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Chapter 4

ABSTRACT

Background: Pazopanib is approved for metastatic renal cell carcinoma (mRCC) and
soft tissue sarcoma (STS) with 800 mg once daily (QD) taken under fasted conditions.
Approximately 60% of patients require dose reductions due to toxicity, with severe
liver toxicity necessitating treatment interruptions in over 10% of cases. While a trough

concentration (C_ ) target of > 20.5 mg/L has been established for mRCC efficacy, no

min,ss

specific threshold exists for liver toxicity.

Objectives: To develop a population PK, an exposure-liver toxicity and an exposure-
tumor size dynamics model to optimize pazopanib initial dose in real-world patients.

Methods: 135 patients were included with median starting dose of 800 mg (IQR
600-800 mg) QD pazopanib fasted with a median follow-up of 120 (IQR 63-372) days.
A population pharmacokinetic model was developed using 460 PK measurements
from 135 patients. Liver toxicity model was developed with time-to-event modeling
and tumor size model was developed using baseline and post-treatment tumor size

measurements from 111 patients.

Results: The liver toxicity model, with 27 cases of Grade = 2 liver toxicity out of 135
patients (20%), identified a Cmm’Ss threshold of > 34 mg/L associated with a 3.35-fold
increased toxicity risk (p < 0.01). An initial dose of 600 mg QD significantly reduced liver
toxicity risk (p < 0.001) while maintaining C_, > 20.5 mg/L for 76% of the simulated
individuals. For tumor size dynamics model, tumor growth and decay rates differed
between mRCC and STS but showed no pazopanib exposure dependency across the
studied range, suggesting maximal tumor inhibition at current exposure levels.

Conclusion: These findings suggest that an initial pazopanib dose of 600 mg fasted,
between 20-34 mg/L,
may improve efficacy-toxicity balance and mitigate treatment interruptions.

followed by model-informed precision dosing to maintain C

min,ss

Key words: Pazopanib, pharmacokinetics, modeling and simulation, toxicity, tumor
size dynamics, renal cell carcinoma, soft tissue sarcoma
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Model-informed dose optimization of pazopanib

1. INTRODUCTION

Pazopanib is a tyrosine kinase inhibitor (TKI) against vascular endothelial growth factor
receptor (VEGFR)." In 2009, it was approved for the treatment of patients with metastatic
renal cell carcinoma (mRCC).2To date, several guidelines recommend pazopanib for use
as single agent or combined with PD-1 inhibitors in first-line treatment for mRCC.3#In
2012, it was also approved for patients with advanced soft tissue sarcoma (STS) who
received prior chemotherapy.’

A fixed 800 mg fasted daily dose is the registered dose that is recommended for all
patients, regardless of the tumor type.® It has been suggested that the efficacy of
). AC >20.5

min,ss

pazopanib is related to the steady state trough concentration (C .
mg/L was associated with improved progression-free survival (PFS, i.e. 19.6 vs. 52.0
weeks, p = 0.004) and tumor shrinkage in a retrospective analysis in 177 patients with
mRCC.” Therefore, a newly published therapeutic drug monitoring (TDM) guideline®
recommends that pazopanib dose selection should be supported by model-informed
precision dosing (MIPD), targeting plasma Cmin,ss > 20.5 mg/L.” However, there is no

information about the target C in STS patients, nor about thresholds for toxicity

min,ss

of pazopanib.

In a renal cell carcinoma patient population, the incidence of increased mean arterial
blood pressure (MAP), diarrhea, hair color change, alanine aminotransferase (ALT)
increase, stomatitis, and hand-foot syndrome increased as the plasma pazopanib
concentrations increased, with the highest incidence occurring in the fourth C_
quartile.” Among these toxicities, the most common adverse events related to
pazopanib are liver toxicities like aspartate transaminase (AST) and ALT elevations,®
which lead to dose reductions for mild elevations, and to drug discontinuation for
severe elevations. In the pazopanib drug label, liver toxicity was emphasized with a
black box warning because around 60% of the patients included in the registration
study developed liver toxicity and 12% of the patients experienced severe liver enzyme
elevations.'® A similar incidence was also observed in real-world practice where 40-60%
of the patients experienced liver toxicity when treated with pazopanib." So far, only
a correlation of Common Terminology Criteria for Adverse Events (CTCAE) grade > 3
overall toxicity, which is also phrased as severe toxicity, and pazopanib exposure was
established for mRCC patients, whichis C_ . <46-50 mg/L."*"

MIPD is a concept that employs mathematical models to design personalized dosing
strategies." The benefit of MIPD for targeted therapy has been confirmed by different
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studies™ '® while no study for pazopanib has been reported yet. Therefore, the objec-
tives of this study are to (i) Develop a POPPK model using drug concentrations obtained
during TDM in real-world practice; (i) Explore pazopanib exposure-liver toxicity relation-
ship in RCC and STS patients; (iii) Explore pazopanib exposure-tumor size relationship
for the two tumor types. Ultimately, these efforts will result in an optimized initial dose
of pazopanib resulting in optimal efficacy-safety balance.

2. METHODS

2.1. Patients and data collection

2.1.1.PK data

Pazopanib plasma concentration measurements were obtained from patients diagnosed
with mRCC or STS who received treatment at Leiden University Medical Center (LUMC)
between February 2014 and July 2022. These data were identified from the hospital
electronic patient dossier system (HiX, Chipsoft B.V. Amsterdam) and retrieved using
the Clinical Data Collector tool (CTcue; v3.1.0, CTcue B.V., Amsterdam, The Netherlands).
The bioanalytical assay used was a validated liquid chromatography-mass spectrometry
method according to EMA guidelines with a precision (Coefficient of Variation, CV%)
of 2.4% and an accuracy of 11%."” Patients needed to have at least one pazopanib PK
measurement during the treatment. Samples with time after the last pazopanib intake
(TAD) between 20-28 hour were defined as trough concentration. Patients'demographic
information, including age, sex, body mass index (BMI), weight, height, tumor type was
also collected for covariate analysis. TDM routine was performed for each individual
and the dose adjustment algorithm was depicted in Supplemental Figure S4.1.

2.1.2. Liver toxicity data

The laboratory assessment data was obtained with CTcue and consists of the relevant
liver enzymes ALT, AST and Alkaline phosphatase (ALP). These laboratory assessment
data were extracted for the included patients between their start and end day of
pazopanib use. Toxicity event was defined as CTCAE (V5.0)'® Grade > 2 ALT or AST or
ALP elevation.
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2.1.3. Tumor size data

Tumor size was defined as the sum of longest diameter (SLD) of target lesions, using
RECIST 1.1 criteria.” Individual lesions records were retrieved from computed tomog-
raphy (CT) scans in the electronic patient dossier. Patients who did not have available
baseline tumor size data were excluded.

