations 
obtained  from  185  subjects,  and  240  points  of  plasma 
uracil concentrations obtained from 24 healthy male vol-
unteers  were  used  in  the  model  development.  Subjects 
were administered  from 6  to 800 mg/body (median, 270   
mg/body)  of  TAS- 114.  Subject  demographics  are  sum-
marized  in  Table  2.  Median  age,  BSA,  and  AST,  which 
were finally selected as covariates, were 59 years (range, 
20– 81 years), 1.70 m2 (range, 1.25– 2.35 m2), and 24 U/L 
(range, 7– 140 U/L), respectively.

PPK model

An overview of the PPK/PD model of TAS- 114 is shown 
in Figure 1, and final estimates of the PK parameters are 
shown in Table 3.

A  two- compartment  model  incorporating  an  enzyme 
turnover model with  first- order absorption with  lag  time 
was  selected  as  the  base  structure  of  the  PPK  model  of 
TAS- 114.  In  the  enzyme  turnover  model,  the  stimula-
tion  process  of  enzyme  production  was  described  by  the 
Emax  model  with  a  nonlinear  relationship  between  TAS- 
114  concentration  in  the  central  compartment  and  the 
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enzyme formation rate constant. The parameter Emax and 
EC50 in the Emax model were estimated to be 4.69 and 5870  
(ng/ml), respectively. The kenz,deg and the corresponding T1/2 
were estimated to be 0.0230 (h−1) and 30.1 (h), respectively. 
These estimates indicate that it takes approximately 6 days 
to return from the induced state by TAS- 114 to the baseline. 
The  effects  of  changes  in  relative  amounts  of  enzyme  on 
CL/F of TAS- 114 were described by a linear relationship.

Age and AST on CL/F and BSA on distribution volume 
of the central compartment (Vc/F) were selected as covari-
ates.  Ratios  of  the  PK  parameter  with  the  first- quartile 
covariate value to those with the third- quartile covariate 
value were 1.4 for age on CL/F, 1.1 for AST on CL/F, and 
0.7 for BSA on Vc/F, respectively. Thus, the influences of 
these covariates on the parameters were limited.

The final model was verified by the GOF plot in Figure S2, 
pcVPC plots stratified by sampling days in Figure 2a– d, VPC 
plots stratified by TAS- 114 dosage in Figure S3, and the 1000 
bootstrap  replicates  in Table  3. The  bootstrap  convergence 
rate was 90.8% in 1000 replicates.

PPK/PD model

An overview of the PPK/PD model of TAS- 114 is shown 
in Figure 1, and final estimates of the PD parameters are 
shown in Table 4.

An indirect response model was selected as the base 
structure to capture the time course changes in plasma 
uracil  concentrations.  The  parameter  kout  was  fixed  at 
2.67 (h−1) corresponding to 0.260 (h) as T1/2. These val-
ues  imply  that  it  takes  approximately  1.3  (h)  to  return 
from  the  inhibited  state  by  TAS- 114  to  the  baseline. 
The  concentration  at  half  maximum  inhibition  (IC50) 
and  maximum  inhibitory  effect  were  estimated  to  be 
1046  (ng/ml)  and  0.888,  respectively.  The  baseline  of 
plasma uracil concentration (Baseline) was estimated to 
be 9.27 (ng/ml). No subject information was selected as 
covariates.

The  final  model  was  verified  by  the  GOF  plot  in 
Figure  S5,  pcVPC  in  Figure  2e,  and  the  1000  bootstrap 
replicates in Table 4. The bootstrap convergence rate was 
99.6% in 1000 replicates.

Simulation

We applied  the developed model  to  simulate  the  time 
course changes in the CL/F and PK of TAS- 114 and the 
changes  in  plasma  uracil  concentrations.  Simulated 
values of the relative CL/F of TAS- 114 to the baseline 
values,  AUClast  and  Cmax  of  TAS- 114,  and  maximum 
and  minimum  inhibition  percentages  of  TAS- 114- 
mediated  uracil  metabolism  were  summarized  in 

