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Abstract 
Madathil Krishnan, S. 2022. Pharmacometrics to improve evaluation and individualization 
of anticancer drug treatment. Digital Comprehensive Summaries of Uppsala Dissertations 
from the Faculty of Pharmacy 309. 59 pp. Uppsala: Acta Universitatis Upsaliensis. 
ISBN 978-91-513-1440-2. 

The success rate in clinical development of newer anti-cancer molecules is the lowest compared 
to other major diseases. Improving the success rate and better early evaluation of efficacy 
of anti-cancer drugs remain challenging obstacles. Population modelling and model informed 
drug discovery (MIDD) has been utilized as a fundamental component in facilitating drug 
development and for decision making in the past decade. The aim of this thesis was to develop 
pharmacometric approaches to analyze various types of data collected in oncology trials to 
facilitate drug development and explore the value of model-based dose individualization to 
improve anticancer drug use. 

The developed models for the longitudinal tumor size data illustrated that three-dimensional 
measurements can be more sensitive than current standard - unidimensional measurements -
at predicting progression free survival and overall survival. A framework for tumor lesion 
modeling was developed which allows for quantification of inter-lesion and inter-organ 
variabilities in tumor dynamics. A new mechanism–based population modelling approach for 
tumor dynamics model describing sensitive, quiescent and resistant tumor parts was able to 
characterize the variable tumor response patterns. 

A new methodology for analyzing survival data in oncology – a parametric multistate model 
– was developed that can describe the intermediate events and jointly characterize the outcome 
events including both PFS and OS. In the multistate model frame work, the predictors were 
evaluated in a prospective manner to not introduce immortal time bias. Furthermore, we applied 
the multistate model framework to assess the confounding effects of second line treatment in 
an OS analysis and illustrated that the multistate approach can delineate the impact of second 
line therapies on survival. 

Identification of responders and non-responders early after therapy initiation is crucial to 
trigger treatment modification whenever needed. Highly sensitive methods for tumor response 
quantification, that correlate with clinical outcome, are therefore required. A simulation study 
illustrated that the tumor follow-up duration can influence the accuracy in the model derived 
metrics and thereby impacting the prediction of hazard of death for individual patients. Further a 
model-based framework was developed that can be used to simulate the potential of biomarker-
based dose individualization in sunitinib treatments. Toxicity adjusted dosing and biomarker-
based dose adjustment algorithms increased median overall survival as compared to a fixed dose 
schedule and therapeutic drug monitoring-based dose adjustments, without markedly raising 
the risk of intolerable toxicities. Model-based dose individualization was suggested to provide 
a rapid, economical and safe approach to compare various dosing strategies, and guide dose 
individualization. 

In summary, the developed modelling approaches provide a better understanding of the 
relationships between drug exposure, short-term tumor response, and long-term clinical 
outcome. Such model-based approaches could be applied to improve the efficiency in clinical 
drug development, and may be used as a support for selecting dose and therapy for individual 
patients. 
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1D Uni-dimensional 

3D 3-dimensional 

BAD Biomarker adjuster dosing 

BSA Body surface area 

EBEs Empirical Bayes’ estimates 

GIST Gastro-intestinal stromal tumor 

IIV Inter individual variability 

ILV Inter-lesion variability 

IORV Inter-organ variability 

K/PD Kinetic/pharmacodynamic  

KG Tumor growth rate 

MAP Maximum á posteriori  

MBC Metastatic breast cancer  

MIDD Model informed drug discovery 

ORR Objective response rate 

OS Overall survival 

PD Pharmacodynamic 

PFS Progression free survival 

PK Pharmacokinetic 

PKPD Pharmacokinetics-pharmacodynamics 

RECIST Response Evaluation Criteria in Solid Tumours 

SLD Sum of longest diameter 

TAD Toxicity-adjusted dosing 

TDM Therapeutic drug monitoring 

TGI Tumor growth inhibition 

TSR Tumor size ratio 

TSt Tumor size time course 

TTE Time to event 

TTF Time to treatment failure 

TTG Time to tumor growth 

VEGFR Vascular endothelial growth factor receptor  
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Introduction 

Cancer is a group of diseases associated with abnormal cell growth and rapid 

cell division with the potential of spreading or metastasising to other parts of 

the body. Regardless of the recent advancements in the understanding of can-

cer, and the discovery and development of targeted anticancer drugs, cancer 

is still one of the leading causes of death globally and in 2020 alone, 10 million 

deaths were reported due to cancer.[1] The success rate in clinical drug devel-

opment of newer anticancer molecules are the lowest compared to other major 

diseases. Improving the success rate and better early evaluation of efficacy of 

anticancer drugs remain challenging obstacles.[2] 

Among the different treatment strategies, anticancer drugs (alone or in 

combination with other treatments such as radiation therapy) is one of the most 

frequently used treatment options and for some types of cancer, it is the only 

option available.[3] The therapy aims to cure cancer, or shrink large tumors to 

an operable size that can be surgically removed, or keep the tumor under con-

trol to stop progression – thereby prolonging patients´ life with a reasonable 

quality of life.  

Treatment assessment 

Overall survival (OS) is considered as the primary endpoint in measuring the 

efficacy of new anticancer agents.[4] However, change in therapy, non-cancer 

related deaths and long follow-up times lead to the search for surrogate end-

points for assessing treatment efficacy. Surrogate endpoints are usually based 

on tumor size changes during the treatment.[4, 5]  World Health Organization 

criteria were developed in the early 1980s and it was the first initiation towards 

standardizing the response assessment of anticancer drugs.[6] In the early 

2000s, the Response Evaluation Criteria in Solid Tumours (RECIST) working 

group proposed RECIST criteria as a newer and more precise method for re-

sponse evaluation. The current version of RECIST (version 1.1) is based on 

the changes in the sum of longest diameters (SLD) of up to five target lesions 

during therapy whereas the initial version (version 1.0) was based on up to ten 

target lesions. The overall tumor response is assessed at each tumor scan and 

categorized into complete response, progressive disease, partial response, and 

stable disease.[7] Information on individual lesions, and regression in tumor 

volume, is generally not considered in these assessments. Moreover, there is 
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a need to shorten the time needed to assess the response to treatment, both to 

reduce the length of clinical trials, but also due to ethical reasons to have the 

possibility to adapt the dose, or switch treatment, for an individual patient.  

Pharmacometrics 

Pharmacometrics is defined as the “science of developing and applying math-

ematical and statistical methods to characterize, understand, and predict a 

drug’s pharmacokinetic, pharmacodynamic, and biomarker–outcomes behav-

ior”.[8] Pharmacokinetic models (PK models) establish a relationship between 

drug concentration over the course of time and Pharmacokinetic-Pharmaco-

dynamic models (PKPD models) describe the drug effect in relation to the PK 

information. Developing models considering both the typical trends and the 

variability is called population modeling. Using a developed population 

model, sparse measurements from a new individual may be sufficient to esti-

mate individual parameters with adequate accuracy to forecast the outcome 

for the individual. Models can identify and quantify different levels of varia-

bility, including the inter-individual variability, inter-lesion variability, and 

inter-organ variability.[9] Population PKPD modeling  and model informed 

drug discovery (MIDD) has been utilized as a fundamental component in drug 

development and decision making in the past decade.[10] The change in tumor 

size over time can be considered as a biomarker for the treatment outcome and 

can be analysed to establish a link between the drug dose and treatment effi-

cacy.[11]  

Pharmacometric modeling of tumor response  

The individuals’ tumor responses over time are characterized by population 

parameters (fixed effects) such as tumor growth rate, drug-induced shrinkage 

rate constant, and random effects which includes residual unexplained varia-

bility (e.g. measurement error) and variability in parameter estimates between 

individuals (inter-individual variability, IIV). The tumor growth inhibition 

(TGI) model by Claret et. al., is one of the most frequently applied non-linear 

mixed effects models where the tumor response is described using four pa-

rameters (Figure 1).[12] The tumor growth is described by an exponential 

growth function with first order rate constant (kGROW) and the tumor size 

shrinkage during treatment is explained by a linear drug effect driven by of 

drug exposure and drug specific cell shrinkage rate constant (kSHR). A time-

dependant mono-exponential function (e-λt) describes a potential resistance de-

velopment or washout of the drug effect during therapy. The baseline tumor 

size (SLD0) is the fourth parameter estimated in the TGI model. However, the 

resistance parameter may not have the capacity to describe the rapid change 

to regrowth as seen in taxane therapy (docetaxel and paclitaxel) in metastatic 

breast cancer.[13] 
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Figure 1. Compartmental illustration of TGI model. kGROW: tumor growth rate con-
stant; kSHR: drug specific tumor shrinkage rate constant; λ: drug resistance parameter 
and SLD0: baseline tumor size. 

 

There are several factors like measurement errors due to patient positioning 

during the scan and irregularity in changes in lesion size during therapy that 

are not addressed by RECIST.[7, 14, 15]  Moreover, tumors are not always 

spherical in shape and the size change during drug therapy may be non-uni-

form, as it is commonly the case in Gastro-intestinal stromal tumor (GIST) 

with liver metastases.[16] 

In traditional statistical analysis, tumor volume (3 dimensional, 3D) or den-

sity measurements have been found to be better associated with OS in 

GIST[16–18], cervical cancer[19], malignant glioma[20] and in advanced 

small cell lung cancer[21] compared to uni-dimensional SLD assessments. 

Longitudinal modeling of SLDs, tumor volumes and density would allow to 

investigate the correlations between the measurements and assess their pre-

dictability of OS or PFS.  

The lesions in different metastatic sites, as well as lesions within an organ, 

might respond differently towards chemotherapy. During the tumor scans, in-

dividual lesions information is collected, however, in RECIST the lesion 

measurements are summed into SLD. This approach leads to loss of poten-

tially valuable information, for example treatment response in metastatic le-

sions in vital organs such as liver can be predictive of survival[22, 23] or pres-

ence of high inter-lesion variability in response can be indicative of early dis-

ease progression. 