This study was conducted in accordance with Good Clinical Practice guidelines and
the Declaration of Helsinki. The protocol was approved by the Institution Review Board
(IRB) at Scientific Committee of Clinical Oncology, Medical Ethics Review Committee
Leiden/Den Haag/Delft [Approval number: G21.200]. As data from routine care were
used, a waiver was granted for the requirement of informed consent by IRB.

2.2, Population pharmacokinetics analysis

Using pazopanib concentration versus time after dose data, a POPPK model was
developed to describe the PK profiles of the included patients. The study first explored
both one- and two-compartment models with first-order oral absorption. Given the
known dose-dependent, non-linear absorption characteristics of pazopanib tablets,
besides linear absorption, an additional published dual absorption rate (Ka) model,
accounting for dose- and time-dependent bioavailability (F1), was evaluated (Yu et
al.?%) by fixing to the published values. In addition, other potential non-linear apparent
clearance (CL/F) models were also evaluated. The influence of disease types on the
CL/F of pazopanib was also examined. All PK parameters were assumed to follow a
log-normal distribution, and inter-individual variability (IIV) was incorporated into
different PK parameters as shown in Equation 4.1:

P, =P et (4.1)

Where P represents the individual PK parameter estimates, P denotes the typical popu-
lation parameter estimate, and n,lIV represents the random IIV which was assumed to
follow a normal distribution with a mean of 0 and a variance of w? The residual error
was characterized with a proportional model, or an additive model, or a combined
proportional and additive model.

After the structural model was determined, different covariate effects on CL/F and
volume of distribution (V/F) were investigated with a stepwise covariate modeling
(SCM) algorithm, which is an in-built function of Perl-speaks-NONMEM (PsN, version
5.3.1).The evaluated covariates included tumor type, food effect, age, sex, body weight
and BMI. Since pazopanib is a substrate of CYP3A4, concomitant medication of CYP3A4
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inhibitors (gastric acid-suppressive agents?') was also evaluated. Model selection was
based on the change in objective function value (dOFV). The p-values were set as 0.05
(dOFV = 3.84 for 1 more degrees of freedom) for the forward selection and 0.01 (dOFV
> 6.64 for 1 more degree of freedom) for the backward elimination process.

Goodness-of-fit (GOF) plots were used to evaluate the fit of the studied models. GOF
plots were stratified on tumor types to investigate potential differences between
mRCC and STS patients. Bootstrap was used to evaluate model estimation uncertainty.
Simulation-based evaluation was carried out with a prediction-corrected visual predic-
tive check (pcVPC).2?

2.3. Exposure-liver toxicity analysis

A non-parametric Kaplan-Meier plot divided by tumor type was first derived to compare
the difference between mRCC and STS. Then, a time-to-first event (TTE) modeling
approach was used to explore the hazard of occurrence of CTCAE > 2 liver toxicity
between the start of the pazopanib treatment and the last available laboratory inves-
tigation records before the end of pazopanib treatment or before the follow-up time
ended (censored time was set to 365 days after the initiation of pazopanib treatment).
For parametric TTE modeling, the likelihood of the binary event data given the survival
function was calculated according to Equation 4.2 and 4.3.

S(t) — e—cumhaz (4‘2)
t

cumhaz =J- h(t) dt (4.3)
0

Where 5(t) denotes the time course of the probability of survival, cumhaz represents
the cumulative hazard between the time of follow-up start and the time t (the time
of the event or the time of censoring) and h(t) represents the hazard of an individual
subject at the time of the event.

Five basic hazard models were evaluated for the TTE model development, namely
weibull, exponential, gompertz, log-logistic and log-Normal models.?* The hazard model
that best fit our data was selected based on the change of OFV and survival-based
visual predictive check (sVPC). In addition, a hazard-based VPC (hVPC) adapted from a
previously established algorithm and R package? was created to assist the evaluation
of hazard function.
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The established pazopanib POPPK model was used to generate pazopanib exposure
over time for all included patients, including C . (the trough concentration on the
day of the toxicity event or the day of the censoring), maximum concentration C__ (the
maximum concentration on the day of the toxicity event or the day of the censoring), area
under the curve every 24 hours (AUC24h, on the day of the toxicity event or the day of
the censoring). The effect of exposure metrics Cmin’ss, C.. AUC24h (following equations
will use EXPOSUREpazo to represent the exposure metrics of pazopanib) was evaluated
with a linear and an exponential function (Equation 4.4 and 4.5), where h(t) represents
the hazard at the specific time point, h(t)0 represents the base hazard at the start of the
pazopanib treatment, EXPOSUREpazo represents the effect of the pazopanib exposure
metrics. A more than 3.84 decrease in OFV (p < 0.05) after adding EXPOSUREpazo
compared with the basic TTE model was considered to suggest a significant effect of
exposure metrics on the hazard of liver toxicity occurrence. Finally, a toxicity cut-off target
was determined by evaluating different concentrations as a threshold. For this purpose,
equation 6 was applied and 0 was estimated if the pazopanib concentration was higher
than the XX mg/L (or mg*h/L) threshold (Equation 4.6). In addition to EXPOSUREpazo,
other covariates including pazopanib dose just before the toxicity event, pazopanib
initial dose, age, body weight, sex and tumor type were also evaluated.

h(t) = h(t)y - (1 + 6 - EXPOSUREpazo) (4.4)
h(t) - h(t)o . e(9~EXPOSUREpazo) (45)
If EXPOUSREpazo > XX, h(t) = h(t), - o (0-EXPOSUREpazo) 4.6)

2.4. Exposure-tumor size dynamics analysis

Exposure-tumor size dynamics analysis using the sum of longest diameter of target
lesions (SLD, in mm) after and during pazopanib as response endpoint was performed.
The population was assumed to consist of two sub-populations at the start of treatment:
a pazopanib primary sensitive population (SLD_s) and a pazopanib primary resistant
population (SLD_r) for which a mixture model was used. The structural model devel-
opment strategy was: (1) Determine a semi-mechanistic model with apparent growth
rate (KG), apparent decay rate (KD) and acquired resistance (A); (2) Implement a mixture
model to identify patients with primary resistance; (3) Investigate the effect of exposure
(EXPOSUREpazo, same exposure metrics as in toxicity analysis) on tumor growth and (4)
Perform a covariates analysis on the established model. The mRCC and STS population
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were first modeled together, and tumor type was used as a covariate. Later, standalone
models for both diseases were also developed separately. Due to the sparse tumor size
data in the STS population, the baseline tumor size was used as input variable instead
of estimating it to improve the stability of the model.

After the mixture model for SLD_s and SLD_r subpopulations was established,
pazopanib time-varying exposure metrics derived from the PK model, including the
trough concentration of each day of treatment, C.v and AUC24, were added to the
model (step (3)). KD was assumed to depend on pazopanib exposure, and linear, expo-
nential, Emax relationship were tested separately to select the best equation.