F I G U R E  1  Schematic representation of the population pharmacokinetic and pharmacodynamic model of TAS- 114. Aenz, relative 
amount to the baseline of enzyme; CL/F, oral clearance; Cp, concentration in the central compartment; EC50; concentration at half 
maximum induction; Emax, maximum induction effect; IC50, concentration at half maximum inhibition; Imax, maximum inhibitory effect; ka, 
absorption rate constant; kenz,in, zero- order enzyme formation rate constant; kenz,deg, first- order enzyme degradation rate constant; kin, zero- 
order rate constant for production of uracil; kout, first- order rate constant for the elimination of uracil; Q/F, intercompartmental clearance; 
tlag, absorption lag time; Vc/F, distribution volume of the central compartment; Vp/F, distribution volume of the peripheral compartment
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Table  S1.  Relative  CL/Fs  of  TAS- 114  to  the  baseline 
value of CL/F were plotted against the number of days 
after  the  first  administration  in  Figure  3a.  The  rela-
tive  CL/F  increased  in  a  dose- dependent  manner  and 
a  time- dependent  manner  during  the  dosing  period. 
AUClast and Cmax were plotted against doses after a re-
curring  14- day  TAS- 114  administration  in  Figure  3b. 
Hence, AUClast and Cmax increased in a dose- dependent 
manner up to 800 mg/body despite dose- dependent in-
creases  in  CL/F.  In  contrast,  although  inhibitory  per-
centages  of  TAS- 114- mediated  uracil  metabolism  had 
high variability, the median of minimum and maximum 
inhibitory percentages of TAS- 114- mediated uracil me-
tabolism  after  the  repeated  14- day  TAS- 114  adminis-
tration cycle  reached a plateau  level at  the MTD (600   
mg/body) in Figure 3c.

DISCUSSION

In this study, we examined the utility of a PPK/PD model 
incorporating autoinduction  in  the dose  justification via a 
case study of TAS- 114. To  this end, we developed a semi- 
mechanistic TAS- 114 PPK/PD model incorporating autoin-
duction. Time- dependent changes  in PK of TAS- 114 were 
characterized by incorporating an enzyme turnover model 
into a base model. Moreover, we captured changes in plasma 
concentrations of uracil as an index of DPD activity by incor-
porating an indirect response model into a PPK model.

Dose- dependent  effects  on  exposures  of  TAS- 114 
were  evaluated  in  Study  10057020.12  Exposures  of  TAS- 
114 increased dose dependently on Day 1, and the dose- 
dependent  increases  in  exposures  diminished  on  Day  7 
and Day 14. Thus, we assumed that this time- dependent 

T A B L E  3   Parameter estimates and bootstrap results for the final population pharmacokinetic model

Parameter

Original data set 1000 Bootstrap replicates
Bootstrap/final 
estimate ratioEstimate RSE (%) Shrinkage (%) Median 95% LLCI 95% ULCI

Population mean

ka (h−1) 0.508 3.6 N/A 0.504 0.439 0.611 0.99

Vc/F (L) 17.0 7.0 N/A 17.1 12.5 22.8 1.00

Vp/F (L) 10.5 5.7 N/A 10.4 8.8 13.1 0.99

Q/F (L/h) 4.02 13.1 N/A 3.97 1.77 5.72 0.99

CL/F (L/h) 8.74 6.2 N/A 8.73 7.77 9.66 1.00

Emax 4.69 24.0 N/A 4.72 2.50 13.76 1.01

EC50 (ng/ml) 5870 28.2 N/A 5849 1949 26,147 1.00

kenz,deg (h−1) 0.0230 16.4 N/A 0.0230 0.0198 0.0266 1.00

tlag (h) 0.217 8.4 N/A 0.219 0.122 0.299 1.01

Effects of BSA on 
Vc/F

1.52 21.4 N/A 1.51 1.07 1.99 1.00

Effects of AST on 
CL/F

−0.00753 19.2 N/A −0.00741 −0.01304 −0.00185 0.98

Effects of AGE on 
CL/F

−0.983 15.6 N/A −0.988 −1.176 −0.786 1.00

IIV variability

IIV ka (CV%) 21.0 18.6 47.5 20.9 9.6 40.0 1.00

IIV Vc/F (CV%) 69.8 7.3 16.9 69.7 45.4 91.9 1.00

IIV CL/F (CV%) 65.7 5.3 2.3 64.6 55.5 74.9 0.98

Residual variability

Proportional error 
(CV%)