The number of tumor scans per individual might depend on several factors; 

study protocol, response to drug, tolerance, and mortality are a few common 

reasons to mention. In RECIST, the efficacy of an anticancer agent is catego-

rized based on the tumor size change after a minimum of 4 weeks therapy 

(usually 6-9 weeks or end of 2 treatment cycles); thus, the number of tumor 

measurements can be as sparse as two observations (or even only baseline 
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measurement) and the interval between measurements can vary as well. Less 

informative and sparse tumor data can affect the estimation of individuals’ 

parameters and resulting in high ‘shrinkage’ - the individuals’ parameters de-

viate less from the population mean.[24] All available measurements are typ-

ically used in model development using non-linear mixed effects modeling 

and in the posthoc estimation of the tumor metrics for an individual patient. 

However, the predictors derived from sparse tumor data may result in a more 

imprecise prediction of the treatment efficacy and survival.[25]  

Pharmacometric modeling of clinical endpoints 

The treatment endpoints (event) can be modelled using time to event (TTE) 

models and can be linked to the tumor size or other biomarker changes over 

time. In oncology, the primary endpoint would typically be death (OS), but 

other endpoints such as progression free survival (PFS), time to treatment fail-

ure (TTF), time to recurrence, etc. can also be analyzed using TTE models. In 

a TTE model, the ‘hazard function h(t)’ is describing the rate at which the 

event can occur as a function of possible predictors.[11] Thus, population 

modeling can provide early (e.g. from Phase I cohorts or Phase II) identifica-

tion, understanding and quantification of dose-response relationship and may 

enable to predict long-term clinical outcomes, e.g. for a Phase III trial. The 

model derived tumor metrics captures the magnitude and length of anti-cancer 

treatment and summarize the tumor size profile. Tumor metrics are evaluated 

as a link between dose-response relationship and OS or PFS. The model pre-

dicted tumor time course (TS(t))[26] and model derived covariates such as 

tumor size ratio (TSR)[12, 27–30] at the end of the second cycle (e.g., 

TSRw6), time to tumor growth (TTG)[31–34], and tumor growth rate 

(KG)[35] have been suggested as predictors of OS in various cancer types. 

Noteworthy, longitudinal tumor time course on a continuous scale (TS(t)) 

has rarely been evaluated as a predictor of a clinical endpoint. In statistical 

literature, landmark analysis has been recommended where no information 

beyond the landmark is used to predict the future. Typically, the time-varying 

profile is ignored when the correlation between the change in tumor burden 

after a fixed treatment duration and clinical outcome is investigated, resulting 

in a loss of information.  

The standard approach that is based on a single time to event function to 

characterize OS, ignores the intermediate events prior to OS. The intermediate 

events might contain accompanying information on the disease status, and the 

hazard of death could be different depending on the status, for example a tu-

mor assessment of progressive disease might indicate an increase in the risk 

of death. Additionally, the immortal time bias originating because of the fail-

ure to adequately account for the time varying covariates in the survival anal-

ysis is a major issue. Traditionally, a single hazard function is applied to the 

survival data in the presence of competing events, for example censoring and 
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death due to non-cancer causes. Moreover, the failure to account for the time-

varying predictors in a TTE model will create immortal time bias. For exam-

ple, using “depth of tumor response” as a predictor on survival may introduce 

bias as a substantial decrease takes considerable time to achieve. Thus, only 

the individual surviving for considerable time will have a large decrease in 

tumor size. Multistate models could be a way of addressing these issues and 

describe the hazard over time correctly. 

Bayesian forecasting  

Bayesian forecasting is based on the estimation of most likely individual pa-

rameters, also known as empirical Bayes estimates (EBEs). The EBEs are ob-

tained based on the patients’ available data (for instance tumor measurement 

data), fixed parameters and random effect from a previously developed popu-

lation model and minimization of the á posteriori objective function (OBJMAP). 

𝑂𝐵𝐽𝑀𝐴𝑃 =  ∑ [
�̂�𝑗 − 𝑃𝑗

𝜔𝑗
]

2
𝑝

𝑗=1
+ ∑ [

�̂�𝑖 − 𝑆𝑖

𝜎𝑖
]

𝑚

𝑖=1

2

 

 

Where, �̂�𝑗 represents the typical population estimate, 𝑃𝑗 the predicted individ-

ual parameter and 𝜔𝑗 represents the variance of the jth population parameter. 

𝑆𝑖 symbolizes the observed tumor size measurement, �̂�𝑖 the predicted tumor 

size measurement and 𝜎𝑖 the variance of the residual error. Bayesian forecast-

ing, based on drug concentration measurements and a population PK model, 

is increasingly used in dose optimizing tools [36–39]. However, it can also be 

applied for dose adjustment based on adverse events or biomarkers where the 

variability in PD can be considered. In a simulation setup, the ‘true’ individual 

parameters are known, and applying Bayesian forecasting based on successive 

addition of simulated observations would allow to explore optimal tumor fol-

low up time needed for forecasting the parameters with adequate accuracy for 

an individual.  

Model-based dose individualization 

Dose individualization in cancer treatment have traditionally been made based 

on individuals’ body surface area (BSA), while newer therapies are often 

dosed by body weight, although fixed dosing is increasingly used. BSA or 

weight-based doses explain only a small part of the inter-patient pharmacoki-

netic variability and may actually lead to under dosing or over dosing for some 

patients[40]. Therapeutic drug monitoring (TDM) is applied for some drugs 

and hospitals, to maintain the drug concentration in blood within a desired 

therapeutic window.[41] However, the inter-individual pharmacodynamic 

variability, is often higher than the pharmacokinetic variability,[41] and dose-

adjustments based on biomarkers that are more closely linked to the tumor 
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effect or survival would be desirable. Dose adjustment based on toxicities has 

also shown to be a useful dosing strategy for certain drugs.[42] The studies by 

Poionen et al. and Cameron et al. concluded that to achieve a longer OS, dose-

escalations should be made until a reasonable and acceptable degree of tox-

icity is developed, i.e. they suggested that individualization of dose (both re-

ductions and escalations) could be made based on the degree of adverse ef-

fects.[43, 44] Mathematical modeling and simulation provide an efficient, 

low-cost method for evaluating different dosing regimens. The modeling 

framework of sunitinib in GIST, developed by Hansson et al. (2013a, 2013b), 

established the links between drug exposure, biomarkers, tumor size, and four 

different drug-induced adverse effects (AEs), as well as to survival. This type 

of model framework can be applied to compare expected efficacy and fre-

quency of AEs in different approaches for individualization of sunitinib dose, 

i.e. based on TDM (PK), biomarker or AE.  
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Aims 

The overall aim of this PhD thesis is to develop pharmacometric approaches 

to analyse various types of data collected in oncology trials to facilitate drug 

development and explore the value of model-based dose individualization to 

improve anticancer drug use. Nonlinear mixed effect modelling and simula-

tion was applied to clinical data on anticancer agents to evaluate relationships 

between response of biomarkers to treatment and outcomes.  

 

The specific aims of the projects are: 

 

 To apply a population modelling approach to characterize longitudi-

nal data on tumor unidimensional, three-dimensional and density 

measurements in imatinib-treated GIST patients, including the inter-

individual and inter-lesion variability in response, and evaluate differ-

ent tumor response metrics as predictors for overall survival and pro-

gression free survival. (Project I) 

 

 To develop population models to characterize inter-lesion, inter-organ 

and inter-individual variabilities in docetaxel–induced tumor shrink-

age in HER2-negative metastatic breast cancer patients and investi-

gate the tumor dynamics in an organ or of a lesion, and appearance of 

new lesions as predictors of the overall survival. (Project II) 

 

 To develop a tumor growth inhibition model to characterize variable 

patterns of tumor shrinkage and quiescence, followed by drug–re-

sistant tumor regrowth, and evaluate patient characteristics and longi-

tudinal tumor model metrics as predictors for overall survival in 

docetaxel/paclitaxel treated HER2-negative metastatic breast cancer 

patients. (Project III) 

 

 To develop a parametric multistate model using data from docetaxel-

treated patients with HER2-negative breast cancer, while allowing in-

vestigation of time-varying predictors without introducing immortal 

time bias. (Project IV) 
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 To explore the potential of a multistate model to predict overall sur-

vival while addressing confounding effects of second line therapies in 

non-small cell lung cancer patients treated with nab-paclitaxel and 

carboplatin with or without atezolizumab. (Project V) 

 

 To investigate how the duration of tumor follow-up influence the ac-

curacy of predicting the true tumor size metrics, and hazard of death, 

for an individual patient. (Project VI) 

 

 Apply an integrated modelling framework to explore the potential for 

individual dose-adjustments based on drug concentration, biomarker 

or adverse effects.  (Project VII) 
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Methods 

Patients and data 

Clinical trial data from several Phase III clinical trials were used for the de-

velopment of the pharmacometric models. A brief summary of the studies is 

outlined in Table 1.  

The clinical data used in Paper I, was based on non-interventional retro-

spective study that was approved by Institutional Review Board at Leuven 

University Hospital. The approval from Ethic Committee at Erasmus Univer-

sity was not mandatory, as the tumor scans were taken at diagnosis of GIST 

and during treatment. No informed consents were obtained from the patients, 

as the study being retrospective.  

Interventional clinical studies (Paper II-V) were conducted according to the 

Declaration of Helsinki, the Good Clinical Practice guidelines of the Interna-

tional Conference on Harmonization, and the laws and regulations of the coun-

tries involved. The protocol was approved by local ethics committees and 

written informed consent was obtained from all patients before the screening. 

No ethical approval was needed for Paper VI and Paper VII since the anal-

yses were simulation studies. 

Modeling of longitudinal tumor data 

Tumor growth inhibition (TGI) model 

The changes in the tumor size during anticancer therapy is the net effect of 

tumor growth, natural cell death and drug induced decay. A tumor growth in-

hibition (TGI, Figure 1) model[12] (Paper I, II, IV), where the tumor growth 

(kGROW) was evaluated using various growth models such as exponential, 

Gompertz, log-logistic or zero order tumor growth functions. The drug-in-

duced tumor shrinkage was described as a function of exposure (e.g. daily 

drug dose) and a drug specific tumor shrinkage rate constant (kSHR) and a de-

crease in drug effect over time was investigated to describe potential develop-

ment of drug resistance (λ).  

