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Preface 

The use of personalised medicine in oncology is gaining recognition as a way of enabling 

individualised tailored-treatment based on patient’s genetic signatures and clinical 

characteristics. Circulating biomarkers have been proposed to provide early indications of 

treatment and therefore to support individualised disease monitoring and therapeutic 

strategies. Although great efforts have been made to obtain predictive biomarkers, the 

established number of clinically useful tumour markers remains scarce. 

The field of pharmacometrics is a potentially useful discipline here which focuses on obtaining 

quantitative mathematical and statistical models of the different physiological processes from 

drug administration to measurement of drug exposure, biomarker response and ultimately 

clinical outcome.  

In this thesis we will present two different examples of the use of circulating biomarkers and 

pharmacometric tools to facilitate personalised medicine. These two examples include 

applications to enable individualised medicine in routine clinical practice and to support 

model-based drug development. 

In the first section of this thesis, the Introduction, we review the main pharmacometric 

concepts and examples of reported pharmacokinetic-pharmacodynamic (PK/PD) models 

applied to oncology. We provide prospective guidance on data collection in hospitals to aid 

increased application of PK/PD modelling in clinical practice.  

Chapter 1 describes a semi-mechanistic pharmacodynamic model integrating lactate 

dehydrogenase (LDH) and neuron specific enolase (NSE) to relate biomarker dynamics to 

disease progression in small cell lung cancer (SCLC) patients. 
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Based on the biomarker model from Chapter 1, Chapter 2 presents a framework enabling to 

identify at risk patients early, supporting therefore personalised medicine in SCLC patients 

during and following first line treatment.  

Chapter 3 describes the pharmacokinetics of lanreotide Autogel® in patients with 

gastroenteropancreatic neuroendocrine tumours (GEP-NETs) based on pooled data from four 

clinical trials. 

In Chapter 4, the model developed in Chapter 3 is extended to relate lanreotide exposure, the 

dynamics of the circulating biomarker Chromogranin A (CgA) and the clinical outcome (i.e. 

progression free survival (PFS)) in patients with non-functioning GEP-NETs. 

The General Discussion highlights the most relevant aspects of the four chapters and focuses 

on future perspectives of the work presented, and the Conclusions summarises the main 

findings of this thesis. Finally, a mechanistic model describing the neutropenic effects of 

diflomotecan after very different dosing schedules is presented as an Annex. Although this 

model is not focused on the use of circulating biomarkers to predict clinical outcome, it shows 

the utility of model-based approaches to aid patient care and to support drug development. 
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Abstract 

Despite much investment and progress, oncology is still an area with significant unmet medical 

need, where new therapies and more effective use of current therapies are needed. The 

emergent field of pharmacometrics combines principles from pharmacology [pharmacokinetics 

(PK) and pharmacodynamics (PD)], statistics and computational modelling to support drug 

development and to optimise the use of already marketed drugs; and although it has gained a 

role within drug development, its use in clinical practice remains scarce. We aim to review the 

principal pharmacometrics’ concepts and to provide some examples of its use in oncology. 

Integrated population PK/PD/disease progression models as part of the pharmacometric 

platform provide a powerful tool to predict outcome so that the right dose can be given to the 

right patient to maximise drug efficacy and reduce drug toxicity. Population models can be 

often developed with routinely collected medical record data and therefore we encourage the 

application of such models in the clinical settings by generating close collaborations between 

physicians and pharmacometricians. 
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INTRODUCTION 

Pharmacometrics, defined as “the science of developing and applying mathematical and 

statistical methods to (i) characterize, understand and predict a drug’s pharmacokinetic and 

pharmacodynamic behaviour, (ii) quantify uncertainty of information about the behaviour, and 

(iii) rationalize data-driven decision making in drug development process and 

pharmacotherapy”[1], has evolved substantially in the last four decades. The discipline is 

focused on the development of pharmacokinetic, pharmacodynamic and disease progression 

models and integrates principles from the field of pharmacology and statistics for a better 

understanding of the in vivo drug effect supporting drug development, and personalized 

medicine. In vitro, in vivo, pre-clinical and clinical data can be combined in a multiscale 

pharmacometric analysis for several purposes, including, amongst others, drug monitoring, 

optimising dose-finding studies, determination of suitable biomarker endpoints and optimum 

dose regimens. Indeed, the use of pharmacometrics in pharmaceutical companies has 

increased noticeably since the beginning of the field [2]. In addition, regulatory agencies have 

highlighted the use of pharmacometrics and model-based approaches to improve drug 

development by reducing attrition rate [3]. Although pharmacometrics has gained a role within 

drug development, its use in routine clinical practice remains scarce and it is still considered a 

niche discipline. There remains a lack of general awareness amongst clinical scientists 

regarding the field and its potential added value. In a recent opinion article, Bonate argued 

that pharmacometricians have not sufficiently communicated their message outside of the 

field [4]. 

Pharmacometrics has been used in a wide variety of therapeutic areas, including oncology, 

which has presented unique challenges for the field: (i) the characterization of the dose-

response relationship may be difficult due to the ethical requirement to minimise patients 

dosed at subtherapeutic doses and due to cancer therapies generally have narrower 

therapeutic indexes, (ii) regarding the characterisation of pharmacodynamic relationships, 
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efficacy studies are complicated by the frequent lack of placebo data, (iii)  the quantification of 

overall survival (gold standard to assess clinical outcome of late phase clinical trial) involves 

large number of patients and long study durations and includes also censored information.  

In this article, we aim first to review the principal concepts involved in pharmacometrics with 

specific focus on its applicability to oncology patient treatment and drug development. Existing 

examples of pharmacometrics being used to increase drug development efficiency will be 

discussed. Finally, guidance on data collection will be provided to physicians and clinical 

scientists to enable and facilitate population PK/PD modelling. 