Finally, the 1IVs of parameters were evaluated and parameters were assumed to be
log-normally distributed. The combined proportional and additive model was applied
to characterize the residual error. The model fit was evaluated by dOFV, GOF plots and
pcVPC considering the censoring of data.

2.5. Model-based simulations for treatment optimization

Based on the final pazopanib POPPK model, liver toxicity model and tumor size
dynamics model, simulations were performed to optimize the starting dose. Three
dose regimens, 800 mg QD, 600 mg QD and 400 mg QD were compared in the simula-
tions. One thousand simulations for each regimen were performed over a follow-up
period of 365 days after treatment initiation. Median pazopanib concentration and
90% prediction intervals were plotted to visualize the exposure over time. Additionally,
the median probability of developing CTCAE = 2 liver toxicity with 95% confidence
intervals were included. Median tumor size over time with 90% prediction intervals
was visualized separately for mRCC and STS populations to represent the differences
in response between the two tumor types.

Additionally, using the final POPPK model, a shiny application was created based on
the“shiny”package (version 1.9.1) and the“mapbayr” package? in R (The R Foundation
for Statistical Computing) to perform maximum a posterior Bayesian estimation for a
random patient with a random measured concentration and to provide dose adjust-
ment recommendations based on the individual parameter and simulations.

2.6. Software and estimation methods
The population PK and PK/PD modeling analyses in this study was performed with
NONMEM (version 7.4.4, ICON Development Solutions). First order conditional esti-
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mation with interaction (FOCE-I) algorithm was selected as parameter estimation
method for POPPK and tumor size modeling. First order (FO) algorithm was selected
as likelihood estimation method for toxicity analysis. Data management, data format-
ting, results visualization and basic statistical analysis were performed with R statistics
software (version 4.2.1).

3. RESULTS

3.1. Patient and data

In this model-based analysis, 132 patients were included with a histology diagnosis
of mRCC (n =93) or STS (n = 39) who received pazopanib treatment from 01/2014 to
01/2023 at LUMC. Patients who interrupted the pazopanib for more than 6 months
were treated as two different individuals, and therefore the final dataset included 135
patients of which 96 (71%) were mRCC patients. Both mRCC and STS patients were
initiated at a median dose of 800 mg (IQR 600-800 mg) QD, and used a median dose of
600 mg (IQR 400-800 mg) QD during the pazopanib treatment as depicted in Table 4.1.

For the pazopanib PK measurements, in total 460 samples were included of which 70%
were trough concentrations. The median time after dose was 24 hours with a range of
0.5-166 hours. Median observed pazopanib concentration was 28 mg/L for mRCC and
30 mg/L for STS. Median individual predicted C_, _ was 27 mg/L (IQR 22-35 mg/L) for
both tumor types generated by the POPPK model described in Table 4.2. None of the
collected concentrations was below the lower limit of quantification."” The collected
observations over time after dose is shown in Supplemental Figure S4.2.

The laboratory assessment data representing the liver function during pazopanib
treatment of all included 135 patients were available for toxicity analysis. 27 out of 135
patients (20%) experienced an CTCAE > 2 elevated ALT, AST or ALP within one year
censoring time after treatment initiation. Regarding tumor size, which was expressed
as SLD, of the studied population, 24 patients either did not have a traceable baseline
SLD or did not undergo a CT scan during pazopanib treatment and were therefore
excluded from the cohort for tumor size dynamics analysis. Baseline median SLD of
mRCC was 79 (IQR 50-129) mm and STS was 88 (64-148) mm. During the pazopanib
treatment, median SLD of mRCC patients was 53 (IQR 33-103) mm, while that of the
STS patients was 112 (IQR 61-160) mm. The baseline patient demographics, disease
characteristics, dosing information and tumor size data information of the included
patients are summarized in Table 4.1.
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Table 4.1. Baseline patient demographics, disease characteristics, dosing information and tumor size data
information from the included mRCC and STS patients in the analysis

Parameters Total mRCC STS
Patients’ characteristics
Total number of patients (N, %) 135 96 (71%) 39 (29%)
Male/female (% male of total) 85/50 (63%) 69/30 (72%) 16/23 (41%)
Age (years, median [range]) 67 [21-89] 69 [48-89] 51[21-82]
Height (cm, median [range]) 173 [147-202] 175 [147-202] 169 [149-196]
Weight (kg, median [range]) 79 [45-130] 80 [46-130] 73 [45-124]

BMI (kg/m?, median [range])
Concomitant therapy
No gastric acid-suppressive agents
With gastric acid-suppressive agents
Pazopanib dosing
Pazopanib initial dose per individual
(mg, range)
Pazopanib median dose per individual
(mg, range)

25.4[17.6-42.5]

110 (82%)
25 (18%)

800 (200-800)

600 (200-1000)

25.6[18.1-42.5]

75 (78%)
21 (22%)

800 (200-800)

600 (200-1000)

25.2[17.6-37.2]

35 (90%)
4 (10%)

800 (400-800)

600 (200-1000)

Pazopanib median treatment days (days, 120 (63-372) 176 (63-410) 93 (61-192)
IQR)
Number of individuals with dose 66/135 (49%) 50/96 (52%) 16/39 (41%)
reduction occasion (N, %)
Number of individuals with dose 51/135 (37%) 39/96 (40%) 12/39 (30%)
increase occasion (N, %)
Pharmacokinetic data
Total number of observations (N) 460 356 104
Number of trough concentrations (N) 326 (70%) 252 (70%) 74 (71%)
Number of observations per patient (N, 3(1-23) 3(1-23) 2(1-11)
median with IQR)
Median overall pazopanib concentration 29 (2-77) 28 (3-77) 30 (2-75)
(mg/L, IQR) (n = 460)
Median Trough pazopanib concentration 27 (22-35) 27 (22-34) 27 (21-39)
(mg/L, IQR) (n=324)
Median time after last dose (hr, IQR) 24 (0.5-166) 24 (0.5-166) 24 (2.5-58)
Median time after start of treatment 120 (63-372) 177 (63-410) 93 (61-193)
(days, IQR)
Liver toxicity data (N = 135)
CTCAE GRADE =1 (N) 55 36 19
CTCAE GRADE =2 (N) 11 8 3
CTCAE GRADE > 3 (N) 16 13 3
Tumor size (TS)data (N=111)
Total number of TS observations (N) 403 322 81
Median number of TS observations per 3 (2-6) 4 (2-6) 2(1-3)
patient (N, IQR)
Median baseline SLD (mm, IQR) 82 (54-134) 79 (50-129) 88 (64-148)
Median SLD during treatment (mm, IQR) 62 (36-111) 53 (33-103) 112 (61-160)
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3.2. POPPK model of pazopanib

A one-compartment POPPK model with first order elimination, linear absorption and
dose-nonlinearity on bioavailability (F1) was established with the available pazopanib
PK data. Due to the limited data in the absorption phase, Ka was fixed to the reported
value® as this model was also based on a population that from real-world practice.?s F1
was fixed to 1 and IIV of CL/F, V/F and F1 were estimated resulting in improved model
fit. Compared to constant F1, dose-nonlinearity significantly improved the model
performance, empirical Bayesian estimates (EBE) distribution and OFV. None of the
tested covariates (tumor type, age, body weight, sex) significantly influenced any of
the PK parameters. Concomitant of CYP3A4 inhibitors were also not observed to have
impact in our cohort. The parameter estimates of the final pazopanib POPPK model
are presented in Table 4.2. The relative standard errors (RSEs) were less than 20% for
all typical values and slightly higher for IIV of V/F (57%). Bootstrap results indicated a
stable estimation, as shown in the last column of Table 4.2.