Tumor density model 

Indirect response model where the daily dose of imatinib inhibits the input or 

stimulates the output of density response were used to describe the tumor den-

sity data. Linear and nonlinear (power, maximum effect) drug effect functions 
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driven by imatinib daily dose were tested. A potential delay in affecting den-

sity changes was evaluated through the addition of an effect compartment.  

 

Tumor-resistant-sensitive model  

The tumor growth inhibition (TGI) model[12] was initially used in describing 

the tumor response data following the taxane therapy, however the TGI model 

failed to describe certain patterns, for example instances of tumor regrowth 

followed by periods of tumor quiescence. Hence a new mechanism–based 

population modeling approach for tumor dynamics was developed to describe 

the tumor profiles in docetaxel/paclitaxel treated HER2-negative metastatic 

breast cancer patients (Paper III). A schematic of the tumor quiescence and 

resistance model structure is given in Figure 2. 

 

 

Figure 2. The schematic presentation of tumor quiescence and resistance model. At 
baseline fraction (fN) of estimated baseline tumor size (IBASE) was sensitive to treat-
ment and other fraction was not affected by treatment. The sensitive fraction grows 
with a first order rate constant kGROW,Sens and the shrinkage in tumor size was described 
by the arm specific shrinkage rate constant kSHR. The resistant fraction transit through 
3 transit compartments (R1, R2 and R3 and at a rate of kDelay) and proliferate at first 
order rate constant kGROW,Resist. 
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Table 1. Overview of study designs and data 

Paper Study design and indica-

tion 

Patients  Treatment Dosing schedule Measurements 

I 
Retrospective noninter-

ventional study; GIST 

77  Imatinib Starting dose: 400 or 800mg q.d. 

Dose adjustments based on the safety and 

efficacy 

MTD, Vactual, Vellipsoid, density 

PFS  

OS 

II 

Open-label, random-

ized, Phase III trial; 

HER2-negative 

metastatic breast cancer 

183 Docetaxel 100 mg/m2 q3w (maximum 9 cycles) Tumor SLD, individual lesion diame-

ter 

OS 

III 

Open-label, random-

ized, Phase III trial; 

HER2-negative 

metastatic breast cancer 

185 Docetaxel 100 mg/m2 q3w (maximum 9 cycles) Tumor SLD 

OS 

219 Paclitaxel 90 mg/m2 on days 1, 8, and 15 q4w Tumor SLD 

OS 

IV 

Open-label, random-

ized, Phase III trial; 

HER2-negative meta-

static breast cancer 

183 Docetaxel 100 mg/m2 q3w (maximum 9 cycles) Tumor SLD 

OS 

V 

Open-label, random-

ized, Phase III trial; 

Non-small cell lung 

cancer 

334 Atezolizumab + nab-

paclitaxel + carboplatin 

Atezolizumab (1200 mg iv)  

Nab-paclitaxel 100 mg/m2 iv on days 

1,8,15  

Carboplatin infusion (AUC of 6 

mg/mL/min) on days 1, 8 

Tumor SLD 

OS 

334 Nab-paclitaxel + car-

boplatin 

Tumor SLD 

OS 

VI 
Simulated; colorectal 

cancer 

1000  Bevacizumab + chemother-

apy 

Bevacizumab 5mg/kg q2w Tumor SLD 

OS 

VII 
Simulated; imatinib re-

sistant malignant GIST 

1000 Sunitinib 50mg daily 4/2 schedule 

37.5mg continuous daily dose 

sVEGFR-3 

Fatigue, HFS, neutropenia, dBP 

Tumor SLD, OS 

SLD: sum of longest diameters; dBP: diastolic blood pressure; OS: overall survival; GIST: gastrointestinal stromal tumor; q.d.: once daily; sVEGFR-3, soluble VEGF receptor 3; 

MTD: maximum transaxial diameter; Vactual: actual volume; Vellipsoid: ellipsoidal volume; PFS: progression-free survival; HFS: hand-foot syndrome; HER2: human epidermal growth 

factor receptor 2; q2w: every 2 weeks; q3w: every 3 weeks; q4w: every 4 weeks; AUC, area under the curve; iv, intravenous.
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The tumor quiescence and resistance model consisted of six compartments 

mimicking tumor shrinkage, quiescence-resistance and regrowth. The ob-

served tumor shrinkage was explained by a drug effect on the sensitive frac-

tion of the tumor and the proliferation of the resistant fraction at baseline de-

scribed the tumor regrowth. The drug resistant tumor compartments consisted 

of initially quiescent tumor cells, 3 transit compartments (R1, R2, and R3), 

and a proliferative drug resistant tumor compartment (Figure 2).  The SLD is 

represented as the sum of all 6 compartments. At time = 0, the tumor sensitive 

fraction of SLD was determined by (1 −  𝑓𝑁) •  IBASE, where IBASE equals 

the estimated tumor baseline and 𝑓𝑁 is a model parameter describing the frac-

tion of IBASE which is resistant to the treatment.  The quiescent fraction of 

the SLD was determined by 𝑓𝑁 •  IBASE. The drug sensitive (kGROW,Sens) and 

the drug resistant (kGROW,Resist)  fraction growths were evaluated to be the same 

or different. The tumor shrinkage on the sensitive fraction was described by a 

first-order arm-specific cell shrinkage rate constant (kSHR).  Since the concen-

tration profiles were not available for either of the taxanes, a K-PD modeling 

approach[45] was used for describing the kinetics of the drug. 

 

Models for New lesion appearance and dropout from tumor size follow-up  

Patient dropout was defined as the stopping of docetaxel treatment due to dis-

ease progression or “other” event, or at the scheduled end of the trial. The 

probability of a new lesion or dropout from tumor size measurements can be 

high for those individuals who have a poor treatment response and/or develop 

resistance to docetaxel. In simulations, to account for the dropping out from 

tumor measurement follow-up, a logistic regression model was used (Equa-

tion. 1). The probability of identifying new lesion(s) at scheduled measure-

ment time points was described using a logistic regression model. A sequential 

approach similar to PPP&D[46] (Population PK Parameters and Data) was 

used in tumor size- lesion-new lesion appearance-dropout modeling.  

 

𝑃 =
e𝐷𝑅

1 +  e𝐷𝑅
                                                                                    (1) 

 

where, 𝐷𝑅 =  𝜃𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 + 𝛽1 ∙ 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟(1) + ⋯ + 𝛽𝑛 ∙ 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟(𝑛); ϴ, esti-
mated intercept parameter; 𝛽𝑛, estimated coefficient related to the 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟(𝑛) 
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Progression free survival and overall survival  

Time to event models 

TTE models were used for describing the PFS and OS events (Paper I-III, VI-

VII) and a general form of the hazard function is given in Equation 2. 

 

ℎ(𝑡) =  ℎ0(𝑡) ∙ 𝑒𝛽1∙X1+ 𝛽2∙X2+⋯+𝛽𝑛∙Xn                                     (2) 

 

where, ℎ0(𝑡) is the baseline hazard function; X1…Xn were the covariates in 

the final model and 𝛽1 … 𝛽𝑛were the estimated coefficients related to the cor-

responding covariates. The baseline hazard function was determined by eval-

uating different functions such as exponential, Weibull, Gompertz, and log-

normal, and best model was determined by likelihood ratio test. The predictors 

of PFS and OS events were consisted of baseline characteristics and tumor 

model derived metrics. 

Table 2. Summary of investigated predictors for PFS and OS 
Metric Description Notes Paper 

Tumor 

baseline*  

(SLD0) 

Baseline SLD (mm) Baseline observation linked to Survival in 

many studies; low baseline indicates a long 

survival 

I, II, 

III 

Metastasis Number of organs with meta-

static tumors 

More organs having cancer at baseline indi-

cates a severe disease status 

II 

Liver lesion ≥3 liver lesions (y/n) More lesions in liver at baseline may associate 

with a poor disease status 

II 

kDelay Model-predicted parameter High KDelay associated with a long survival III 

TSR Model-predicted Tumor Size 

Ratio (TSR) at Week 6, 8, or 12 

Low TSR patients survive long I, II, 

III 

TTG Model-predicted Time to Tumor 

Regrowth (TTG) 

Long TTG patients survive long I, II, 

III 

TS*(t) Model-predicted tumor size time 

course 

An increase in tumor size indicates disease 

progression/poor prognosis 

I, II, 

III 

Log TSt Log of Model-predicted Tumor 

Time Course 

Log transformation makes stable NONMEM 

runs and handle non-linear relationship be-

tween TS and endpoint 

I, II, 

III 

Relative TSt Model-predicted Relative Tu-

mor Time Course scaled to 

baseline 

Does not account for baseline tumor burden 

but the time course of TS  

I, II, 

III 

1st Deriva-

tive TSt 

Model predicted derivative of 

SLDt 

Higher the instantaneous change in tumor size 

indicates poor prognosis 

III 

New lesion Appearance of new lesion (y/n)  Appearance of new lesion is associated with a 

high hazard of death 

II 

* Different tumor size metrics are LD-lesion diameter (Paper II), SLD-unidimensional 
(Paper I-III), or Vactual /Vellipsoid – three dimensional (Paper I) 
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Multistate model for survival analysis 

Multistate models could be a way of addressing the immortal time bias origi-

nating from failure to adequately account for time-dependent covariates in the 

traditional TTE models for OS. Moreover, multistate models can handle haz-

ard over time in presence of competing events (e.g. death due to non-cancer 

causes) and can leverage the information collected on the intermediate events 

prior OS time. A multistate model[47] (Paper IV and V), where the transition 

rates (𝜆𝑖𝑗) between each state were estimated, was developed to describe the 

observed events (Figure 3, Equations 3-7). The transition intensity (𝜆) was 

evaluated with different hazard distributions (Exponential and Weibull) and 

selected based on the likelihood ratio test. 