PHARMACOMETRICS 

It is well accepted that humans, even with the same disease status and physiological 

characteristics, can exhibit quite different levels of response to the same treatment, 

phenomenon known as inter-patient variability (IPV). Thus, population models which explain 

and quantify variability in underlying physiological processes (PK, PD, and/or disease related) 

are ideally suited to describe variation in individual response. Historically, population analysis 

was performed via the so called two-stage approach, where individuals’ model parameters are 

first computed from individual model fits and then statistical summaries of population 

parameters (mean and variance) are computed. The main limitation with the two-stage 

method is the requirement of frequent sampling per patient. Nowadays, population models 

are primarily developed using mixed-effect models where data from all individuals is analysed 

simultaneously [5-7]. The term “mixed-effects” means that both fixed effects (i.e. population 

level trends) and random effects (i.e. individual level parameters) are described 

simultaneously. Fixed effects refer to the parameters governing the non-linear population level 

trends (i.e. the typical individual), whereas random effects include IPV (i.e. difference observed 

between patients), inter-occasion variability (i.e. difference observed between study 

occasions), and residual error (i.e. difference between the observation and the individual 
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prediction). Since these random effects are inferred from individual data and estimated 

population level trends, the population approach is especially applicable to sparse data 

sampling situations. IPV may be in part explained by predictors that are specific to each 

patient. In the pharmacometrics field, such predictors are called covariates. Covariates can be 

classified in intrinsic factors, such as age, sex, race, genetic information (i.e., polymorphisms); 

or extrinsic factors, such as concomitant medication, smoking status or primary tumour 

location, etc. Covariates can be either continuous (e.g. age), dichotomous (e.g. sex) or 

categorical (e.g. race). The influence of covariate information on the model is handled via fixed 

effects parameters and as such, a mixed-effect model is comprised of a structural model, a 

random effects model (which includes IPV and residual error) and a covariate model. Figure 1 

shows these basic concepts of the population approach described. 

 

In the next sections we will detail the concepts involved in disease progression and 

pharmacokinetic-pharmacodynamic (PK/PD) models (which main components are shown in 

Figure 2) and we will provide with different examples of models applied to oncology.  
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Figure 1 Fundamental principles of the population approach: based on few and sparse observations 
from patients, a population model is built, which describes the typical profile and quantifies the inter-
patient variability. In this example, the covariate type of tumor (A or B) was found to explain some of 
the inter-patient variability and therefore was included in population model, leading to one typical 
population tumor size profile for each type tumor. The population approach also allows to describe the 
individual profiles and to quantify the remaining residual error (difference between individual prediction 
and real observation). 

 

 

 

 

 

 

 

 

Figure 2  Schematic representation of the main components involved in disease/PK/PD models. 
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PHARMACOKINETICS (PK)  

The Absorption, Distribution, and elimination (Metabolism and Excretion) (ADME) of a drug is 

the set of processes describing the movement of drug through the body, which are studied by 

a branch of pharmacology namely PK. One of the primary goals of population PK modelling is 

the characterisation of variability in drug exposure, an important driver of clinical response to 

treatment.  

There are two main approaches to analyse PK data: i) Non-compartmental analysis (NCA), 

where descriptive statistics such area under the plasma drug concentration vs. time curve 

(AUC), maximum drug concentration (CMAX) or time at which CMAX is achieved (TMAX) are 

summarized directly from observed individual profiles (which implies rich sampling strategies 

to get reliable estimates of the descriptors), and ii) Model-based compartmental analysis, 

where parameters governing underlying pharmacokinetic processes are inferred from the 

data.   

NCA does not require any particular interpretation of the data (i.e., model assumptions) and 

therefore are a quick model independent way of obtaining summary PK metrics. During the 

course of studies, such metrics can provide useful measure of approximate exposure; 

however, this approach presents several limitations. Firstly, since the only output is descriptive 

statistics of the data, the approach is not suitable for obtaining insights into the underlying 

physiological processes. Secondly, prediction of untested dosing regimens is not generally 

possible if PK is nonlinear or if the model or frequency of administration is to be adjusted since 

summary statistics are generally only valid for that particular dose studies. 

In contrast to NCA analysis, model-based analysis quantifies primary physiological related 

parameters [i.e. first order rate constant of absorption (KA), apparent volume of distribution 

(V) and total clearance (CL)] which enables the use of model-based simulations to predict drug 
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concentrations under different dosing administrations without the need to administer it to 

patients.  

Compartmental model-based analysis assumes that the organism is split in one or more 

compartments which in general do not represent a real body entity. A compartment is 

considered a simplified representation of regions of the body where the drug is absorbed, 

distributed, metabolized or eliminated. For example, most published PK models include a 

central compartment, which is assumed to be representative of systemic drug concentrations, 

and represents system circulation and well perfused organs with non-restrictive membranes, 

and peripheral compartment(s), which often represent extravascular less perfused regions 

with restricted distribution membranes. Typically, the well-mixed assumption is employed 

which assumes rapid distribution of drug within a compartment. Absorption, reversible 

transfer of drug between compartment, and irreversible lost due to elimination, are processes 

that, with the exception of biologically derived drugs, follow first order kinetics characterised 

by the corresponding first order rate constant. Clearly, this approach represents an 

approximation of the complex processes involved; however these models have proved 

sufficient to characterise drug exposure and establish therapeutic dosing regimens for many 

compounds. In addition, the ability of population PK modelling to explain variability in PK with 

intrinsic and extrinsic covariates means that drug exposure can also be predicted in different 

target populations. Compartmental PK models are therefore a useful tool to help determine 

the right dose in the right population. 

In some cases, where more granular prediction of drug exposure in tissue is required, 

physiologically-based pharmacokinetic (PBPK) models can be used. Here, compartments are 

chosen to represent specific organ/tissues involved in all relevant ADME processes. PBPK 

models can also be useful to predict human PK from preclinical to clinical settings [8]. An 

oncology based example is the PBPK model developed by Tsukamo et al to describe the 
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kinetics of capecitabine and its metabolites [9]. This model integrated tissue specific 

information about metabolic enzyme activity between tumour and normal cells from in vitro 

data enabling the prediction of the therapeutic index in terms of exposure in target organs and 

toxicity in off-target organs (i.e. gastrointestinal tract toxicity). A weakness of this approach is 

that PBPK models typically involve many more model parameters that can be estimated with 

data generated in clinical studies. Their wider use has therefore been primarily in preclinical 

stage [10]. 