61.0 0.6 3.0 60.8 59.0 62.7 1.00

Note: Bootstrap convergence rate 90.8% (908 successes and 92 failures in 1000 replicates). Bootstrap/final estimate ratios were calculated by dividing median 
values obtained from the bootstrap by final estimates from the original data set.
Abbreviations: AGE, age; AST, aspartate aminotransferase; BSA, body surface area; CL/F; oral clearance; CV, coefficient of variation; EC50; concentration at 
half maximum induction; Emax; maximum induction effect, IIV, interindividual variability; 95% LLCI, lower limit of the 95% confidence interval; ka, absorption 
rate constant; kenz,deg, first- order enzyme degradation rate constant; N/A, not applicable; Q/F, intercompartmental clearance; RSE, relative standard error; tlag, 
absorption lag time; 95% ULCI, upper limit of the 95% confidence interval; Vc/F, distribution volume of the central compartment; Vp/F, distribution volume of 
the peripheral compartment.
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decreases in exposures could be explained by the autoin-
duction rather than dose- dependent effects. We modeled 
the mechanism by which TAS- 114 stimulates the synthe-
sis rate of CYP3A that metabolizes TAS- 114 via an enzyme 
turnover model to describe the time course of plasma TAS- 
114 concentrations. Modeling  the stimulation process of 
the enzyme synthesis rate was also applied to other drugs 

with autoinduction profiles, such as cyclophosphamide,16 
rifampicin,19,20 and mitotane.21 Based on the final model, 
the kenz,deg, and its corresponding T1/2 were estimated to be 
0.0230 (h−1) and 30.1 (h), respectively. The in vitro degra-
dation rate constants of hepatic CYP3A (kdeg) and its cor-
responding T1/2 ranged from 0.0138 to 0.0240 (h−1) for kdeg 
and from 29.0 to 51.4 (h) for T1/2, respectively.33– 35 In prior 

F I G U R E  2  Prediction- corrected visual predictive check plots of plasma TAS- 114 concentrations on (a) Day 1, (b) Day 7, (c) Day 14, and 
(d) Day 22, and (e) plasma uracil concentrations. Open circles represent prediction corrected observations. Black solid lines and red dashed 
lines represent the 5%, median, and 95% values of prediction- corrected observed and simulated data, respectively. Red areas represent the 
95% confidence intervals on the simulated median. Gray areas represent the 95% confidence intervals on the simulated 5% and 95% values

T A B L E  4   Parameter estimates and bootstrap results for the final population pharmacodynamic model

Parameter

Original data set 1000 Bootstrap replicates
Bootstrap/final 
estimate ratioEstimate RSE (%) Shrinkage (%) Median 95% LLCI 95% ULCI

Population mean

kout (h
−1) 2.67 Fixed N/A 2.67 Fixed Fixed N/A

IC50 (ng/ml) 1046 21.7 N/A 1057 772 1473 1.01

Imax 0.888 8.5 N/A 0.891 0.794 1.000 1.00

Baseline (ng/ml) 9.27 3.5 N/A 9.28 8.65 9.93 1.00

IIV variability

IIV baseline (CV%) 15.4 15.4 2.7 15.0 9.5 20.0 0.98

Residual variability

Proportional error 
(CV%)

39.9 1.4 4.4 39.8 36.4 42.4 1.00

Note: Bootstrap convergence rate 99.6% (996 successes and 4 failures in 1000 replicates). Bootstrap/final estimate ratios were calculated by dividing median 
values obtained from the bootstrap by final estimates from the original data set.
Abbreviations: Baseline; baseline of plasma uracil concentration; CV, coefficient of variation; IC50, concentration at half maximum inhibition; IIV, 
interindividual variability; Imax, maximum inhibitory effect; kout, first- order rate constant for the elimination of uracil; 95% LLCI, lower limit of the 95% 
confidence interval; N/A, not applicable; RSE, relative standard error; 95% ULCI, upper limit of the 95% confidence interval.
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clinical trials, T1/2 of CYP3A was ranged from 10.0 to 140 
(h).36– 38 The kenz,deg and its corresponding T1/2 estimated 
from the final model were all within the range of reported 
values. Then, we compared the simulated time course of 
relative CL/F with the observed in vivo urinary 6β- OHF/F 
ratios  to  verify  the  estimated  induction  parameters. The 
relative CL/Fs from 200 mg/body to 400 mg/body at the 
steady  state  were  simulated  to  be  approximately  1.7  to 
2.0  as  shown  in  Figure  3a. The  maximum  degrees  were 
approximately  1.7  to  2.0  for  the  urinary  6β- OHF/F  ra-
tios observed in a phase I study from Day 1 to Day 14 at 
over  160  mg/m2  (270– 400  mg/body).12  As  the  simulated 
relative CL/Fs were consistent with the observed in vivo 
urinary 6β- OHF/F ratios, the induction parameters were 
reasonably estimated. IIVs are useful for estimating indi-
vidual systemic exposures of TAS- 114. However, IIVs on 
induction parameters could not be calculated here as vital 
information was missing, such as plasma concentrations 
before reaching the steady state of induction and during 

a 1- week cessation of TAS- 114 when the induced enzyme 
returned to the baseline.