Depending on the patient-level tumor response and OS event data, subjects 

had the possibility to transfer between 5 different states (Figure 3). The states 

considered were stable disease (S1, time=0 state), tumor response (S2, >= 

30% decrease in SLD from baseline), progressive disease (S3, >=20% in-

crease in SLD from tumor nadir or appearance of new lesions or progression 

of non-target lesions), initiated second-line treatment (S4) and death (S5). 

 

 

 

 

Figure 3. Overview of different intermediate events as per RECIST response status  
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𝑆10 = 1 
𝜕𝑆1

𝜕𝑡
=  − 𝑆1 ∙  (𝜆12 + 𝜆13 + 𝜆15)

   3 

       𝑆20 = 0                    
𝜕𝑆2

𝜕𝑡
=  𝑆1 ∙  𝜆12 − 𝑆2 ∙  𝜆23 − 𝑆2 ∙  𝜆25

   4 

𝑆30 = 0                                       
𝜕𝑆3

𝜕𝑡
=  𝑆1 ∙  𝜆13 +  𝑆2 ∙  𝜆23 − 𝑆3 ∙  𝜆34 −  𝑆3 ∙  𝜆35 

  5 

          𝑆40 = 0
𝜕𝑆4

𝜕𝑡
=  𝑆3 ∙  𝜆34 − 𝑆4 ∙  𝜆45

      6 

   𝑆50 = 0                                               
𝜕𝑆5

𝜕𝑡
=     𝑆1 ∙ 𝜆15 +   𝑆2 ∙ 𝜆25 +   𝑆3 ∙ 𝜆35 +   𝑆4 ∙ 𝜆45

  7 

where Si-j, different states; 𝜆𝑖𝑗 transition intensities between state i (Si) and state j (Sj) 
and Si-j0, the initial conditions for the state. 

 

At baseline, all individuals were assigned in the stable disease state and during 

the study and follow-up period after progression they could transfer to other 

states as shown in Figure 1. In contrast to RECIST response evaluation, in 

multistate model if a tumor response (>= 30% decrease in SLD from baseline, 

stable → response) was observed, then the subject cannot move back to stable 

state (response → stable) even if it is later observed that the %decrease in SLD 

from baseline is less than 30%, or the %increase in SLD from baseline is 

<20%. A mixture model with 2 subpopulations was evaluated on 𝜆34, where 

the first population received second-line treatment after disease progression 

and the second population did not receive second-line therapy (i.e. 𝜆34 = 0). 

Introduction of second-line treatment after progression is a potential con-

founding factor in the survival analysis as the benefit of the single treatment 

regimen cannot be defined separately. In a multistate model, the hazard of 

death from second-line (𝜆45) and from progression (𝜆35) can be allowed to 

be different. To investigate the influence of the second-line treatment on OS, 

1000 datasets were simulated using the final multistate model in R (using mrg-

solve package)[48]. In the simulations, the transition hazard of second-line to 

death was set to be the same as the estimated hazard of progression to death 

(𝜆45 =𝜆35), as if they have not received the second-line treatment. The simu-

lated OS events were analyzed in R by using the Survival package and the 

hazard ratio considering treatment arm as a covariate was computed. 
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Accuracy of tumor-based predictors  

In Paper VI, the tumor size for 1,000 subjects were simulated using a simpli-

fied TGI model for bevacizumab plus chemotherapy in colorectal cancer [12], 

at baseline, and at 6, 12, 18, 24, 36, 48, 60, 72, 84 and 96 weeks after treatment 

initiation. Two different tumor follow-up conditions were considered, (i) with 

dropout from tumor measurements forced after the first measurement with ≥ 

20% increase from the tumor nadir, mimicking RECIST criteria for progres-

sion in SLD (20), and, (ii) without dropout where none of the patients were 

allowed to drop out during the 96-week study period. In addition, the ad-

vantage of a pre-treatment scan (4 weeks before start of treatment) was ex-

plored in scenario (i) for kGROW. The ‘true’ value of the metrics TSR at week 

6 (TSRw6), TTG and kGROW were derived from the simulated individual pro-

files. The ‘true’ metrics for a typical individual were 0.739, 24.8 weeks-1 and 

0.00583 weeks-1 for TSRw6, TTG and kG, respectively. The individuals’ sur-

vival data was simulated using a Weibull distribution characterizing the in-

crease in hazard over time and a relationship to one of the three tumor metrics. 

The accuracy of model derived tumor metrics were evaluated using the Bayes-

ian forecasting utility, prospective evaluation tool (proseval) in PsN.[49] 

The proseval function estimates individual parameters based on the origi-

nal model without re-estimation of parameters (MAXEVAL=0 in NONMEM) 

using a successive increase in the number of (simulated) tumor size observa-

tions. The proseval derived tumor metric were compared the ‘true’ tumor 

metric for each simulated individual. The accuracy of tumor size metrics was 

defined as percentage deviation from the ‘true’ value. The acceptable accuracy 

for a patient was set to 80-125% of the ‘true’ value (Equation 8). 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
′𝑡𝑟𝑢𝑒′𝑣𝑎𝑙𝑢𝑒

𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑣𝑎𝑙𝑢𝑒   
 ∙ 100                                            8 

Model based dose individualization 

A previously developed pharmacodynamic framework describing the rela-

tions between sunitinib exposure, adverse events (AE), sVEGFR-3 and 

OS[50] was used along with a population PK model for sunitinib[51] for de-

veloping longitudinal simulated data that was used in the analysis in Paper 

VII.  

The fixed dosing schedule (4/2, 2/1 and CDD) with the best OS was se-

lected as a base scenario for the dose individualization strategies. Following 

the proposed TDM schedule by Lankheet et al. [52], plasma Css,min of 

sunitinib and SU1266 were in the simulations assumed to be measured ac-

cording to an empirical sampling scheme at day 15, 29 and 57. The daily dose 

was increased by 12.5 mg in case total plasma concentration was <37.5 ng/ml 

and if no unacceptable toxicities were present. The daily dose was decreased 
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by 12.5 mg in case the concentration exceeded 75 ng/ml. Similarly, dose ad-

justments based on AEs (TAD) and biomarker (BAD) were performed accord-

ing to the same measurement schedule as TDM and threshold values for ad-

justments were identified based on a sensitivity analysis. Individual dose ad-

justments were based on a pool of available doses (0, 12.5, 25, 37.5, 50, 62.5 

and 75 mg). The dosing scenarios and corresponding AEs, and OS were ex-

plored using 1000 virtual patients. The simulated TAD and BAD data were 

then compared to fixed dosing schedule and TDM results both in terms of OS 

and proportion of adverse events in each strategy. 

Model development and evaluation 

Software 

Population models were developed using the nonlinear mixed-effect modeling 

software NONMEM (version 7.3 or later).[53] Model development was as-

sisted by Pirana (version 2.9.9) for run management, the Perl-speaks-NON-

MEM (PsN) toolkit for handling NONMEM run commands, R (version 3.6), 

and Xpose (version 4.1) for model diagnostics and graphical analysis[49].  

Model discrimination  

Model performance was evaluated based on the objective function value 

(OFV) of nested models as well as based on graphical diagnostics. A decrease 

in OFV of 6.63 or more upon addition of one extra parameter (1 df) considered 

as significant in tumor dynamics models, which is corresponding P < 0.01 and 

in TTE models, a drop of 3.84 or more was considered as significant, equiva-

lent to P < 0.05. Relative standard errors (RSE) of parameter estimates were 

obtained from the NONMEM Sandwich matrix or Sampling Importance 

Resampling (SIR in PsN) for continuous data and from the R matrix for OS 

and TTF models. The predictive performance of the model was evaluated by 

visual predictive checks (VPCs), where the simulated data is compared graph-

ically with the observed data. The 10th and 90th percentiles of the observed 

data were compared with the 95% confidence intervals of the corresponding 

percentiles based on 100 simulated datasets from the developed model. The 

VPCs of TTE models were performed using Kaplan-Meier plot of observed 

data and 90% confidence intervals based on 200 simulated datasets. 

An exponential or additive IIV was investigated as appropriate. In Paper I-

II, the inter-lesion variability was explored by implementing an additive term 

𝜅𝑖𝑎𝑗to the IIV term 𝜂𝑖as shown below 
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  𝜃𝑖,𝑎,1 =  𝜃𝑎 ∙ 𝑒𝑥𝑝(𝜂𝑖 + 𝜅𝑖𝑎1)  for lesion 1 in organ a

𝜃𝑖,𝑎,2 =  𝜃𝑎 ∙ 𝑒𝑥𝑝(𝜂𝑖 + 𝜅𝑖𝑎2) for lesion 2 in organ a

𝜃𝑖,𝑎,3 =  𝜃𝑎 ∙ 𝑒𝑥𝑝(𝜂𝑖 + 𝜅𝑖𝑎3) for lesion 3 in organ a

𝜃𝑖,𝑎,4 =  𝜃𝑎 ∙ 𝑒𝑥𝑝(𝜂𝑖 + 𝜅𝑖𝑎4) for lesion 4 in organ a

𝜃𝑖,𝑎,5 =  𝜃𝑎 ∙ 𝑒𝑥𝑝(𝜂𝑖 + 𝜅𝑖𝑎5) for lesion 5 in organ a

               9  

Where, 𝜃𝑎 is the typical parameter value for organ a,  𝜂𝑖 is the random inter-individual 
variability that is common to all organs and lesions within individual i, and 𝜅𝑖𝑎𝑗 is the 
random inter-lesion variability specific to the lesion, organ and individual.  