PHARMACODYNAMICS (PD) 

While PK is often defined as “what the body does to the drug”, PD can be defined as “what the 

drug does to the body” [11]. Derendorf et al. defined PD as “a broad term that is intended to 

include all of the pharmacological actions, pathophysiological effects and therapeutic 

responses both beneficial or adverse of active drug ingredient, therapeutic moiety, and/or its 

metabolite(s) on various system of the body from subcellular effects to clinical outcomes”[12] . 

PD models allow us establish the link between drug concentrations and response, and 

therefore, together with PK models, aid us to understand and predict the time course of the 

pharmacological response. Response endpoints may involve biomarkers, surrogate endpoints 

and clinical outcomes. In oncology, examples include tumour marker levels that vary according 

to tumour burden as response biomarkers (deemed as surrogate endpoint if those levels can 

substitute a clinical endpoint), or overall survival as a gold standard for clinical endpoint. 

In the following sections, we will discuss some of the most used pharmacodynamic models and 

the potential issues inherent to the data and/or the models. Pharmacodynamic endpoints can 

be obtained as continuous measurements (e.g. biomarker levels), graded categories (e.g. 

adverse event grades) or categorical measures (e.g. response vs non-response). As we will 

discuss and exemplify in the next sections, whenever possible, it is advisable to use observed 

continuous endpoints to establish PK/PD relationships (i.e. drug concentrations – degree of 
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response) since information is not lost through data transformation. However, in cases where 

only categorical data is available, PK/PD relationships are still characterised by linking the drug 

concentration to a probability of a degree of response. When the response measured is time at 

which an event of interest occurs (i.e. overall survival, progression-free survival), these can be 

analysed by either non-parametric cox-proportional hazard models or parametric time-to-

event models. 

Biomarker models  

The Biomarkers Definition Working Group of the National Institute of Health (NIH) has 

provided a precise definition of biomarker as “a characteristic that is objectively measured and 

evaluated as an indicator of normal biologic processes, pathogenic processes, or 

pharmacologic responses to a therapeutic intervention”[13]. Biomarkers can potentially be 

used at different phases of drug development (from preclinical to post-commercialization) for 

different purposes. In oncology, many biomarkers are modulated by total tumour load, 

enabling assessment of treatment efficacy and prediction of disease progression. The 

motivation to find predictive biomarkers has been driven by the need to identify which 

patients are responding to treatment and which have a high risk of relapse. Once a biomarker 

is confirmed to strongly correlate with outcome (i.e. it is validated as a surrogate endpoint), it 

constitutes a powerful tool to support personalized disease monitoring.  

Traditionally, the predictive performance of biomarkers is assessed by conventional statistics 

(i.e. non inferential statistics, as for example receiver operating characteristics curves, uni-

/multivariate analysis) given a single time point and generally dichotomising a continuous 

variable (e.g. baseline value, thresholds above normal range, change of biomarker level after 

few weeks of treatment, etc) [14-16]. However, such analysis may hide relationships between 

biomarker response and clinical outcome by not accounting for indirect and time dependent 

relationships, giving the illusion of poor predictivity. Recently, the current alternative use of 
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mathematical models to describe biomarker dynamics and their potential utility has been 

reviewed by Alfumfti et al. [17]. In addition, Almufti et al. have advocated the use of non-linear 

mixed-effect (NLME) modelling to “standardize biomarker kinetic analysis methodologies to 

ensure the optimized development of novel serum biomarkers and avoid the pitfalls of 

traditional markers”. 

 

Ideally, the assessment of whether a biomarker can potentially be used as a surrogate 

biomarker should involve a mechanistic PK/PD/disease progression model to describe relevant 

pathways linking the target to outcome. Such models have typically required multiple tumour 

size observations which are often not available. Since the models are mathematical in nature, 

suitable approximations can be used to describe the main processes (e.g. tumour proliferation, 

biomarker production and elimination, etc) in those cases where frequent tumour size 

measurements are not available. Semi-mechanistic models to characterize biomarker 

dynamics are often described by indirect response models [18]. An indirect response model 

assumes that the synthesis and degradation of the biomarker are governed by a zero and first 

order rate processes, respectively. Modulation of either synthesis or elimination can therefore 

translate to delays in the response. In oncology, it can be assumed that tumour cells release 

tumour markers to the circulating blood, and therefore, the presence of tumour in the body 

indirectly up-regulates biomarker production. In contrast, decreased tumour proliferation in 

response to target site drug exposure, leads to a potentially delayed decrease in tumour 

biomarker levels. A schematic representation of these model assumptions is shown in Figure 3 

and in order to build intuition in the aforementioned model, Figure 4 shows the predicted time 

courses of drug effects, tumour size and biomarker levels for an example compound. Examples 

in the literature of similar structural models include a model for CA-125 in recurrent ovarian 

cancer patients [19]. Wilbaux et al showed that the model could be used to relate predicted 

change in CA-125 to PFS and therefore advocated the use of CA-125 as an early predictive 
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biomarker. While tumour size measurements should be always included if available, they are 

not frequently reported in routinely collected clinical data. In their absence, a model-based 

framework can describe the total tumour load by a latent variable (underlying-non observed 

variable). Buil-Bruna et al used an unobserved variable to describe tumour size in SCLC 

patients, which up-regulated synthesis of lactate dehydrogenase (LDH) and neuron specific 

enolase (NSE) [20]. Treatment exposure modulated tumour size which in turn resulted in 

down-regulation of the biomarker levels. The authors showed that using NLME models to 

analyse multiple non-validated biomarkers could provide sufficient information to predict 

disease time course and could be used to identify, at the end of first line treatment, patients at 

risk of relapse in follow up visits [21]. Similarly, Wilbaux et al used an unobserved variable, 

influenced by chemotherapy and hormone-therapy, to describe prostate-specific antigen (PSA) 

and circulating tumour cells (CTCs) dynamics in prostate cancer patients [22]. This approach 

may be useful when developing semi-mechanistic models and longitudinal tumour size data is 

not available. However, care should be taken when using unobserved variables to ensure 

model parameters remain identifiable to avoid biased predictions.  