Table 4.2. POPPK parameter estimates of pazopanib for the final model for mRCC and STS patients, and
results of bootstrap

Parameters Estimates (RSE) [Shrinkage] Bootstrap results (median + 95% Cl)
CL/F (L/h) 0.497 (7%) 0.490 (0.40-0.57)
V/F (L) 46.1 (19%) 44.6 (32.6-63.0)
Ka (h) 0.976 FIX?* 0.976 FIX**
F1=TVF, *(200/DOSE)™

TVF, 1FIX 1 FIX

EXP 0.42 (12%) 0.43 (0.32-0.57)
1IIV_V/F (CV%) 76.5% (16%) [51%] 72.1% (45.5-92.7%)
1IIV_F1(CV%) 34.2% (9%) [15%] 34.0% (27.9-40.0%)
Proportional error (CV%) 24% (10%) 24% (16-29%)
Additive error (mg/L) 4,71 (20%) 4.60(1.15-7.48)

CL/F, apparent clearance; V/F, volume of distribution; Ka, absorption rate constant; F1, bioavailability; IIV_
CL, inter individual variability of clearance; IIV_V, inter individual variability of volume of distribution; IIV_F1,
inter individual variability of bioavailability.

The GOF plots of the final pazopanib PK model demonstrated an adequate description
of observations by both individual predictions (IPRED) and population predictions
(PRED), as shown in Supplemental Figure S4.3.The conditional weighted residual errors
(CWRES) were randomly distributed around zero without obvious trends over popula-
tion predictions and TAD. pcVPC of 1000 simulations indicated a well description of the
model to the data as shown in Supplemental Figure S4.4 (a). Dose linearity was also
depicted in Supplemental Figure S4.4 (b).
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3.3. Exposure-liver toxicity analysis
The raw data visualization of percentage change of liver enzyme (yellow line) over

time and pazopanib predicted C over time (dashed black line) after pazopanib

treatment initiation of each indivianI are provided in Supplemental Figure S4.5. The
non-parametric Kaplan-Meier analysis of observed events of CTCAE =2 liver toxicity and
censored data with confidence interval is depicted in Figure S4.6, showing that there
is no significant difference in developing a liver toxicity event between mRCC and STS

patients while higher C

min,ss

(= 34 mg/L) significantly difference from lower C . group
(<34 mg/L). Agompertzmodel was selected as the base model with a significant lower
OFV (dOFV > 20) than the other models and described the data well.

Covariates including pazopanib dose on the day before the toxicity event, pazopanib
initial dose, different exposure metrics, age, body weight, sex and tumor type, were
tested on the base hazard model. Due to correlations between dose and exposure
metrics, only afirst round of covariate selection was performed, and the most significant
covariate was selected. C . had alargest dOFV of 8.03 and was selected as covariate.
The hazard of developing liver toxicity did not differ between mRCC and STS as depicted
in Supplemental Figure S4.5. A C . ~of > 34 mg/L was identified as the liver toxicity
threshold that resulted in a significant increase in hazard (i.e. 3.35-fold hazard increase
(p < 0.01)) compared to Cmin,ss < 34 mg/L. Details of the hazard ratio fold changes are
depicted in Supplemental Table S4.1 and Supplemental Figure S4.7, where it could be
observed that the hazard would be increased and maintained at high coefficient when
Crinss = 34 mg/L. The parameter estimates of the final toxicity model was provided in
Table 4.3.The SHAPE parameter indicated the general trend of the hazard where in our
analysis SHAPE =-0.012 per day indicated the hazard decreased from the baseline over
time. The survival-based VPC of final toxicity model, as shown in Figure 4.1, indicates a
minss > 34 Mg/L. Hazard-
based VPC, which was provided in Supplemental Figure 54.8, indicated well alignments

significantly lower CTCAE =2 liver toxicity-free survival when C

between model-predicted hazard and the true hazard.

Table 4.3. Parameter estimates of final TTE model with a Gompertz distribution

Parameters Estimates (RSE) Bootstrap results (median + 95% Cl)
LAMDA (1/Day) 0.0021 (33%) 0.0020 (0.0010, 0.0034)
SHAPE (1/Day) -0.012 (28%) -0.012 (-0.021, -0.007)
Coninss COEFFICIENT (coef) 1.21 (32%)* 1.30(0.93, 2.07)
*IfC >34 mg/L, h(t) = LAMDA * eCHAPESTIME) x g(coeh) [ Time unit = Day).

min,ss

&The fold change is e(coef) = 3.35.
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Figure 4.1. Survival-based visual predictive check Kaplan-Meier plots of the Grade > 2 liver toxicity free
probability over one year censoring time stratified by C . threshold of 34 mg/L derived from the final
liver toxicity model. The solid red lines represent the Kaplan;Meier curve of the observed data and the grey
shaded areas represent the 95% prediction interval. The vertical lines represent censored observations.

3.4. Exposure-tumor size dynamics analysis

The visualization of collected SLD data was depicted in Supplemental Figure S4.9. For
the tumor size dynamics model, the model structure was the same for both tumor types
and is shown in Figure 4.2 and Equations 4.7-4.8. The tumor size modeling results, as
depictedin Table 4.4, showed that the tumor growth model accounting for the presence
of different sub-populations that have primary resistance and/or acquired resistance
could adequately describe the collected SLD data. The introduction of a sub-population
with primary resistance by using a mixture model, improved the model fit significantly
(27% and 13% for mRCC and STS, dOFV > 3.84), as well as the distribution of ETA on
decay rate (KD) with a shift towards a more normal distribution and reduced skewness.
For tumor growth rate estimates (KG), first-order apparent growth rate (day-1) was
estimated to be 0.0005 for mRCC and 0.0086 for STS. For the KD, a linear decay rate was
estimated (0.004 day-1 for mRCC and 0.008 day-1 for STS) while neither exposure nor
dose dependency was identified as significant covariate for any of the tumor types.
Acquired resistance rate A (day-1) was described by an exponential function with time
dependency (0.008 for mRCCand 0.0003 for STS). RSE for all estimates were < 30% except
resistance rate of STS (59%). Detailed diagnostic plots of the final tumor size dynamic
model are shown in Figure 4.3 and a VPC based on 1000 simulations and considering

drop-out is presented in Supplemental Figure 54.10.
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For primary sensitive population (SLD_s):

wl

dSLD
I = = KG+SLD_s— KD se ™+ SLD_s (4.7)
For primary resistant population (SLD _r):
KD with time-dependent dSLD 7
acquired resistance rate A T — = KG *SLD_r (4.8)

Figure 4.2. Final tumor size model structure based on sum of longest diameters (SLD) for both mRCC and
STS (KG: growth rate; KD: decay rate; A: acquired resistance rate). Primary sensitive population (SLD_s) and
primary resistant population (SLD_r) were distinguished by implementing a mixture model in NONMEM.
SLD_r was assumed to have no drug-induced decay and therefore KD was fixed to 0.