 

Log-transformed data used in the model building. The residual unexplained 

variability was evaluated using proportional (additive in log domain) model 

for all continuous data.   
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Results and Discussion 

Modeling of longitudinal tumor data  

Unidimensional, three-dimensional and density measurements  

A TGI model with a logistic growth function and a carrying capacity parame-

ter Smax best characterized MTD, Vactual and Vellipsoid data in imatinib-treated 

GIST patients. The expression for the TGI model with logistic growth func-

tion and carrying capacity is given below 

𝑑𝑆

𝑑𝑡
= 𝐾𝐺 ⋅ 𝑆(𝑡) ⋅ (1 −

𝑆(𝑡)

𝑆𝑚𝑎𝑥
) − 𝐾𝑑𝑟𝑢𝑔,𝑆 ⋅

𝐷𝑂𝑆𝐸

400
⋅ 𝑒−𝜆⋅𝑡 ⋅ 𝑆(𝑡)               10 

The baseline tumor size for both uni- and three-dimensional measurements 

was associated with a bimodal distribution which was hence modelled using 

a mixture model with two sub-populations. Sub-population 1 (Ppop1 of 0.348) 

had a larger (>3 times) tumor size compared to sub-population 2. The assign-

ment to sub-population was not related to any of the available demographic 

characters (age, gender, clinical center). The baseline tumor size was associ-

ated with a substantial inter-lesion variability in addition to significant IIV. 

The calculated doubling time based on the kGROW of the MTD was 7.4 years 

while the doubling time based on three-dimensional measurements was 1.5 

years. Additionally, the estimated slope of drug effect (kSHR) was 4-5 times 

lower for MTD than Vactual and Vellipsoid; three-dimensional may therefore be 

more sensitive than unidimensional measurements to predict imatinib induced 

tumor reposes.   

Tumor density: An indirect drug response model where imatinib stimulates 

the output of response with a linear slope kdrug,D driven by imatinib daily dose 

best characterized tumor density time course. A significant ILV was associ-

ated with baseline density and kdrug,D, the magnitude of IIV for kdrug,D was 

higher than ILV (120 vs 53%CV). 

VPCs indicated appropriate predictive performance of the final tumor size 

and density models (Figure 4). Table 3 and Table 4 present the tumor model 

parameter estimates and their uncertainty. Parameter uncertainty was within 

acceptable range (≤47% RSE), except for Smax,lesion 1 in the Vellipsoid model (56% 

RSE), for which 95% CI from log-likelihood profiling was 685-3,260 mL.   
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Figure 4. Visual predictive checks of the joint tumor model for actual volume (Vac-
tual), ellipsoidal volume (Vellipsoid), maximum transaxial diameter (MTD), and den-
sity models. Median (solid line), 10th and 90th percentiles (dashed lines) of the ob-
served data are compared to the 95% confidence intervals (shaded areas) for the me-
dian (blue), 10th and 90th percentiles (grey) of the simulated data, based on 1000 
simulations. 
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Table 3. Parameter estimates and their uncertainty in the final tumor models for MTD, Vactual and Vellipsoid   

Parameter (unit) MTD Vactual Vellipsoid 

Typical value 

(RSE%) 

IIV, 

CV% 

(RSE%) 

Typical value 

(RSE%) 

IIV, 

CV% 

(RSE%) 

Typical value 

(RSE%) 

IIV, CV% 

(RSE%) 

S0, pop 1 (mm 

or mL)d 

Lesion 1 76.6 (12) 47 (11) a 161 (34) 140 (12) a 187 (35) 140 (12) a 

Lesion 2 41.9 (15) 47 (11) a 29.7 (46) 140 (12) a 33.4 (46) 140 (12) a 

S0, pop 2 (mm 

or mL) d 

Lesion 1 20.9 (6.3) 29 (13) a 3.45 (16) 76 (13) a 3.93 (17) 78 (12) a 

Lesion 2 14.2 (6.7) 29 (13) a 1.21 (18) 76 (13) a 1.27 (19) 78 (12) a 

Smax (mm or 

mL) d 

Lesion 1 171 (8.4) - 1190 (43) - 1230 (57)c - 

Lesion 2 125 (3.7) - 540 (12) - 588 (18) - 

KG (week -1) 0.00176 (47) 170 (18) 0.00861 (38) 135 (20) 0.00882 (43) 140 (27) 

λ (week -1) 0.0475 (35) - 0.0469 (28) - 0.0508 (37) - 

Kdrug,S (week -1) 0.0124 (36) 77 (20) 0.0547 (21) 56 (29) 0.0610 (24) 42 (36) 

Ppop 1 0.348 (18)b - 0.348 (18)b - 0.348 (18)b - 

RUV (%) 14.0 (6.6) - 36.8 (8.0) - 43.3 (7.5) - 

MTD: mean transaxial diameter; Vactual: actual volume; Vellipsoid: ellipsoidal volume; CV: coefficient of variation; IIV: inter-individual variability; 
RSE: relative standard error; S0, pop n: baseline size in mixture subpopulation n; Smax: carrying capacity; KG: tumor growth rate constant; λ: 
resistance development rate constant; Kdrug,S: slope of the linear drug effect; Ppop 1: probability of belonging to mixture subpopulation 1; RUV: 
residual unexplained variability. Lesions were numbered such that lesion 1 corresponds to the one with largest MTD. 

a
 IIV term variance shared between lesions, within each subpopulation and model. b Common parameter to MTD, Vactual and Vellipsoid models. c 

95% confidence intervals obtained from log-likelihood profiling was (685;3260). d  mm for MTD, mL for Vactual and Vellipsoid 
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Table 4. Parameter estimates and their uncertainty in the final tumor density model  

Parameter (Unit) Typical value 

(RSE%) 

IIV CV% 

(RSE%) 

ILV CV% 

(RSE%) 

D0 (HU) 59.0 (5.7) 30 (10) 18 (19) 

Box-Cox D0 -1.06 (47)a - - 

kout (week-1) 0.0935 (32) - - 

Kdrug,D 0.154 (29) 120 (17) 53 (38) 

RUV (%) 20.6 (6.8) -   

D0: baseline tumor density; HU: Hounsfield; kout: rate constant for loss of tumor den-
sity; Kdrug: density reduction constant; CV: coefficient of variation; IIV: inter-individ-
ual variability; ILV: inter-lesion variability; RSE: Relative standard error. a The 95% 
confidence intervals obtained from log-likelihood profiling was (-2.01;-0.397) for 
Box-Cox D0. 

Individual lesion model 

A TGI model described the individual lesion data from docetaxel treated 

HER2-negative breast cancer patients. The baseline lesion size was character-

ized by an organ-specific value along with inter-individual and inter-lesion 

variability. The ILV was not significantly different between different sites 

(41% CV) except for the ‘other sites’ (67% CV). Notably, ILV was higher 

than IIV (29% CV) for the baseline lesion diameter. The growth rate (kGROW) 

and docetaxel drug effect (kSHR) were significantly different between organs 

while λ was not affected by metastatic site, i.e., the rate of appearance of re-

sistance was the same in all metastatic sites. The fastest growing lesions were 

from liver and breast, the kGROW,Liver was not significantly different from 

kGROW,Breast, and the estimate was 0.00917 week-1 (a doubling time of ~1.5 

years). The drug effect in liver, breast and soft tissues did not differ statisti-

cally and was estimated to be >1.2 times higher than other metastatic sites.  

VPCs, illustrated in Figure 5, indicate that the final lesion model can ade-

quately describe the data from liver and lymph nodes (most common organs 

where lesions were observed) and for SLD (=lesion1+lesion2+...+lesion10). 

The final lesion model parameters along with their uncertainties are presented 

in Table 5. 

TGI model was applied to different anti-cancer drug classes in various in-

dications. [12, 29, 32, 50, 54] A model with a logistic growth function was 

used in Paper I while in Paper II an exponential growth function was sufficient 

to characterise the tumor dynamics. Individual lesion modeling provides a 

quantitative measure of various variability for an anticancer drug and indica-

tion, and may find further application in combination anti-cancer therapies, 

when one drug may directly target a specific receptor expression organ, and 

the other drug has nonspecific targeting. Furthermore, this modeling frame-

work allows evaluation of individual lesion dynamics and organ specific dy-

namics as a predictor of OS.  
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Figure 5. Visual predictive checks of the final lesion model. SLD (left) was defined 
as lesion1+lesion2+...+lesion10, most common metastatic sites, i.e., liver (middle) 
and lymph nodes (right). The solid line represents the median of the observed tumor 
measurements (circles). The inner shaded region represents the 95% confidence inter-
val of the model simulated median. The outer shaded regions represent the 95% con-
fidence intervals of the model simulated 5th and 95th percentiles, and the stippled 
black lines represent the 5th and 95th percentiles of the observed tumor measure-
ments. Vertical lines indicate binning intervals for VPCs. 

Tumor-resistant-sensitive model  

The typical docetaxel patient had a tumor baseline SLD equal to 63 mm, con-

sisting of ~33 mm (0.53 • 63 mm) drug–sensitive tumor SLD and ~30 mm 

(0.47 • 63 mm) of quiescent drug–resistant tumor SLD. Similarly, the typical 

paclitaxel patient had a baseline tumor size of 70 mm, where ~37 mm (0.53 • 

70 mm) drug–sensitive tumor and ~33mm (0.47 • 70 mm) of quiescent drug–

resistant tumor. Model estimated maximum tumor carrying capacity (KCAP) 

was 925 mm.  The drug–sensitive tumor fraction was estimated to grow 

(kGrow,Sens) at a rate of  0.00484 week-1 (tumor SLD doubling rate = 143 

weeks). The transition rate from quiescent drug– resistant tumor cells to a pro-

liferating state was quantified using the kDelay parameter. The kDelay parameter 

was bimodal, with a probability for being assigned to population-1 (P(1)) of 

0.83 to have a much slower rate, where the tumor regrowth did not happen 

during the study period (fixed to 0) compared to a faster kDelay,pop2 rate of 0.043  

week-1 (16 weeks). The VPCs of the tumor size model demonstrated a good 

predictive performance of the model (Figure 6). 

Individual tumor model fits are shown for six patients receiving docetaxel 

or paclitaxel treatment in Figure 7, alongside results of the comparative TGI 

tumor modeling analysis. The uni-, and three- dimensional (Paper I), and the 

individual lesion dynamics (Paper I and Paper II) were successfully character-

ized using a TGI model. However, in Paper III the model fits did not ade-

quately capture some of the tumor profiles, especially in instances of rapid 

onset of growth for drug–resistant tumor (ID 598), or in instances of tumor 

regrowth followed by periods of tumor quiescence (IDs 400, 467, 489, 968). 