 

Population biomarker models using NLME have been recently review [17, 23]. Different 

strategies include the use of the kinetic modelling of human chorionic gonadotropin as an 

early predictor of methotrexate resistance in low-risk gestational trophoblastic neoplasia 

patients [24], mathematical models to personalize vaccination regimens to stabilize prostate-

specific antigen (PSA) levels [25, 26], or the use of soluble VEGF receptor 3 to monitor adverse 

events and clinical response in patients with imatinib-resistant gastrointestinal stromal 

tumours [27, 28].  
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Tumour size models  

Tumour size may be considered the gold standard biomarker for clinical outcome in oncology 

since it forms the basis of several clinical endpoints (i.e. disease free survival (DFS), overall 

response rate (ORR), time to progression (TTP), progression free survival (PFS) and time-to 

treatment failure (TTF)) [29]. In the last decade, several population models describing the time 

course of tumour size have been developed in order to characterize drug efficacy and predict 

long-term clinical outcomes. We refer the reader to two recent reviews on population tumor 

size modelling [30, 31]. Briefly, tumour-growth inhibition (TGI) models are based on ordinary 

differential equations, where the change in tumour size is explained by a net tumour growth 

minus tumour shrinkage due to drug efficacy. Tumour growth is often assumed to grow 

linearly, exponentially or following a Gompertz function. Shrinkage of tumours is related to 

some measure of drug exposure, such as drug concentration, area under the curve (AUC), or 

trough drug levels. These models have been used to derive tumour metrics (e.g. change in 

tumour size six or eight weeks after start of treatment or time to tumour (re)growth,…) which 

are useful to forecast clinical outcome. For example, Claret et al showed that estimated 

tumour size dynamics from a phase II clinical trial was capable of predicting overall survival in a 

phase III study for colorectal cancer patients [32].  

The current research in pharmacometrics applied to tumour growth analysis and its predictive 

capability on disease progression and/or survival is full of challenges and opportunities as for 

example: (i) analysis of the time course of individual lesions stratified by each affected organ 

compared to the sum of target lesions, (ii) proper consideration of new lesions appearance, or 

(iii) translation of data generated in the pre-clinical area to generate useful information in 

clinical settings. The latter represents one of the objectives within the DDMoRe project (W1.2 

oncology models) [http://www.ddmore.eu/]. 
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Although TGI models rely on continuous longitudinal tumour size measurements, clinical 

routine practice stills uses mainly the RECIST criteria to assess clinical efficacy [33]. The use of 

RECIST has several disadvantages and several authors have argued that it should not be the 

basis of response assessment [34, 35]. RECIST categorises continuous tumour size 

measurements from limited number of lesions into four different grades, which leads to loss of 

information. In addition, RECIST was originally defined mainly for cytotoxic agents, where drug 

efficacy always involved a reduction in tumour size. Therefore, the RECIST criteria is unsuitable 

for patients receiving newer cytostatic or anti-angiogenic therapies where prolonged 

stabilisation of the disease can be expected. Indeed, it has been reported that tumour 

response obtained with therapies based on cytokines, vaccines and monoclonal antibodies 

(e.g., ipilimumab) may be preceded by an initial disease progression according to RECIST [36-

39]. In light of these weaknesses, we strongly recommend clinicians to report, in addition to 

the RECIST category, continuous tumour size measurements from CT-scans. Nevertheless 

predictive PK/PD models can also be constructed based on non-continuous response variables 

as it will be shown below. 
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Figure 3 Example of a PK/PD model. Chemotherapy is given by bolus and it is assumed to show one-
compartment pharmacokinetics. Drug concentrations lead to tumor shrinkage by either inhibiting tumor 
proliferation or enhancing tumor death. Tumor cells are responsible to up-regulate biomarker synthesis. 
Either tumor and/or biomarker can be predictors of clinical endpoint (i.e. overall survival).*Tumour picture 

modified from Servier Medical Art, www.servier.com, Creative Commons Attribution. 3.0 Unported License 

 

Figure 4 Example of simulated time profiles of tumor size (left panel) and biomarker concentrations 
(right panel). Biomarker levels (right panel) are assumed to be constant over time if no tumor is present, 
condition implicit to the indirect response model (blue line). In the presence of a tumor which 
supposedly grows linearly (left, dark red line) and it’s assumed to up-regulate the synthesis of the 
biomarker, the biomarker levels are increased (right, dark red line). Under the presence of treatment 
(i.e. drug effect, in gray on the left panel) which we assume decreases the proliferation rate of the 
tumor, the rate at which the tumor increases is lower and therefore the total tumor size is decreased 
(left, yellow line). Consequently, if tumor size decreases, synthesis of biomarker also reduces and we can 
observe lower levels of biomarker compared to those without treatment (right, yellow line). 
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Adverse events models 

Although recent targeted therapies aim to decrease drug toxicity, it is still common to face 

adverse effects in the field of oncology. Dose reductions to alleviate toxicity risks disease 

relapse at later times. Model-based assessment of efficacy and toxicity can provide the 

quantitative means to predict and balance expected risk with expected benefit.  

The primary toxicities of concern include haematological and organ-specific toxicities. 

Regarding haematological toxicities, Friberg et al. [40] developed a model to characterise the 

time course of myelosuppression which has been widely used to model this type of toxicity, 

including neutropenia, leukopenia and thrombocytopenia [41-49]. This model is considered 

empirically accurate and physiologically plausible (i.e. semi-mechanistic) and has been applied 

to different chemotherapy drugs given alone and in combination. However, discrepancies in 

parameters estimates obtained with different administration routes [50] or with dosing 

regimens [51] suggested that some issues regarding the underlying physiological mechanism 

could be revised. Recently, Mangas-Sanjuan et al. [52] proposed an expanded version of this 

model by including one additional physiological process resembling cell cycle dynamics (Figure 

5) which allows the description of neutropenic effects after different dosing schedules of 

diflomotecan [52]. Just as TGI models are insufficiently supported by tumour size 

measurements categorised according to RECIST, toxicity models should be informed by 

continuous rather than categorical data. While grade IV toxicities may be life-threatening and 

therefore should be the endpoints to quantify and predict, such predictors can be obtained 

easily from the continuous data (e.g. neutrophils count) and dataset should keep all 

information. 