Table 4.4. Parameter estimates of tumor size dynamics model

mRCC STS
Estimate Bootstrap Estimate Bootstrap

Tumor type (RSE%) (median + 95% Cl) (RSE%) (median + 95% Cl)
Growth rate KG (day-1) 0.0005 (31)  0.0005 (0.0002-0.001)  0.0086 (22)  0.0086 (0.0085-0.0087)
Decay rate KD (day-1) 0.004 (15) 0.004 (0.003-0.006) 0.008 (24)  0.0078 (0.0078-0.008)
Acquired resistant rate 0.008 (16) 0.008 (0.006-0.012) 0.0003 (59) 0.0003 (0.0002-0.0004)
A (day-1)
Subpopulation of 27% (12) 26% (8-50%) 13.4% (8) 14% (10-23%)
primary resistance (%)
Random effects CV%
[shrinkage%)]

IIV_KG 130% (18) [27] 125% (77-167%) 0 FIX /

1IV_KD 54% (20) [27] 46% (30-64%) 13% (33) [30] 12% (6.7-17.8%)
Residual error (RSE%)

Prop.err (%) 13.8% (3) 14% (11-17%) 16.6% (18) 17% (0.16-0.17)

Add.err (mm) 1.24 (33) 1.12(1-1.63) 8.1(71) 8.2(8-8.2)

3.5. Model-based simulations for dose optimization

Model-based simulations of the final models on pazopanib exposure over time,
CTCAE > 2 liver toxicity probability over time and tumor size dynamics over time after
pazopanib treatment were performed to compare different pazopanib initial dose
regimens. As depicted in Figure 4.4, the 800 mg and the 600 mg QD starting dose are
anticipated to lead to adequate efficacy, as C . remains above the target threshold
of 20.5 mg/L in 76% of the simulated individuals while the 800 mg starting dose
significantly increased the hazard of developing a liver toxicity event. For both mRCC
and STS, no additional exposure or dose dependency was observed (right panel).
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Figure 4.3. Goodness-of-fit plots of final TS dynamics model. (a) population predicted SLD versus observed

SLD; (b) Individual predicted SLD versus observed SLD; (c) population predicted SLD versus conditional
weighted residual errors; (d) Time after treatment start versus conditional weighted residual errors.
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Figure 4.4. Model-based simulations of approved 800 mg once daily starting dose (green) and reduced starting
doses (600 mg once daily (blue), 400 mg once daily (red)) with the final pazopanib POPPK model, final liver
toxicity model and final tumor size dynamics model. (a) Pazopanib exposure over time of three different dosing
regimens, where solid lines represent the median exposure filled with an 90% prediction interval. Blue dashed
lines represent the 20.5 mg/L efficacy threshold and red dashed lines represents the 34 mg/L toxicity threshold.
(b) Overall CTCAE = 2 liver toxicity probability over time after pazopanib treatment of three dosing regimens
(where solid lines represent the median survival curve filled with a 95% confidence interval). (c) SLD percentage
change from baseline over time after pazopanib treatment of three dosing regimens, where solid lines represent
the median percentage change of SLD from baseline filled with a 90% prediction interval, for mRCC and STS
patients.The grey dashed lines represent the RECIST1.1 criteria of stable disease (SLD shrinkage from -30% to 20%).
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Tumor sizes highly overlapped for both regimens, regardless of the tumor type. A shiny
application was developed in which a randomly collected pazopanib PK sample can
be the input, and it will provide the current predicted C . and the C__values for

alternative regimens as a reference (Supplemental Figure S4.11).

4. DISCUSSION

In this study, we performed a comprehensive evaluation of the pazopanib POPPK,
exposure-liver toxicity relationship and exposure-tumor size dynamics of real-world
patients with mRCC and STS treated with pazopanib. A one-compartment POPPK model
with dose-nonlinearity on F1 described the data well. In the exposure-liver toxicity
analysis, C . threshold > 34 mg/L
indicated a 3.35-fold higher hazard of CTCAE Grade > 2 liver toxicity compared to C
< 34 mg/L. Exposure-tumor size dynamic models incorporating tumor heterogeneity

was identified as significant covariate and a C

'min,ss

min,ss

were established for both tumor types, separately. No additional pazopanib dose or
exposure effect on tumor growth was observed in our cohort with TDM trough samples
generally above 20.5 mg/L which suggest that the current C
for both mRCC and STS.

target was adequate

min,ss

Thereis ample evidence suggesting that the approved 800 mg QD pazopanib fixed dose
is not the optimal initial dose. The approved dose was established using the maximum
tolerated dose (MTD) paradigm where no dose limiting toxicities were identified and
only one dose level of 800 mg QD was evaluated in the registration study.”” According
to the FDA registration file,® the FDA reviewers combined all available patients from
the clinical trials*® and divided the C . into quantiles for a survival analysis. The
survival curves of patients with different trough concentration-quartile groups over-
lapped at several points, suggesting the absence of exposure-response within the
exposure range upon the 800 mg QD dosing regimen. A logistic regression analysis
was performed with registration trial toxicity data® and found that the probability of
Grade 3+ ALT increased with increased pazopanib exposure. This reflects a limitation
of the MTD paradigm, which prioritizes a highest tolerated dose rather than a dose
optimized for long-term tolerability and efficacy. The FDA’s recent initiative, project
OPTIMUS,*® emphasized the importance to achieve an optimal dose by considering
multiple factors like nonclinical data, PK/PD, biomarker, prior knowledge, modeling &
simulation tools, rather than only evaluating the MTD in registration study. In clinical
practice, the dose reduction rate (DRR) and related outcomes are reported in several
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published studies. The DRR ranged from around 40%3' to 60%'"-32 in different studies.
A statistically significant longer PFS (median 18.2[95% Cl 14.8-21.6] versus 8.2 months
[95% Cl 6.2-10.2]) and OS (median 30.7 [95% Cl 23.6-37.9] versus 19.1 months [95%
Cl 14.7-23.4]) in patients who underwent dose reductions compared to patients who
maintained the starting dose (p < 0.0001), was reported in a retrospective study with
179 mRCC patients that almost exclusively received pazopanib as first-line treatment.®
Moreover, a food effect study?* identified that the intake of 600 mg pazopanib with
breakfast resulted in a bioequivalent exposure established with 800 mg fasted and was
preferred over a standard pazopanib dose without food due to less toxicity.