For docetaxel or paclitaxel datasets, the tumor model presented herein showed 
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an improvement in objective function value OFV over the TGI model of 202 

and 162 units, respectively. 

Table 5. Parameter estimates and their uncertainty in the final individual lesion model 

Parameter 
Description 

(unit) 

Typical 

value 

(RSE#) 

IIV, 

CV% 

(RSE#) 

ILV, 

CV% 

(RSE
#) 

Doubling 

time 

(year-1)  

kGROW, Lung  

Tumor growth 

rate constant 

(week-1) 

0.00453 (37) 

135 

(15) 

- 2.94 

kGROW, Liver 

kGROW, Breast 
0.00917 (32) - 1.45 

kGROW, Lymph nodes 

kGROW, Mediastinum 

kGROW, Other 

0.00341 (37) - 3.90 

kGROW, Soft tissue 0.00676 (48) - 1.97 

kDRUG, Lung  

kDRUG, Mediastinum 

kDRUG, Other 
Tumor kill rate 

constant  

(week-1) 

0.000742 

(27) 

43 

(19) 

 - 

kDRUG, Liver 

kDRUG, Breast 

kDRUG, Soft tissue 

0.00123 (27)  - 

kDRUG, Lymph nodes  

 
0.00101 (28)  - 

λ Resistance pa-

rameter (week-1) 
0.126 (26) 

63  

(16) 
― - 

LD0, Lung 

Baseline lesion 

diameter (mm) 

19.1 (14) 

31  

(14) 

40  

(9)  

- 

LD0, Liver 24.2 (11) - 

LD0, Lymph nodes 20.4 (11) - 

LD0, Soft tissue 44.0 (33) - 

LD0, Breast 41.9 (24) - 

LD0, Mediastinum 23.0 (25) - 

LD0, Other 
28.8 (31) 

67 

(16)  
- 

kKPD Docetaxel elim-

ination rate con-

stant in KPD-

model (week-1) 

0.576 (34) 
62  

(16) 
― - 

RUVa Residual unex-

plained variabil-

ity (%) 

20.5  (4) ― ― - 

RSE = relative standard error; IIV = inter-individual variability; ILV = inter-lesion variability 
aadditive residual error model on log transformed data 
#obtained from Sampling Importance Resampling (SIR) 
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The TGI model is parsimonious as composed of only three parameters, in-

cluding a tumor growth rate constant (kGROW), a drug induced tumor shrinkage 

rate constant (kSHR), and a resistance parameter (λ). In this modeling approach, 

the parameter λ (from the TGI model) is replaced with two types of tumor 

cells (sensitive and resistant) and a series of compartments to describe the het-

erogeneity in treatment response and time for resistance development that 

were noted between patients. Here, the FnR parameter describes the fraction 

of the individual’s tumor SLD which is initially quiescent at treatment start, 

and then may transition to a proliferative, drug–resistant tumor state.  

Resistance to anticancer drugs is complex, and may include alterations in 

drug targets, development of alternative pathways for tumor growth activa-

tion, changes in cellular pharmacology, and tumor cell mutations, to name a 

few. It has also been shown that some tumors are heterogeneous containing a 

population of slow cycling, quiescent cells; chemotherapies kill rapidly pro-

liferating cells, and the surviving quiescent cells may ultimately develop re-

sistance and then enter a rapid regrowth phase. Herein developed general tu-

mor dynamics model that is applicable for any tumor quiescence and drug–

resistance mechanisms. 

 

 

Figure 6. VPCs of the final tumor model simulations for docetaxel (left panel) and 
paclitaxel (right panel). The solid black line represents the median of the observed 
tumor SLD measurements (circles). The inner shaded region represents the 95% con-
fidence interval of the model simulated median. The outer shaded regions represent 
the 95% confidence intervals of the model simulated 5th and 95th percentiles, and the 
stippled black lines represent the 5th and 95th percentiles of the observed tumor SLD 
measurements. For paclitaxel, the outer shaded regions represent the 95% confidence 
intervals of the model simulated 10th and 90th percentiles, and the stippled lines rep-
resent the 10th and 90th percentiles of the observed tumor SLD measurements.  Ver-
tical lines indicate binning intervals for VPCs. 
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Table 6. Parameter estimates and their uncertainty in the joint docetaxel paclitaxel 
model 

Parameter Description Estimate  

(RSE %) # 

95% CI # IIV CV% 

(RSE %) # 

95% 

CI # 

kGrow,Sens 

(week-1) 

Growth rate con-

stant of sensitive 

tumor fraction 

0.00484 

(47) 

0.00115 -

0.009 
- - 

kGrow,Resist 

(week-1) 

Growth rate con-

stant of resistant 

tumor fraction 

15.7 (62) 
0.0532 - 

0.429 
53 (52) 26 - 80 

kkill_Doce  
(mg-1●week-1) 

Docetaxel tumor 

kill rate constant 

0.000583 

(42) 

0.000238 - 

0.00118 
69 (3) 67-70 

kkill_Pacli  
(mg-1●week-1) 

Paclitaxel tumor 

kill rate constant 

0.000342 

(26) 

0.000194 - 

0.000545 

kdrug_Doce 

(week-1) 

Docetaxel elimina-

tion rate constant 

in KPD-model 

0.259 (59) 
0.0136 - 

0.587 

73 (6) 68-78 
kdrug_Pacli 

(week-1) 

Paclitaxel elimina-

tion rate constant 

in KPD-model 

0.718 (30) 
0.337 - 

1.19 

kDelay_pop1 

(week-1) 

Transit delay rate 

constant popula-

tion 1 

0 FIX - - - 

kDelay_pop2 

(week-1) 

Transit delay rate 

constant popula-

tion 2 

0.0425 (63) 
0.0112 - 

0.113 
73 (7) 69 - 78 

FNRlogit Logit transformed 

FnR 

-0.0929 

(126) 

-0.291 - 

0.178 
0.9 (2) 

0.95 - 

1.02 

FNRa Fraction tumor re-

sistant 
0.47 0.43 – 0.54 - - 

1-FNRa Fraction tumor 

sensitive 
053 0.57 – 0.46 - - 

KCAP 

(mm) 

Maximum tumor 

carrying capacity 
925 (26) 418 - 1371 - - 

Ppop1 KDelay_pop1 proba-

bility 
0.83 (9) 

0.65 - 

0.943 
- - 

SLD0_Doce  

(mm)  

Docetaxel baseline 

SLD 
62.7 (13) 49.4 - 81.3 

86 (7) 82 – 93 
SLD0_Pacli  

(mm) 

Paclitaxel baseline 

SLD 
70.3 (9) 57.8 - 83.5 

RUVb
Doce Residual error 

docetaxel 
24% (9) 

0.200 - 

0.28 
- - 

RUVb
Pacli Residual error 

paclitaxel 
13% (7) 

0.119 - 

0.155 
- - 

IIV = inter-individual variability; RSE = relative standard error; CI = confidence interval  
aDerived parameter FnR = exp(FnRlogit)/(1+exp(FnRlogit)). 
badditive residual error model 
#Obtained from Sampling Importance Resampling (SIR) 



 

 37 

Figure 7: Comparison between of tumor-resistant-sensitive model (blue line) and TGI 

model (red line). Black circles represent the observed tumor SLD measurements. 

 

New lesion appearance and Dropout from tumor size follow-up 

The probability of new lesion appearance was dependent on the time-course 

of the largest lesion at baseline, 3 or more liver lesions at enrolment, and time 

from the start of treatment (on logarithmic scale). The most significant predic-

tor in the univariate analysis, the time-course of the largest lesion, was asso-

ciated with a hazard ratio (HR) of 1.71 for every 10% increase in lesion diam-

eter. The patients who had 3 or more target lesions in the liver at baseline had 

a 62% higher risk (HR=1.62) of developing a new lesion compared to patients 

who had less than 3 lesions in the liver. Every week in the study added about 

4% increase in risk (HR = 1.04) of developing a new lesion.  

As expected, both 20% increase in SLD (HR=8.92) and the appearance of 

new lesions (HR=5.47) were significant predictors of dropout. No other pre-

dictors retained significance level after inclusion of 20% increase in SLD and 

the appearance of new lesions as predictors of dropout from tumor follow-up. 

The final parameter estimates and their uncertainty are given in Table 6 and 

predictive performances as illustrated in VPCs are shown in Figure 8. 
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Figure 8. Kaplan–Meier visual predictive checks for the final new lesion appearance 
model (left) and dropout from tumor size (right). The observed Kaplan–Meier curve 
(black line) is compared to the 95% confidence interval (shaded area) derived from 
model simulations (100 samples). 

 

Table 7. Parameter estimates and their uncertainty in the final new lesion appearance 
and dropout from tumor size model 

Parameter Description  Typical 

value 

(RSE#) 

New lesion appearance model 

InterceptNew_le-

sion 

Parameter relating to baseline probability of developing 

a new lesion 

-7.07 (8.0) 

𝛽𝐿𝑎𝑟𝑔𝑒𝑠𝑡_𝑙𝑒𝑠𝑖𝑜𝑛(𝑡) Coefficient for the effect of the time course of largest le-

sion (mm)   

0.488 (23) 

𝛽>3 𝐿𝑖𝑣𝑒𝑟 𝑙𝑒𝑠𝑖𝑜𝑛 Coefficient for the effect of >=3 liver lesions (y/n)  0.481 (47) 

𝛽𝑇𝑖𝑚𝑒  Coefficient for the effect of time since study start 0.502 (24) 

   

Dropout from tumor size measurement model  

InterceptDropout Parameter related to baseline probability of dropping out -4.59 (3.0) 

𝛽𝑁𝑒𝑤_𝑙𝑒𝑠𝑖𝑜𝑛 Coefficient of the effect of appearance of new lesions on 

dropout  

2.88 (7.0) 

𝛽𝐷𝑖𝑠𝑒𝑎𝑠𝑒_𝑝𝑟𝑜𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 Coefficient of the effect of disease progression* on 

dropout  

1.99 (14) 

*disease progression defined as 20% increase in SLD from tumor nadir and an absolute increase 

of 5mm 
# obtained from NONMEM R-matrix 
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Progression free survival and overall survival 

Time to event models 

Parametric TTE models developed to describe OS and PFS data (Paper I-

III) are summarized in Table 8 together with the predictors and their corre-

sponding coefficients (θ1-3) included in the final model. 