Other haematological drug toxic effects which have been characterized and quantified via 

NLME modelling include pharmacodynamic models to describe the haemoglobin time course 
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(i.e. anaemia) [53], alterations in liver enzymes such as alanine aminotransferase [54] and 

disruptions in blood pressure [55-57].  

Amongst organ-specific adverse events, gastro-intestinal and cutaneous toxicities are 

prominent. These findings are often quantified using grades since objective direct 

measurement is not always possible. In these cases, NLME models can employ discrete data 

models, for examples, logistic regression/proportional odds where the probability of certain 

grade is correlated with a measure of exposure, as for example shown for diarrhoea grades 

[58]. Additionally, Markov models can be used if the toxicity grades between nearby time 

points are correlated, as Henin et al. illustrated for hand-and-foot syndrome [59]. Since these 

models are ultimately empirical, caution should be taken when predicting response under 

untested dosing regimens. If available, continuous measurement should be collected.  

 

Figure 5 Semi-mechanistic cell cycle based PKPD model of chemotherapy-induced neutropenic effects. 
This model assumes that: (i) within the stem cell (SC) compartment proliferative (Prol) and quiescent 
(Qc) cells coexist, and cell cycle dynamics are described by first order processes governed by kcycle, (ii) 
quiescent cells comprise two compartments (Qc1 and Qc2), and (iii & iv) only cells in the proliferative 
condition are sensitive to drug effects, and capable to follow the maturation chain. The rest of model 
assumptions are equal to those reported in the Friberg’s model [40]. 
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Clinical endpoint models 

Traditionally, overall survival (OS) is characterized using an empirical Kaplan-Meier estimator, 

where the cox-proportional hazard test or a log-rank test is performed to compare different 

Kaplan-Meier curves (i.e. placebo vs treatment groups). In the pharmacometric field, 

parametric time-to-event (TTE) models are often preferred [60]. These models allow the 

identification of the underlying hazard function (i.e. the instantaneous event rate), from which 

the survival function (i.e. probability of remaining in the study) can be easily obtained by 

integrating the hazard with respect to time [61]. The main advantage of these types of models 

is that in addition to obtaining hazard ratios between two groups, simulations can be 

performed in different scenarios since the underlying hazard distribution is estimated. In 

addition, both time variant and invariant covariates can easily be introduced in the hazard 

function to explain some of the variability in OS. Although TTE models are called “overall 

survival” models, they are also applicable to describe other events, for example progression 

free survival, time of disease progression occurrence, time to complete response or time to 

toxicity event.  

Table 1 shows a representative example of the use of parametric TTE analyses and population 

PK/PD modelling in several cancer indications under a variety of treatments. As shown in Table 

1, the distributions most used to describe the underlying baseline hazard are the Weibull, log-

normal and log-logistic distributions. Note that since the first published model linking model-

based tumour size as predictor of survival [62], the number of publications including such 

analyses has increased notably in the last five years. The majority of reported articles used 

variables based on predefined time points as predictors such as change in tumour size after 6-

8 weeks of treatment or time to tumour growth (TTG). However, such predictors have some 

limitations in their ability to accurately predict outcome as previously discussed by others [31, 

63]. The use of a predictor’s full-time course to dynamically predict the disease time course 

and therefore outcome as shown recently in gastrointestinal stromal tumours [28], 
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gastroenteropancreatic neuroendocrine tumours [64] and metastatic prostate cancer [65] has 

been recommended to overcome some of those limitations and also to enable simulations of 

different scenarios [31]. 

ROLE OF PK INFORMATION IN PK/PD ANALYSIS 

The quantification of PK/PD relationships allows us to infer the underlying causal chain 

between dose-concentration-effect so that predictions of response in new and existing 

patients may be made. However PK samples (i.e. drug concentrations in plasma) are not 

always collected during clinical practice, and therefore alternative strategies have been 

developed to overcome that design limitation allowing the construction of PK/PD models:  

i) Use of previous knowledge 

Over the last decades, population PK models have been developed for most chemotherapy 

agents. Recently, Zandvliet et al presented a review of published clinical population 

analyses of anticancer drugs [66]. These models can be used to simulate individual profiles 

for the studied population. Details of the dosing regimen including dosage amounts and 

actual times of dosing are required. Individual covariate information (e.g. serum 

creatinine, body weight, etc…) can also be used to refine drug time course predictions 

when the covariates are present in the model.  

ii) K-PD model 

A K-PD model approximates the kinetics of a drug with a one compartmental PK model 

with the dosage form is treated as a bolus administration. The compartment is treated as a 

latent variable informed only by the pharmacodynamic data. This approach allows PK-

driven time dependencies between drug administration and target site exposure to be 

accounted for empirically and without PK data [67].  
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DATASETS  

Throughout this review we have highlighted the importance of obtaining, when possible, 

longitudinal, continuous data measurements rather than categories or summaries of data. 

Another aspect which is fundamental, which is often ignored by non-pharmacometricians, is to 

collect the exact time of dosing administration and exact time of observation. Actual dosing 

and observation times can differ significantly from planned times, which can affect the analysis 

and interpretation of results. Similarly, actual dosage amounts (and durations in the case of 

infusions) rather than planned amounts should be recorded for each patient to allow accurate 

characterisation of the dose-exposure-response relationship. One advantage when using NLME 

models is that observation times and dosing amounts do not necessarily need to be at the 

same time for all patients to generate robust models. 

In addition, regarding time-to-event models, one point to consider when constructing 

datasets, is that the information should include actual time of start of the study and actual 

time and nature of events. Also, monitored event types that do not occur in individuals at the 

end of the study (or observational period), should be recorded as censored information. 