Previously, several pazopanib POPPK models have been published based on different
populations. The first pazopanib POPPK model was retrieved from the FDA registration
file,® where a one compartment model with dose-dependent KA was established (the
FDA model®). A more complex two-compartment disposition model with dual absorp-
tion, time-dependent and dose-dependent F1 was reported by Yu et al. (Yu model®)
using three clinical trials datasets.?® Later on, a one compartment model with a simple
absorption model, based on real-world data, was reported by Ozbey et al26 (the Ozbey
model®). The typical value of Ka (0.976 h-1) from the Ozbey model26 was adopted by
our study. Different absorption models, with time-dependent or dose-dependent KA
and/or F1, were tested including the complex model from the Yu model.?° A simplified
dose-nonlinearity model, which is a power function, on F1 could describe our data
better than the original complex one due to sparse information on this parameter in our
dataset. The estimated CL/F in our analysis is 0.497 L/h, which is the same as reported
in the Ozbey model?® and lower than the estimate reported by the FDA model (0.997
L/h). The V/F estimated from our study is 46 L, which is the same as the FDA model (45
L) and higher than the Ozbey model (22 L). To sum up, it seems that the broad range of
real-world patients could have lower pazopanib clearance on average (and therefore
higher concentrations) than the clinical trial population.

Dinduced liver toxicity (DILI) is a daily challenge in routine clinical practice.* Pazopanib
is known for the frequent occurrence of DILI of around 60% patients who develop
moderate liver toxicity which requires dose reduction or dose interruption.?® Further-
more, 12% of all patients will develop severe liver toxicity which requires dose interrup-
tion until remission of symptoms.*® However, there is no CTCAE = 2 liver toxicity target
was proposed so far. Previously, a threshold of C_ . < 50.3 mg/L for overall Grade > 3

toxicity was proposed.”™ Another similar threshold of C < 46 mg/L was proposed

min,ss

also for overall severe toxicity.'3” A real-world study focusing on liver toxicity tried to
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investigate the exposure difference between patients that had or did not have CTCAE
> 2 liver toxicity.>® However, pazopanib exposure was comparable in patients with or
without liver toxicity (27.7 mg/L versus 28.1 mg/L) and the calculation of C_  was

based on non-compartmental equations rather than based on a modeling approach,

which may introduce bias of achieving the“true”C__ _atthe time of the toxicity event.*®

min,ss
In addition, non-parametric logistic regression was applied in previous research where
the time-varying exposure was not taken into consideration.?® In the current analysis,
different exposure metrics were generated by a well-defined POPPK model and para-
metric TTE modeling approach, which provided an opportunity to simulate different
scenarios. A CTCAE = 2 liver toxicity specific threshold of C <34 mg/L was deter-
mined based on the evaluation of several thresholds, aiming to improve continuation

of long-term treatment.

Previously, the tumor growth behavior of RCC was investigated by several studies, at
both pre-clinical and clinical stage, where linear,** * exponential,*' quadratic** and
logistic*® models were reported using different datasets. These previously reported
growth models were tested in this study. However, the prior knowledge of tumor growth
behavior for STS was limited and only data on an individual-level was available.** In
addition, no study from real-world evidence was reported for mRCC or STS.%0 4243 |n
the pre-clinical phase,* a logistic tumor growth model with an angiogenesis process
was implemented where first order exposure effect (pazopanib area under the curve)
was added into the model even though it was unclear whether or how it impacted the
model performance. In clinical development,*? a quadratic growth term and a mixture
model was implemented to allocate patients in Group 1 or Group 2. Group 1 accounted
for 93% of the population with subsequent tumor regrowth. Group 2 accounted for
7% of the population, which showed tumor shrinkage without subsequent tumor
regrowth. Pazopanib increased the tumor shrinkage rate in a dose-dependent manner
in Group 1 patients. Pazopanib 800 mg increased the tumor shrinkage rate by 267%
(95% ClI 215-319%) compared with placebo. In contrast, the tumor shrinkage rate in
Group 2 patients was independent of treatment (pazopanib or placebo) and had high
IIV and high residual variability. Different from previously published tumor size models
for pazopanib, neither dose nor exposure effect was observed to be relevant to tumor
was 26.6 mg/L with IQR 20.6-31.1
mg/L. This indicates that the 20.5 mg/L efficacy threshold is also applicable for STS

shrinkage in our analysis, where the median C

min,ss

patients. Similar evidence could be retrieved from the FDA clinical pharmacology report
of pazopanib.® The FDA reviewers combined all available patients from the trials28 and
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dividedtheC_,  intoquantiles for survival analysis.The survival curves of patients with

different trough concentration-quartile groups overlapped at several points, indicating
the absence of exposure-response with the 800 mg QD dosing regimen.

The ultimate goal of this comprehensive model-based analysis is to employ the results
for pazopanib MIPD in routine practice. MIPD has been widely used to optimize the
dosing schedule of antibiotics to ensure drug exposure over minimal inhibitory concen-
trations (MIC)* while there is still only limited application in oncology. Previously, case
studies have proved that MIPD can improve the initial dose of imatinib* and reduce
vincristine-induced peripheral neuropathy in pediatric patients.*” Recently, Le Loudec
et al. developed “mapbayr” R package,®® which aims to perform maximum a poste-
riori Bayesian estimation in R from any POPPK model. Based on the pazopanib MIPD
shiny example developed by Le Loudec et al., we replaced the model with our POPPK
model that could be more representative for real-world population and introduced
the threshold of 20.5 mg/L < C < 34 mg/L for both cancer population. The shiny
application can generate the dose adjustment recommendation from extrapolating
randomly taken samples to trough levels. The details of our updated pazopanib MIPD
shiny application can be found at https://github.com/tanzy1995/pazopanib-MIPD.
There are commercial MIPD tools available that could incorporate PK models as the
one provided in our manuscript. However, the application of MIPD tools such as the
shiny interface provided in this manuscript in routine clinical practice faces significant
challenges. These challenges include the requirement of a lot of (legal) documenta-
tion, validation and testing is required for every change that is made to the tool even
it is used solely in an ISO15189 laboratory environment. These tools in general, while
promising forimproving individualized dosing, currently occupy a regulatory oversight
where a clear framework are formally required to label them as medical devices.* This
ambiguity complicates their widespread adoption, especially considering the potential
risk of using these tools to prescribe off-label dose, which could lead to safety concerns.*®
4 Additionally, the integration of MIPD into clinical workflows requires overcoming
operational barriers, such as the need for real-time data input, model validation, and
proper healthcare professional education.* *° Collaborative efforts among diverse
stakeholders for MIPD tools regulation (clear regulation pathway), model validation,
education and implementation are warranted.*®>°