In imatinib-treated GIST (Paper I), log-transformed Vactual time-course was 

included in the final OS model, while log-transformed Vactual baseline com-

bined with the relative change in Vactual at three months best described PFS 

data. The model derived metrics from MTD were not significant once Vactual 

was included as a predictor of the endpoints while none of the density related 

predictors could predict PFS or OS.  

In the univariate analysis, appearance of new lesion was the most signifi-

cant predictor of OS in docetaxel-treated HER2-negative breast cancer pa-

tients (Paper II), however, the hazard of death was not significantly related to 

the number of new lesions. Additionally, time to re-growth (TTG_SLD) and 

SLD time course (TS(t)_SLD) were included in the final OS model. Further-

more, the presence of liver lesions, dynamics of liver lesions, more than two 

target lesions at baseline, and baseline SLD, were significant in the univariate 

analysis, but did not retain level of significance in the multivariate analysis. 

The presence of liver lesions increased the hazard of developing new lesions 

and death, indicating that the liver is the major metastatic site in the hazard of 

death for this group of patients.  

 

Table 8. Hazard functions, parameter estimates and their uncertainty for the final PFS 
and OS models 

 Paper I 

Imatinib/GIST 

Paper II 

Docetaxel/ 
HER2-negative 

breast cancer 

Paper III 

Taxane/ HER2-

negative 

breast cancer 

Endpoint PFS OS OS OS 

h0(t) Log-normal Log-normal Weibull Weibull 

Predictor-1 Vactual,rel,3m log(Vactual(t)) New lesion Baseline SLD 

Predictor-2 log(Vactual,0)  TTG_SLD Tumor derivative 

Predictor-3   TS(t)_SLD  

μ 1.19(12) 1.42(15)   

σ 7.79(3.4) 8.46(5.0)   

θ1 0.836(19) 0.190 (36) 0.927 (27) 0.0039 (21) 

θ2 0.239(29)  -0.0134 (36) 0.0113 (26) 

θ3   0.311 (40)  

α   0.993 (17) 1.32 (9.0) 

λ   1.55 (49) 4.11 (17) 
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In the combined docetaxel/paclitaxel analysis (Paper III), the baseline tu-

mor size along with the instantons changes in tumor size (derivative) predicted 

OS the best. Thus, the initial tumor burden and tumor response to drug treat-

ment are predictive factors for survival. 

The longitudinal tumor time course on continuous scale has rarely been 

evaluated, likely this is at least partly due to relatively complex implementa-

tion. In Paper I-III, the tumor profiles were analysed without categorization 

and full time-courses were considered, thereby leveraging the clinical data 

collected during tumor follow-up. The three-dimensional measurements re-

sulted in a (slightly) better fit to the OS and PFS data than the unidimensional 

measurements. This is in line with the results from the standard statistical anal-

ysis by Schiavon et al. which showed that 3D criteria (based on a categoriza-

tion of tumor response) seemed to overall better correlate to OS than 1D cri-

teria when assessed after approximately 6 or 12 months of treatment[16]. Ad-

ditionally, the prediction of OS could be improved by considering information 

on new lesions in survival modelling. 

Multistate models for survival analysis 

Parametric multistate models (Paper IV-V) were developed to characterize the 

different intermediate events and jointly describing the survival data. The de-

veloped multistate model allows for simultaneous estimation of transition 

rates along with their tumor model derived predictors and their effect on tran-

sition rates. Final parameter estimates and VPCs of the multistate models are 

given in Tables 9-10 and Figure 10. 

Paper IV: In the final model, the transition hazard λ12 (stable to response 

state) was decreasing with time, indicating that the probability of observing 

response state diminished over time. The past observed relative change from 

baseline SLD was predictive of λ12. The hazard of progression from stable 

state (λ13) increased with time and no covariates were significant in predicting 

λ13. A constant hazard function described the transition from tumor response 

to progressive disease (λ23). The constant hazard function describing the tran-

sition to death from second-line as well as progression state was similar and 

the parameter could be shared for the two transitions (λ45 = λ35). The hazard 

of death was lower for subjects who had longer treatment response durations, 

i.e. longer time-to-progression. 

Paper V: The estimated transition hazard for stable to response state (λ12) was 

decreasing over time in both A+CnP and CnP arms, indicating that the likeli-

hood of late response to treatment reduced over time. Similarly, the risk of 

progression from the response state was also diminishing over time in both 

treatment arms. The presence of liver metastasis at baseline increased the haz-

ard of progression from response state. High PD-L1 expression at baseline 

was associated with a decreased λ23 in the A+CnP arm (HR=0.45), indicating 

that patients who had high PD-L1 will have longer therapeutic benefit from 

A+CnP compared to patients who do not have high PD-L1 score at baseline.
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Figure 9. VPCs of time-to-event models. The observed Kaplan-Meier curve (black line) is compared to the 95% confidence interval (shaded 
area) derived from model simulations (200 samples). Vertical ticks represent censored observations.
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The constant hazard functions described the transition from progressive 

disease to death (λ35) and from second line treatment to death (λ45). The es-

timated λ45 (0.0307 week-1) was not statistically significant across arms, sug-

gesting that the hazard of death after switching to second line immune therapy 

was the same between arms. Additionally, the λ45 was smaller than λ35 of 

A+CnP (λ35 = 0.0474 week-1) or CnP (λ35= 0.03015 week-1) arms. The time 

to progression and the baseline ECOG score were predictive of hazard of death 

after progression. The time to progression was a significant predictor of haz-

ard of death from second line treatment as well – λ45 was higher for shorter 

times to progression (HR=98 week-1, for both arms).  

A mixture model with two sub-populations best described the transition 

from progressive disease to second-line (λ34), where pop-1 received second-

line treatments after disease progression and pop-2 did not receive second-line 

treatment. 

Table 9. Parameter estimates and their uncertainty in the final multistate model 

 
# obtained from NONMEM R-matrix, m Past observed SLD derived metrics, t 𝜆𝑖𝑗, is the transition intensities, 

r Hazard ratio = exp (𝛽𝑝𝑟𝑒𝑑𝑖𝑐𝑜𝑟 ∙ 𝑋𝑃); for CHB, 𝑋𝑃 =-0.1 (10% decrease); for TTP, 𝑋𝑃 =(36-35)=1 (week); 

for dSLD, 𝑋𝑃 = 0.1 (10% increase); for AGE, 𝑋𝑃 =(53-54)=-1 (year) and  𝛽𝑝𝑟𝑒𝑑𝑖𝑐𝑜𝑟 is corresponding coef-

ficient of effect. 
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Table 10. Parameter estimates and their uncertainty in the final multistate model 

 
# obtained from NONMEM R-matrix 

t 𝜆𝑖𝑗, is the transition intensities  
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Docetaxel/HER2(-) 

 
Cn

   

P / NSCLC A+CnP / NSCLC 

Figure 10. Visual predictive checks of the final multistate model, demonstrating the proportion of patients in different states for 150 weeks. The 
sold line represents the observed data and the blue shaded area is the 95% CI from 200 simulations from the model. 
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A+CnP vs CnP / NSCLC 

E. Simulated hazard ratio 

  Docetaxel/HER2(-) 

 
 

Figure 11.  Time to response (A), duration of response (B), Progression free survival (C) and Overall survival (D). The sold line illustrates the 
observed data and the blue shaded area is 95% CI from 200 simulated data based on the final multistate model. Simulated hazard ratio (E), the 
grey shaded area is distribution of 1000 simulated hazard ratio in absence second-line treatment and the lines represent median (solid) and 95% 
prediction intervals (dashed lines)
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The predictors were evaluated on each transition in a prospective manner 

(i.e., only past observations are used in the prediction of current or future 

events) manner so that there will not be immortal time bias. Additionally, the 

multistate model could give detailed information compared to traditional TS-

OS analysis. This single framework allows investigation of predictors and 

characterization of time to tumor response, duration of response, PFS and OS 

(Figure 11 A-D). From the developed multistate model herein for docetaxel 

therapy in HER2–negative metastatic breast cancer, the median time to docet-

axel response was 12 weeks (Figure 11 A), i.e. after 4 cycles of docetaxel 

therapy. Median duration of response (time in response state) was 26 weeks, 

and this could be interpreted as the median time to develop resistance to ther-

apy and tumor regrowth (Figure 11 B). 

Multistate models can also be used for optimizing treatment at an individ-

ual level. The Brier scores showed that data collected until 3 months is enough 

to get good individual predictions up until 9 months (s=3 months, t=6 months) 

and if data until 6 months (s=6 months) is used in the multistate model, indi-

viduals’ hazards of death were predicted accurately for the first 2 years. The 

forecasts from the multistate model using varying amount of follow-up data 

of a representative individual from the study population is given in Figure 10. 

The multistate model forecasts that at the first scheduled post baseline meas-

urement (12 weeks), there is an ~40% probability to observe response state, 

i.e., >30% decrease in tumor size from baseline (Figure 12A). The patient had 

an initial treatment effect (Figure 12B), however at the second visit (at 24 

weeks) the decrease in tumor size was not as high as what was observed at 

first visit (at 12 weeks), and the multistate model predicts around 30% risk of 

disease progression at the next scheduled visit, at week 36 (Figure 12C). After 

being assessed as progressive disease, and initiation of second line therapy, 

the increase in hazard of death with time was forecasted reasonably by the 

model framework (Figure 12D-F). The prediction of treatment benefit dura-

tion and early identification of patients at higher risk of disease progression 

would guide early clinical interventions to enhanced benefits for patients. 