Table II shows an example of dataset compatible with common NLME tools [68, 69] which we 

hope will provide a template to ensure sufficient information is collected to enable 

pharmacometric model building to take place. This example includes data sufficient for a 

complete PK/PD analysis of biomarker levels, tumour size measurements and overall survival. 
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CONCLUSIONS AND PERSPECTIVES 

In this review, we hope to have highlighted the potential benefits of pharmacometric 

techniques to aid in the efficiency of drug development programs and optimisation of current 

therapies in a manner accessible to clinical scientists and physicians. We have discussed the 

basic concepts with examples of existing PK/PD models being applied in the field of oncology. 

In summary, integrated population PK/PD/disease progression models provide a powerful tool 

to predict outcome so that the right dose can be given to the right patient to maximise drug 

efficacy and reduce drug toxicity. As such, pharmacometrics is ideally suited to offering 

patients “personalized medicine”. 

We have shown that PK/PD models can be developed with routinely collected medical record 

data, without the financial burden of a formal study and without compromising a clinician’s 

primary objective of treating patients. Therefore, we encourage the application of population 

models in the hospitals by generating close collaborations between physicians and 

pharmacometricians.
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The main aim of this thesis was to assess the use of circulating biomarkers and population 

pharmacokinetic/pharmacodynamic (PK/PD) modelling for personalised medicine and drug 

development in oncology. 

To achieve the above general aim, we focused on the following areas of development: 

1. Providing a quantitative disease monitoring strategy for small cell lung cancer (SCLC) 

patients using two biomarkers, namely lactate dehydrogenase (LDH) and neuron 

specific enolase (NSE). 

 For that purpose, the following specific objectives were set: 

- To describe LDH and NSE dynamics using a semi-mechanistic model including 

disease progression, therapy exposure and development of resistance.  

- To investigate the feasibility and performance of model-based biomarkers to 

predict clinical outcome.  

- To develop a framework to individualise disease monitoring in SCLC patients. 

 

2. Assessing the covariate effects of Chromogranin A (CgA) serum marker in patients with 

gastroenteropancreatic neuroendocrine tumours (GEP-NETs) on the progression free 

survival (PFS) probability. 

For that purpose, the following concrete objectives were set: 

- To describe the pharmacokinetic characteristics of Lanreotide Autogel® after 

deep subcutaneous injections using pooled data from four clinical studies, and 

to identify patient characteristics that influence the Lanreotide Autogel® 

absorption and disposition. 

- To develop a population PK/PD model integrating and linking sequentially 

Lanreotide Autogel® concentrations, CgA serum levels and progression free 

survival.  
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Abstract 

The development of individualized therapies poses a major challenge in oncology. Significant 

hurdles to overcome include better disease monitoring and early prediction of clinical 

outcome. Current clinical practice consists of using Response Evaluation Criteria in Solid 

Tumors (RECIST) to categorize response to treatment. However, the utility of RECIST is 

restricted due to limitations on the frequency of measurement and its categorical rather than 

continuous nature. We propose a population modeling framework that relates circulating 

biomarkers in plasma, easily obtained from patients, to tumor progression levels assessed by 

imaging scans (i.e., RECIST categories). We successfully applied this framework to data 

regarding lactate dehydrogenase (LDH) and neuronal specific enolase (NSE) concentrations in 

patients diagnosed with small cell lung cancer (SCLC). LDH and NSE have been proposed as 

independent prognostic factors for SCLC. However, their prognostic and predictive value has 

not been demonstrated in the context of standard clinical practice. Our model incorporates an 

underlying latent variable ("disease level") representing (unobserved) tumor size dynamics, 

which is assumed to drive biomarker production and to be influenced by exposure to 

treatment; these assumptions are in agreement with the known physiology of SCLC and these 

biomarkers. Our model predictions of unobserved disease level are strongly correlated with 

disease progression measured by RECIST criteria. In conclusion, the proposed framework 

enables prediction of treatment outcome based on circulating biomarkers and therefore can 

be a powerful tool to help clinicians monitor disease in SCLC. 
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INTRODUCTION 

 

The development of individualized therapies is currently a key objective in oncology, yet it 

poses significant challenges. An essential hurdle to overcome is the early prediction of clinical 

outcome from a given, newly-developed or existing, treatment. The difficulty lies in the 

multitude of factors influencing outcome (e.g. treatment efficacy, toxicity and development of 

resistance) and the limited predictive ability of current monitoring techniques. 

 

The Response Evaluation Criteria in Solid Tumors (RECIST) (1) defines current practice to 

categorize response to treatment, which has limited utility for prediction due to its non-

quantitative nature (2,3). A proposed solution is the use of quantitative tumor assessment 

measure. The sum of longest diameters (SLD), a continuous tumor size measurement, has 

been used in drug development to build predictive models to describe tumor size dynamics (4), 

however despite being a quantitative measurement, is not widely used in the clinic. An 

alternative proposed approach to predict clinical outcome is the use of circulating biomarkers. 

Circulating biomarkers are easily measured in peripheral blood and can be used in conjunction 

to the aforementioned imaging techniques, which are more limited in their frequency of 

measurement. Indeed, the use of biomarkers to obtain proof of concept is well established in 

drug development (5). However, there are several factors that might explain the current 

reluctance to use biomarkers in cancer therapy to evaluate response to treatment in clinical 

practice. The primary reason is lack of validated tumor-specific biomarkers. However, most 

validation attempts have been via empirical models which may not properly account for time 

dependencies between biomarker response and outcome, giving the illusion of poor predictive 

performance. Proper assessment of the predictive capacity of biomarkers should be in the 

context of mechanistic models linking their observed levels with clinical outcome. Thus far, 

there have been few examples using mechanistic models. Nevertheless, recent models 
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involving circulating biomarkers in cancer show that the (semi-)mechanistic approach is 

feasible (6,7). 