The present study has some limitations. First, due to the rare nature of STS, only a limited
number of data could be retrieved for the tumor size data of STS patients. In addition,
no prior knowledge on the tumor growth behavior, killing effect and resistance could
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be found for STS. In that case, the KG rate, KD rate and resistance rate of STS were all
interpreted as“apparent”constant rate rather than a“real” constant rate. In our analysis,
we used baseline tumor size as regressor rather than estimating it to have stable esti-
mation. However, this study is the first that investigated the relationships between
PK, toxicity and tumor size dynamics of pazopanib not only in mRCC but also STS in
real-world setting. Secondly, due to the fact that the data in our analysis were collected
from real-world practice which included TDM, most of the included patients were well
managed according to the current pazopanib TDM guidelines®'** and therefore the
median predicted C . was 26.6 mg/L with IQR 20.6-31 mg/L, which was beyond the
established efficacy threshold. Potential bias could be introduced when the pazopanib
exposure or dose effect on tumor size dynamics was investigated with pazopanib C .
<20.5mg/L being evaluated in only 16 out of 111 patients (14%). Finally, only moderate
liver toxicity was evaluated in the toxicity analysis due to the limited number of severe
events that occurred in our cohort. Therefore, further analysis with more extensive data
is warranted to validate the current liver toxicity threshold and to explore the correla-
tion between pazopanib dose/exposure and severe (CTCAE Grade = 3) liver toxicity.
Also, other frequent toxicities like diarrhea, increased MAP, stomatitis should also be
considered in future studies.

5. CONCLUSION

The pazopanib exposure-liver toxicity model indicates thata C . > 34 mg/L signifi-
cantly increases the risk of developing CTCAE > 2 liver toxicity for mRCC and STS. In
contrast, no clear effect of exposure was observed in the exposure-tumor size dynamics
minss Of 26.6 mg/L and
IQR 20.6-31.1 mg/L. A decreased pazopanib initial dose of 600 mg QD fasted, followed
target of 20-34 mg/L with
the developed POPPK model could potentially improve the balance between efficacy

model for both tumor types within our cohort with a median C

by routine MIPD practice once 2-3 months aimingata C

min,ss

and treatment toxicity.
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SUPPLEMENTAL MATERIAL
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Figure S4.1. TDM routine practice workflow and dose adjustment algorithms.

Dose adjustments were advised as follows:

If the (estimated) trough level is too low: preferably increase the reversal dose in steps of 200 mg and repeat
the trough level 2 weeks after dose change. At doses > 800 mg, it is generally considered not useful to increase
the times dosage further. Then consider increasing the level by means of simultaneous intake with food
(breakfast) or splitting the daily dose into 2 dd 400 mg. In case of a trough level in the therapeutic window:
maintain dosage if toxicity is acceptable. In case of high trough levels: in case of toxicity, reduce dose so that
level is within therapeutic window (200/400 mg increments), repeat trough level 2 weeks after dose change.
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Figure S4.2. Raw data of measured pazopanib concentration versus time after dose. 400200/200400: 400
mg once and 200 mg once switch every day; 800600: 800 mg once and 600 mg once switch every day;
400400200: 400 mg once for 2 days followed by 200 mg once for 1 day.
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Figure S4.4. Prediction-corrected Visual Predictive Check of pazopanib final POPPK model of (a) all data;
(b) stratified by DOSE.
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Figure S4.6. Kaplan-Meier plot of the observed Grade > 2 liver toxicity free probability over one year
censoring time stratified by (a) trough concentration of 34 mg/L and (b) tumor types. The lines represent
the observations at event or right-censoring time. The vertical lines represent the censored observations.

Table S4.1. Selection of C cutoff of TTE model

'min,ss

Cutoff C_ _ (mg/L) HR [exp(coef)] (RSE%) dOFV (compare with base model)
> 20.5 (the current efficacy threshold) 1.28 (204) -0.25
> 31 3.15 (35%) -8.75
>32 2.77 (38%) -6.93
>33 2.59 (40%) -5.95
>34 3.35(32%) -9.13
>35 4.22 (27%) -12.67
>36 4.76 (25%) -14.57
> 37 4.10 (28%) -11.04
>38 4.62 (26%) -12.76
>39 5.37 (23%) -15.17
> 40 4.48 (27%) -10.81
>41 5.16 (25%) -12.51
>42 4.10 (31%) -7.95
>43 3.63 (36%) -5.99
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Figure 54.7.The liver toxicity hazard ratio fold change of different C _, _ cutoff. Dotted vertical line indicated
the C___ >34 mg/L threshold.
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Figure S4.8. Hazard-based visual prediction check of final TTE liver toxicity model. The red line represents
the observed hazard estimates derived from non-parametric hazard estimator. The shaded area represents
the 90% prediction interval of simulated hazard estimates derived from non-parametric hazard estimator.
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Figure S4.9. Raw data of collected TS dynamics data. The dashed lines represent the interval of stable
disease according to RECIST1.1 criteria that tumor size relative change from -30% to +20% when compared
with the baseline tumor size.
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Figure S4.10. Prediction-corrected visual predictive check of final TS dynamics model. Black dots indicate real
observations. Black dashed lines represent 95%, 50t and 5™ percentiles of the observations. The blue shaded
areas represent 95% confidence interval of the 95" and 5™ percentiles based on the simulations respectively,
and the red shaded area represents 95% confidence interval of the 50th percentile based on the simulations.
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Pazopanib MIPD Shiny APP
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Figure S4.11. Interface of the R shiny pazopanib dose optimization application updated from Le Louedec et
al. Dose adjustment recommendations can be generated according to the randomly collected sample. The
dose information, time after last dose information can be provided in left panel. Right panels are dataset for
Maximum a posterior Bayesian estimation and simulations, predicted concentration over time, individual
ETA distribution and alternative regimens simulated C Figure continues on next page.
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Pazopanib MIPD Shiny APP
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Figure S4.11. Continued.
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NONMEM Code: PK model; TTE model; Tumor size model

Pazopanib POPPK model control stream

SINPUT CIDTIME ADDL DV AMT Il CMT EVID Sex Age WT HT BMITT Food COMED DOSE
TAD OC1 0C2

$SUBROUTINES ADVAN2 TRANS2

$PK

IF(AMT.GT.0) THEN
TDOS=TIME

ENDIF

IF (AMT.GT.0) THEN

DOS = AMT

ENDIF
FCOV=(200/DOS)*THETA(7)
CL =THETA(1)

V =THETA(2) * EXP(ETA(1))
KA =THETA(3)

F1 =THETA(6)*EXP(ETA(2)) *FCOV
S2=V

$SERROR

IPRED =F

W = SQRT(THETA(4)**2*IPRED**2 + THETA(5)**2)
= IPRED + W*EPS(1)