Multistate models can assess the difference in hazard of death between pa-

tients who received second-line treatment and patients who did not receive 

second-line treatment after disease progression. Multistate models could 

hence be a way to explore the ‘true’ survival benefit of the therapy under in-

vestigation and addressing the confounding effects of second-line treatments 

(Paper V). The simulations based on the final multistate model where the haz-

ard of death from second-line treatment was set as the same as the hazard of 

death from progression showed that that the addition of atezolizumab to the 

CnP regimen had significant improvement in the patients’ survival (Figure 9E, 

HR = 0.75 (95% CI: 0.61-0.90), favouring the A+CnP arm). This modeling 

approach can be applied to other cancer types as well to investigative the ben-

efit of primary therapy in the survival.  
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Figure 12. Multistate model forecasted tumor size, intermediate events and hazard of 
death of an individual. In each panel (A-F), left sub-panel shows observed tumor data 
(cyan dots) along with model predicted tumor time course, grey shaded area represents 
95% confidence interval around the predicted median [dashed red line] time course. 
The loss of tumor follow-up after disease progression is noted with ‘P’ in panels E 
and F. The solid lines in the right sub-panel shows the forecasted probability with time 
for stable (blue), decrease (green), progression (orange), second line (light blue) and 
death (red). The dashed lines in the right panel show the past transitions. 

Bayesian forecasting of tumor size metrics and overall survival  

The accuracy of the tumor size metrics improved as the number of measure-

ments or the duration of tumor follow-up increased. The accuracy of the 

TSRw6 metric was adequate for the majority of the individuals (>90%, Figure 

11). When measurements at baseline and at w6 were available, about 91% of 

the individuals had acceptable TSRw6 accuracy with shrinkage of 40%. By 

adding the w12 measurement, the accuracy increased to 94% with a shrinkage 

of 27%. The TSRw6 accuracy in the individuals’ predictions was little af-

fected with addition of later observations. The accuracy in TTG predictions 

was in general low with a high shrinkage (>60%); the percentage of individu-

als with acceptable TTG accuracy was increased from 24% to 43% when in-

creasing from 2 to 7 observations, while additional measurements only mar-
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ginally affected the accuracy. An adequate accuracy of the kG metric was ob-

served for 71% of the population by allowing a week6 measurement in addi-

tion to baseline (Figure 13), however the associated shrinkage was as high as 

85%. Addition of later observations improved accuracy and the percentage of 

individuals with acceptable deviation from the ‘true’ kG was 77% with a 

shrinkage of 60% when all tumor size measurements were used (i.e. 96 weeks 

of measurements). 

 

 
Figure 13. The percentage of individuals in the patient population with adequate ac-
curacy of model-predicted tumor metrics.  

 

The comparisons between simultaneous and sequential estimation approaches 

and accuracy of re-estimated hazard ratio are given Figure 14. Simultaneous 

and PPP&D method were found to perform equally good when connecting PK 

and PD models by Zhang et al. [46]. The IPP approach is inferior [46] when 

the parameters are associated with high shrinkage. PPP&D equalled or pro-

vided better results compared to the SIM method in several scenarios tested.  

From the study results, the PPP&D approach would be the preferred choice 

since it had shorter runtimes compared to the simultaneous approach and bet-

ter accuracy than IPP. An alternative would be the IPPSE method that has 

been demonstrated to have similar properties. 

The model-derived individual maximum a posteriori parameter values 

could be applied in the predictions of the individuals’ tumor metric and clini-

cal outcome [55, 56]. The current study demonstrated the accuracy of predic-

tions of both the metrics and in the hazard of death. The TSRw6, TS(t) and 

relTS showed better forecasts of death events compared to TTG and kG, and 

the current study warrant a more cautious screening and interpretation of tu-

mor metrics in the population modelling of tumor-OS and their applications. 
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Figure 14. The percentage of individuals in the patient population with adequate ac-
curacy of re-estimated hazard ratio. The accuracy while using different metrics; 
TSRw6 (blue), kG (rose) and TTG (grey), TS(t) (red). The different estimation meth-
ods used were sequential (IPP-round points, PPP&D-square) and simultaneous (SIM-
triangle). 

Model based dose individualization 
The continuous daily dosing regimen was predicted to result in the longest 

survival. Toxicity adjusted dosing (TAD) and sVEGFR-3-based dose (BAD) 

adjustment algorithms increased median overall survival as compared to a 

fixed dose schedule and therapeutic drug monitoring based dose adjustments 

for sunitinib in GIST. The survival and adverse events, stratified based on the 

dosing strategies are given in Figure 15. TDM reduced the incidence of ther-

apy-induced adverse events while TAD and BAD on the other hand markedly 

increased the incidence for HFS in comparison to fixed dosing. All four dosing 

algorithms demonstrate reduction in the incidence of adverse event over con-

secutive treatment cycles. The clinical study by Lankheet et al. found that 52% 

of patients were below the target of 37.5 ng/ml, but only 17% managed dose 

escalation without additional ≥Grade 3 toxicity, which is comparable to the 

simulations where 20% of the patients required dose increase. TDM with the 

currently suggested target window for CDD of sunitinib does not significantly 

improve OS, as compared to a fixed CDD schedule, but the number of ther-

apy-introduced adverse events are low compared to CDD schedule. Changes 

in neutrophil count and sVEGFR-3 were accurately forecasted in the majority 

of subjects (>65%), based on biweekly blood sampling until week 4.  

In Paper IV, VI and VII, the model-based therapy individualization was 

investigated. A multistate model-based approach would able to forecast the 

disease status (Paper IV) while Paper VI-VII were mainly focused on the ac-

curacy of model derived metrics for an individual patient and hazard of death. 

Early tumor size changes (TSRw6) and the changes in biomarkers (neutrophil 
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count and sVEGFR-3) may be used for early prediction of treatment outcome 

for an individual patient. Model-based dose individualization was suggested 

to provide a rapid, economical and safe approach to compare various dosing 

strategies, and guide dose individualisation. 

 

 

Figure 15. Right panel: Survival under each treatment regimen. Time is represented 
as weeks (week 0-102) following the initiation of treatment. Left panel: Development 
of adverse event under each (dose-individualisation) strategy. One cycle represents 6 
weeks of treatment. Plots are based on simulation of 1,000 virtual individuals. BAD = 
sVEGFR-3 based dosing (Top panel); TAD = toxicity-adjusted dosing (bottom panel); 
TDM = therapeutic drug monitoring. dBP = diastolic blood pressure; HFS = hand-
foot syndrome 
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Conclusions 

In this thesis work, pharmacometric models were developed based on clinical 

trial data that described longitudinal tumor time course and quantified varia-

bility in growth and response between individuals and between metastases 

within an individual. The tumor size models were combined with time-to-

event models to describe the association between tumor size and survival. The 

developed modelling approaches provide a better understanding of the rela-

tionships between drug exposure, short-term tumor response, and long-term 

clinical outcome. Such model-based approaches could be applied to improve 

the efficiency in clinical drug development, and may be used as a support for 

selecting dose and therapy for individual patients. 

 

Specific findings are 

 Three-dimensional tumor measurements can be more sensitive than cur-

rent standard - unidimensional measurements - at predicting progression 

free survival and overall survival in GIST patients treated with imatinib. 

 

 A framework for tumor lesion modelling was developed which allows for 

quantification of inter-lesion and inter-organ variabilities in tumor growth 

and shrinkage in docetaxel treated HER2-negative metastatic breast can-

cer patients. The probability of developing a new lesion and the hazard of 

death were increased by the presence of liver metastasis, indicating that 

the liver is the major metastatic site in the response to treatment. 

 

 A new mechanism–based population modelling approach for tumor dy-

namics was developed that describes the tumor as being insensitive, qui-

escent and resistant states. The model characterizes the variable tumor re-

sponse patterns observed such as rapid onset of growth for drug–resistant 

tumor, or tumor regrowth followed by periods of tumor response-quies-

cence. Baseline tumor size and the instantaneous change in tumor size 

were identified as significant predictors of overall survival in taxane 

treated HER2-negative metastatic breast cancer patients. 

 

 A new methodology for analysing survival data in oncology – a paramet-

ric multistate model - was developed based on data on HER2-negative 

breast cancer patients treated with docetaxel. The model can describe the 
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intermediate events and jointly characterize the outcome events including 

both progression free survival and overall survival. In the developed mul-

tistate model framework, the predictors can be evaluated in a prospective 

manner to not introduce immortal time bias.  

 

 The multistate model framework was used in assessing the confounding 

effects of second line treatment in an OS analysis and illustrated that the 

multistate approach can delineate the impact of second line therapies on 

survival. The simulations using the final multistate model showed that 

there was a significant improvement in OS by the addition of atezoli-

zumab in the nab-paclitaxel and carboplatin regimen. 

 

 The duration of tumor follow-up can influence the accuracy in the tumor 

size model-derived metrics and thereby impact the prediction of hazard of 

death for individual patients. The tumor size ratio or model-predicted tu-

mor time course were shown to be more promising metrics than time-to-

tumor growth or the tumor growth rate for early prediction of treatment 

outcome in an individual patient.  

 

 A model-based framework was developed that can be used to simulate the 

potential of biomarker-based dose individualization for sunitinib therapy 

in GIST. The continuous daily dosing regimen was predicted to result in 

the longest survival. Adverse effects and biomarker-based dose adjust-

ment algorithms increased predicted median overall survival as compared 

to a fixed dose schedule and therapeutic drug monitoring-based dose ad-

justments, without markedly raising the risk of intolerable toxicities. 

 

Future perspectives include:  

 Confirming the advantages of using three-dimensional tumor size changes 

using a larger patient population 

 

 Further evaluating when the tumor-resistant-sensitive model and the indi-

vidual lesion model are the most useful compared to traditional tumor 

growth inhibition models  

 

 Additional investigation of predictors based on individual drug exposures 

and adverse effects in the multistate model 

 

 Further investigating the value of multistate models in clinical drug de-

velopment, for example predictions of long-term endpoint such as PFS 

and OS, using early clinical trial data 
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