 

The objective of the current work is to investigate the feasibility of using biomarkers to predict 

the dynamics of tumor progression. First, we develop a semi-mechanistic model that describes 

the dynamics of biomarker concentrations in plasma over time. Second, we evaluate the 

predictive performance of the model by comparing model outcomes with the observed RECIST 

categories.  

 

We apply this modeling and prediction strategy to data obtained from medical records of 

patients suffering from small cell lung cancer (SCLC). SCLC, which accounts for 15-20% of all 

lung cancer diagnoses, is an aggressive and rapidly growing neoplasm. It is highly sensitive to 

chemotherapy and radiotherapy; however, tumor resistance to these treatments forms very 

quickly. Early detection of resistance is therefore a high priority in the treatment of SCLC. 

Several molecules have already been studied as potential tumor markers for SCLC (8,9). Among 

them, neuron specific enolase (NSE) and lactate dehydrogenase (LDH), both circulating 

enzymes involved in cellular glycolysis processes, appear to be the most promising biomarkers 

for our purpose. NSE is the most accepted tumor marker in diagnosis and monitoring of SCLC 

(10,11). LDH is a routinely collected biomarker that has been shown to be correlated with 

tumor size dynamics in several solid cancers (12,13), including SCLC (10).  
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METHODS 

Patients and data collection 

Historical data were collected from the medical records of 60 patients diagnosed with SCLC in 

the University Hospital of Navarra (Pamplona, Spain). All patients included in the dataset had 

histologically proven SCLC and had received combination therapy of a platinum compound 

(cisplatin or carboplatin) and etoposide as a first-line treatment. The regimen consisted of an 

intravenous (IV) infusion of 100 mg/m2 etoposide on days 1-3 concomitantly with 75 mg/m2 of 

cisplatin (day 1) or carboplatin AUC 5-6 mg·min/mL IV (day 1) every 21 days for 6 cycles. Blood 

samples for drug quantification were not available. Patients were staged at diagnosis according 

to the two-stage system (14) with imagining techniques. Patients were defined as having 

limited disease (LD) if their tumors were confined to a single hemithorax and regional lymph 

nodes that could be safely encompassed within a radiation treatment. Patients with metastatic 

sites that were visibly present outside the thorax were defined as having extensive disease 

(ED). LD patients also received conformal three-dimensional thoracic irradiation concomitantly 

with the third and the fourth cycle of chemotherapy. Some ED patients also received thoracic 

irradiation either as a consolidation therapy, if they had achieved a good response with 

chemotherapy, or as a palliative treatment for pain or superior cava vein compression 

syndrome. In addition, 50% of patients received complementary granulocyte colony-

stimulating factor (G-CSF). However, data regarding time scheduling and dose administration 

of G-CSF were not available. Supplementary Table I summarizes patient characteristics of the 

studied population. 

Tumor assessment 

Tumor assessment was performed through computed tomography (CT) scans (Siemens 

Sensation 64 or Siemens Somation Definition) before the commencement of therapy, between 

the second and third cycles of chemotherapy, at the end of the entire course of chemotherapy, 
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and every third month thereafter, in follow-up exams. From the CT scan, the calculated sum of 

the longest diameters was categorized according to modified RECIST criteria where the 

patient's response was classified according to the change in total tumor size since the previous 

CT scan. A detailed description of the tumor assessments obtained for LD and ED patients is 

shown in Supplementary Table I. 

Biomarkers measurements 

Blood samples for measurement of LDH and NSE were collected from each patient before 

commencement of therapy and when tumor assessment (through imaging techniques) was 

performed. LDH measurements were also made before the administration of each 

chemotherapy cycle. For some patients, additional samples were collected between cycles. A 

total of 369 LDH observations were included in the analysis, where each patient contributed a 

mean of six samples (range 3-16). A total of 152 NSE concentrations were included in the 

dataset, where each patient contributed four samples on average (range 1-7). A description of 

the methods used to quantify LDH and NSE concentrations is provided in the Supplementary 

material. 

Data analysis 

LDH and NSE concentrations measured in plasma were analyzed simultaneously by nonlinear 

mixed effects (NLME) modeling, also known as the population approach (15). Tumor 

assessment measurements were not used for model development, and were only used for 

external validation. An NLME model consists of a structural model, a random effects model 

and a covariate model. The structural model describes typical patient-level kinetics and 

dynamics. The random effects model quantifies interpatient variation in underlying biological 

processes and also random unexplained variability, including measurement error. These 

structural and random components together comprise the base model. The covariate model 

explains interpatient variability, which is quantified by the random effects model using 
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individual patient characteristics. During the analysis the observations were logarithmically 

transformed. Interpatient variability was assumed to follow a log-normal distribution. Residual 

errors were considered to be constant on the log scale (i.e., proportional on the 

untransformed scale) and were different for each biomarker. The SAEM algorithm, 

implemented in NONMEM v7.2, was used to estimate model parameters and to perform 

model simulations (16). To crosscheck results, we also used the SAEM algorithm implemented 

in MONOLIX v4.2 (17) . 

Model selection  

Selection among models was based on the following: (i) Log likelihood (denoted -2LL) ratio test 

(α= 0.05); (ii) precision of parameter estimates; and (iii) visual fit to data, evaluated according 

to goodness of fit plots. 

Base population model  

Figure 1 shows a typical LDH profile obtained from a patient. The figure reflects the main 

processes involved in the dynamics of LDH (and in those of NSE): LDH levels increase following 

treatment onset (1-4 weeks); this might be explained by a delayed drug effect on the 

biomarker, since the treatment has its effect on the disease rather than directly on the 

biomarker (which, in the absence of treatment, is expected to increase with tumor size). A 

subsequent decrease in LDH levels (4-10 weeks) reflects the treatment-related reduction in 

tumor size, which leads to a decrease in the synthesis rate of the disease biomarkers. Data 

corresponding to weeks 10-16 show the resistance effects through a continuous increase in 

LDH, despite the fact that the patient is still undergoing treatment. Finally, the natural disease 

progression after completion of six cycles of chemotherapy is reflected in weeks 16–25. 
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Figure 1: Example of an individual LDH time-profile. Treatment (etoposide + platinum compound) 
consisted of six chemotherapy cycles administered every three weeks (i.e. from week 1 (diagnosis) to 
week 16).The three features identified in most patients are disease progression (weeks 1-4 and weeks 
16-25), drug effect (weeks 4-10) and resistance effect (weeks 10-16). Vertical dashed lines represent 
time points at which tumor size was assessed through CT scans. Horizontal dotted lines correspond to 
the normal range of values of LDH. 