In  the  PPK/PD  modeling,  inhibitory  effects  of  TAS- 
114 on DPD activity were modeled using changes in the 
plasma concentrations of endogenous DPD substrate ura-
cil. An indirect response model was selected to capture the 
time  course  of  plasma  uracil  concentrations  because  of 
delays in PD responses to plasma TAS- 114 concentrations 
and dose- dependent delays in the peak effect time.27,28,39 
As  plasma  dihydrouracil  concentrations  after  TAS- 114 
administration were also collected in Study 10057010, we 
tested indirect response models reflecting the changes in 
plasma  dihydrouracil  concentrations  or  the  plasma  di-
hydrouracil/uracil  concentration  ratios.  The  latter  is  re-
ported  as  a  surrogate  DPD  activity  marker.40,41  We  also 
tested a precursor- dependent indirect PD response model 
using  plasma  uracil  and  dihydrouracil  concentrations.42 
Nevertheless,  none  of  the  foregoing  models  improved 
the  fit.  Especially,  a  precursor  model  should  have  more 

F I G U R E  3  Simulated relative CL/F of TAS- 114 to the baseline value of CL/F after multiple TAS- 114 administrations for (a) 14 days, (b) 
AUClast and Cmax of TAS- 114, and (c) maximum and minimum inhibition percentages of TAS- 114- mediated uracil metabolism on Day 14. 
(a) Each solid line represents the median relative CL/F of TAS- 114 to the baseline value of CL/F after multiple TAS- 114 administrations. 
From the bottom to the top of the figure, relative CL/Fs at 6, 10, 25, 50, 100, 150, 200, 300, 400, 500, 600, 700, and 800 mg/body of TAS- 114 
are plotted. (b) Closed circles and closed squares represent AUClast and Cmax, respectively, from 6 to 800 mg of TAS- 114 on Day 14. Each 
point is the median of simulations. Each error bar represents the 95% prediction interval. (c) Closed circles and closed squares represent 
minimum and maximum inhibition percentages, respectively, of TAS- 114- mediated uracil metabolism on Day 14. Each point is the median 
value of simulations. Each error bar represents the 95% prediction interval. AUClast, area under the plasma concentration– time curve from 
the time 0 to the time of the last measurable plasma concentration; CL/F, oral clearance; Cmax, maximum observed plasma concentration
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flexibility  than  other  models;  however,  it  needed  more 
data to estimate increased parameters. In this study, lim-
ited information obtained from 24 subjects made it diffi-
cult to estimate increased parameters and run the model 
stably.  It  was  recently  discovered  that  the  plasma  uracil 
concentration is more strongly correlated with DPD activ-
ity in peripheral blood mononuclear cells than the plasma 
dihydrouracil/uracil  concentration  ratio.43 Therefore,  we 
used  the  plasma  uracil  concentration  for  the  modeling. 
Plasma uracil concentrations were collected at  the same 
blood sampling time, under 10 h of fasting before admin-
istration and 4 h of fasting after administration and with 
the same meals for all patients. Therefore, the influences 
of  the circadian rhythm of DPD activity and  the  impact 
of  ingesta  containing  uracil  or  its  precursor  uridine  on 
plasma  uracil  concentrations  can  be  excluded  from  the 
model.9,41,44 The estimated IC50 was 1046 (ng/ml). The ki 
value of TAS- 114 was 966 (ng/ml); it was obtained by eval-
uating the inhibitory effects of TAS- 114 on DPD- mediated 
5- FU  metabolism  in  the  human  liver  S9  fractions.11 
Therefore, the IC50 estimated by this model was deemed 
reasonable.  Abundant  predose  samples  enabled  estima-
tion of the median and IIV of the baseline of plasma ura-
cil concentrations. The estimates were consistent with the 
reported  medians.45  However,  IIVs  of  other  parameters 
could  not  be  estimated  because  of  insufficient  informa-
tion. Therefore, more data should be collected in the sub-
sequent phases to estimate IIVs for the other parameters.