IRES = DV-IPRED

IWRES = IRES/W

$THETA
(0.497); CL
(46.1);V

(0.976) FIX ; KA
(0.24) ; Prop.RE (sd)
(4.71) ; Add.RE (sd)
(1) FIX; F1
(0.42) ; FCOV

SOMEGA
0.58;1IVV
0.12;1IVF1

$SIGMA

1 FIX

$EST METHOD=1 POSTHOC INTER MAXEVAL=9999 NOABORT SIG=3 PRINT=1
$COV UNCONDITIONAL PRINT=E MATRIX=R
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Pazopanib liver toxicity TTE model control stream

SINPUT C ID TIME DV EVID Galt Gast Gaf Sex Age WT HT BMITT FOOD COMED DOSE
ICL IV IKA AUC CONC1 FDOSE FLAG trough max number AUC24 OLDTIME CUTOFF
$SUBROUTINES ADVAN=13TOL=9

$SMODEL COMP=(HAZARD)

$PK

TP=0

CL=ICL

V=IV

KA = IKA

LAM =THETA(1)*EXP(ETA(1))

SHP =THETA(2)

RF=1

IF(trough.GT.34) RF = EXP(THETA(3))

SDES
DADT(1) = LAM*RF*EXP(SHP*T)

SERROR

IF(NEWIND.NE.2) OLDCHZ=0
CHZ = A(1) - OLDCHZ
;Sim_start

OLDCHZ=0

;Sim_end

SURX = EXP(-CHZ)

HAZNOW = LAM*RF*EXP(SHP*TIME)
IF(DV.EQ.0) Y=SURX
IF(DV.EQ.1) Y=SURX*HAZNOW
IF(ICALL.EQ.4) THEN

CALL RANDOM (2,R)

DV=0

RTTE=0

IF(EVID.EQ.0) RTTE=1
IF(R.GT.SURX) THEN

DV=1

RTTE=1

ENDIF

ENDIF

STHETA

(0.0021) ; LAMDA

(-0.012) ; SHAPE

(1.21) ; Cmin COEFFICIENT
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SOMEGA

0 FIX

;Sim_start

;$SIM (1234) (2345 UNIFORM) ONLYSIM NOPREDICTION NSUB=100

SESTIM MAXEVAL=9999 METHOD=0 LIKE SIGL=9 NSIG=3 PRINT=1
SCOV PRINT=E MATRIX=R
;Sim_end
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Pazopanib tumor size dynamics model control stream for mRCC

SINPUT C ID TIME=DROP TIMEDAY=TIME DV AMT Il CMT EVID ADDL TAD FLAG Sex
Age WT HT BMI TT Food COMED DOSE BASE BASERENAL ET CL Vc Ka CONC1 AUC24
trough max RESP

$SUBROUTINE ADVAN13 TOL=4

$MODEL

COMP=(drug)

COMP=(conc)

COMP=(TS)

SMIX

P(1) =THETA(7)

P(2) = 1.0-THETA(?7)

NSPOP=2

$PK

KG =THETA(1)*EXP(ETA(1))
IF(MIXNUM.EQ.2) THEN

KD =THETA(2)

ELSE

KD =THETA(3) *EXP(ETA(2))
ENDIF

BESTSUB=MIXEST

LAMDA =THETA(6)*EXP(ETA(3))

k20 = CL/Vc
S3=1
AUC = DOSE/CL

A_0(1)=0
A_0(2)=0
A_0(3)=BASE

SDES

DADT(1) =-Ka*A(1)

DADT(2) = Ka*A(1)-k20*A(2)

DADT(3) = KG*A(3)-KD*EXP(-lamda*T)*A(3) ; yes/no drug effect

SERROR

A1=A(1)

A2=A(2)

A3=A(3)

IPRED = A3

W = SQRT(THETA(4)**2*IPRED**2 + THETA(5)**2)
Y =IPRED + W*EPS(1)
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IRES = DV-IPRED
IWRES = IRES/W

STHETA

(0.0005) ; KG

(0) FIX ;KD

(0.004) ; KD1

(0.138) ; Prop.RE (sd)
(1.24) ; Add.RE (sd)
(0.008) ; lamda
(0.73) ; PROPORTION

SOMEGA
1.69;1IlV KG
0.29;1IV KD

O FIX; IIV lamda

$SIGMA
1FIX

$SEST METHOD=1 INTER MAXEVAL=5000 NOABORT NSIG=2 SIGL=9 PRINT=5 NOTHETA-
BOUNDTEST POSTHOC ETASAMPLES=1 ISAMPLE=100 EONLY=1
$COV PRINT=E UNCONDITIONAL MATRIX=S
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Model-informed dose optimization of pazopanib

Pazopanib tumor size dynamics model control stream for STS

SINPUT C ID TIME=DROP TIMEDAY=TIME DV AMT Il CMT EVID ADDL TAD FLAG Sex
Age WT HT BMI TT Food COMED DOSE BASE BASERENAL ET CL Vc Ka CONC1 AUC24
trough max RESP

$SUBROUTINE ADVAN13 TOL=4

$MODEL

COMP=(drug)

COMP=(conc)

COMP=(TS)

SMIX

P(1) =THETA(7)
P(2) = 1.0-THETA(7)
NSPOP=2

$PK

KG = THETA(1)*EXP(ETA(1))
IF(MIXNUM.EQ.2) THEN

KD =THETA(2)

ELSE

KD =THETA(3) *EXP(ETA(2))
ENDIF

BESTSUB=MIXEST

LAMDA =THETA(6)*EXP(ETA(3))

k20 = CL/Vc
S3=1
AUC = DOSE/CL

A_0(1)=0
A_0(2=0
A_0(3)=BASE

$DES

DADT(1) = -Ka*A(1)

DADT(2) = Ka*A(1)-k20*A(2)

DADT(3) = KG*A(3)-KD*EXP(-lamda*T)*A(3)

$ERROR
AT=A(1)
A2=A(2)
A3=A(3)

IPRED = A3
W = SQRT(THETA(4)**2*IPRED**2 + THETA(5)**2)
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Chapter 4

Y =IPRED + W*EPS(1)
IRES = DV-IPRED
IWRES = IRES/W

STHETA
(0.0086) ; KG
0 FIX ;KD
(0.008) ; KD1
(0.166) ; Prop.RE (sd)
(8.1) ; Add.RE (sd)
(0.0003) ; lamda
(0.866) ; PROPORTION
SOMEGA

0 FIX;;IIV KG
0.017;llVKD

0 FIX; IV lamda

$SIGMA
1FIX

$SEST METHOD=1 INTER MAXEVAL=9999 NOABORT NSIG=2 SIGL=9 PRINT=5 NOTHETA-
BOUNDTEST POSTHOC
$COV PRINT=E UNCONDITIONAL MATRIX=S
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