In  a  3  +  3  study  design  combining  TAS- 114  and 
capecitabine,  the  TAS- 114  MTD  was  determined  to  be 
600  mg/body  under  the  condition  of  twice  daily  for  14 
consecutive days.13 We tried to justify its MTD as the rec-
ommended dose in terms of DPD inhibition via simula-
tions at various dosages using the developed model. The 
simulated relative CL/Fs increased in a dose- dependent 
manner  and  a  time- dependent  manner  because  of  au-
toinduction.  TAS- 114  exposures  increased  in  a  dose- 
dependent  manner  up  to  800  mg/body.  However,  the 
median of minimum and maximum inhibitory percent-
ages  of  TAS- 114- mediated  uracil  metabolism  reached 
a  plateau  level  at  the  MTD  (600  mg/body). The  model- 
based simulations provided the dose justification that the 
predetermined TAS- 114 MTD (600 mg/body) sufficed to 
inhibit  DPD  activity  under  the  condition  of  twice  daily 
for 14 consecutive days. From a different point of view, 
the dose reduction of TAS- 114 could be proposed by sim-
ulated  results.  TAS- 114  was  designed  as  a  dual  inhibi-
tor of dUTPase and DPD, and TAS- 114 was expected  to 
enhance the antitumor efficacy of 5- FU via its dUTPase 
inhibition.10- 13,22,46– 48  However,  the  inhibitory  effects  of 
TAS- 114  on  dUTPase  activity  were  not  modeled  in  this 
study because the information for dUTPase activity was 
not collected in past clinical studies. Therefore, it was not 

enough  to  propose  the  dose  reduction  of  TAS- 114  only 
in  terms  of  its  DPD  inhibition.  Future  research  should 
assess  the  additional  inhibitory  effects  of  TAS- 114  on 
dUTPase  activity  by  collecting  the  surrogate  biomarker 
information  for  dUTPase  activity  in  further  clinical  tri-
als to adjust TAS- 114 dosages. Moreover, to evaluate the 
influences  of  TAS- 114- mediated  DPD  inhibition  on  ex-
posures, efficacies, and toxicities such as HFS of capecit-
abine, this model needs to be combined with the PPK/PD 
model  of  capecitabine.  To  establish  the  PPK/PD  model 
of capecitabine considering inhibitory effects of TAS- 114 
on DPD activity, the information including plasma con-
centrations of capecitabine and its metabolites, response 
evaluations  in  solid  tumors,  and  the  incidences  of  HFS 
are needed from further clinical trials. Constructing this 
combined  model  will  enable  us  to  adjust  both TAS- 114 
and  capecitabine  dosages  considering  the  influence  of 
TAS- 114  on  antitumor  efficacy  and  toxicity  of  capecit-
abine.  Furthermore,  the  correlation  between  the  DPD 
activity and the incidence of HFS by capecitabine has not 
been quantified until now. This model can also be applied 
to  quantify  it  and  will  enable  us  to  optimize  the  target 
subject number in future clinical trials.

The dose adjustment and justification are keys for suc-
cess in overall drug development. A PPK/PD model enables 
us to understand the relationship between concentrations 
and PD responses.  It also allows us  to adjust and  justify 
the  clinical  dosage  by  identifying  subjects’  information 
and  quantifying  the  magnitude  of  the  unexplained  vari-
ability that alters exposures and PD responses. Moreover, 
the  PPK/PD  model  incorporating  autoinduction  shown 
here provides us  information,  including  the  time course 
and  magnitude  of  changes  in  metabolic  enzyme  expres-
sions that influence exposures and PD responses of each 
drug with autoinduction. Therefore, it is useful to adjust 
and justify the clinical dosage more appropriately in case 
of clinical development of drugs with autoinduction.

In this study, we successfully developed a semimech-
anistic  TAS- 114  PPK/PD  model  incorporating  autoin-
duction. The model- based simulations provided the dose 
justification  of  the  TAS- 114  MTD  for  DPD  inhibition 
under the condition of twice daily for 14 consecutive days. 
Moreover, the utility of this model in the dose justification 
was demonstrated via the case study of TAS- 114. We expect 
that TAS- 114 combined with capecitabine will comprise a 
new  novel  5- FU  combination  therapy.  Furthermore,  the 
PPK/PD  model  incorporating  autoinduction  can  be  ap-
plied in the clinical development of other drugs with au-
toinduction profiles and help optimize their dosages.
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