 

 

Figure 2 shows the schematic representation of the final population model we selected. The 

main assumptions of the model are: (i) the progression of the (unobserved) disease (which can 

be operationalized, for example, as tumor size) promotes the synthesis of LDH and NSE; (ii) the 

disease has an inherent progression rate; (iii) chemotherapy and radiotherapy elicit tumor 

shrinkage; and (iv) there is eventual resistance to treatment effects. 
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Figure 2: Schematic view of the final model and differential equations used to describe the 

model. DISEASE is a latent variable that represents disease progression and drives LDH and 
NSE production. RT (radiotherapy) and CT (chemotherapy) each affect disease level, where CT 
decreases its value and RT slows its linear growth. Resistance (REST) is modeled by linking 
cumulative exposure with a decrease in the drug effect. G-CSF (granulocyte colony-stimulating 
factor) increases the physiological LDH synthesis.  
 

 

The model consists of two main components (a) turnover models for biomarkers and (b) a 

model for a variable we refer to as "disease level", representing (unobserved) tumor size 

dynamics. The disease level model itself comprises of four sub-components: (i) a model for 

unperturbed disease level; (ii) a model for drug effects; (iii) a model for the effects of 

resistance to chemotherapy; and (iv) a model for the effect of radiotherapy. 

a. Turnover models for biomarkers 

LDH and NSE dynamics were described with turnover models (18). As already mentioned, a 

fundamental assumption in our model is that increases in biomarker levels are associated with 
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tumor progression, as we can observe in Figure 1 (weeks 1-4), so turnover models for both 

biomarkers take the form of equation 1:  

 

����(�)
�� = 	
�_�� +  	�_�� × �(�) − 	���_�� × ���(�) 

����(�)
�� = 	
�_��� +  	�_��� × �(�) − 	���_��� × ���(�) 

(1) 

 

where ���(�) and ���(�) are the biomarker log-concentrations through time,  	
�_�� and 

	
�_��� represent the zero-order synthesis rates of LDH and NSE, respectively, and 	���_�� 

and 	���_���  are the first-order rate constants of degradation for the corresponding 

biomarkers, D represents the disease level, and D(t) reflects the assumption that the disease 

evolves both in the absence and in the presence of treatment. The expressions corresponding 

to the initial conditions of LDH and NSE are shown in the Supplementary material. 

b. Model for disease level 

b.1. Unperturbed model. Equation 2 describes the dynamics of disease level in the absence of 

perturbation (i.e., treatment). The model corresponds to a linear increase governed by the 

zero-rate growth constant �. This simple choice was driven by the fact that data related to the 

disease were not used for model building. The value of the disease level at diagnosis (�(0)) 

was arbitrarily set to 1 in all patients.  

 
��(�)

�� =  � (2) 

 

b.2. Model for drug effects (���� ). Due to the lack of pharmacokinetic data a K-PD approach 

(19) was used: 

 
�!"(�)

�� =  −	�� × !" (3) 
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where CT represents the level of exposure to chemotherapy, and 	�� is the first-order 

elimination rate constant corresponding to exposure to the combined chemotherapeutic 

compounds (etoposide and platinum). Since the dose of drug combination was identical across 

patients, a normalized dose of 1 was used to describe the chemotherapy administration for 

each cycle. Chemotherapy was assumed to induce an irreversible reduction of the disease 

level, described as a second-order rate process of the form  � ��� = −# × !"(�) × �(�), 

where α is a second-order rate parameter accounting for the effectiveness of treatment. 

 

b.3. Model for resistance effect (�$%&
&�'�(%). A drug resistance term was included in the 

disease model to account for the resurgence in biomarker concentrations observed in some 

patients during treatment. We assumed that the resistance was related to the cumulative 

chemotherapy exposure: �$%&
&�'�(% = )*+×,-./0 , where γ is a parameter that scales the 

cumulative area under the CT curve (AUCCT ) from zero to each time point. 

 

b.4. Model for radiotherapy effect (�$'1
��2%�'34). Radiotherapy works by damaging the DNA 

of tumor cells, specifically those that are actively dividing. This damage causes cell death and 

may eliminate localized populations of tumor cells that are resistant to chemotherapy. 

Radiotherapy effects were included in the model as an irreversible effect on the proliferation 

rate of the disease of the form: �$'1
��2%�'34 = 1 − β× 6", where RT is a binary variable that 

takes the value of 0 before the beginning of radiotherapy and 1 afterwards, and the parameter 

β, constrained between 0 and 1, accounts for the magnitude of the radiotherapy effects. 

  

The complete model for disease level, incorporating chemotherapy, resistance and 

radiotherapy effects was therefore described by the following differential equation: 
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��(�)

�� =  � × �$'1
��2%�'34 − ���� × �$%&
&�'�(% (4) 

 

The final structural model for disease level comprised four of the ordinary differential 

equations defined above (equations 1, 3, and 4). The model parameters, including those 

included in ���� , �$%&
&�'�(% and �$'1
��2%�'34  , were assumed to be the same for the two 

biomarkers.  

During the development of the base model we tested all components of the disease model to 

identify potential areas of improvement. Several different relationships between ���� , 

�$%&
&�'�(%  and �$'1
��2%�'34  and the underlying state variables were investigated. 

Intermediate transit compartments to introduce delays between these terms and state 

variables were also explored for significance. Different models for disease level were evaluated 

(exponential, Gompertz, logistic). In addition, we examined a simplified version of the model 

presented above, which did not include a disease compartment, and in which ���� , 

�$%&
&�'�(%  and �$'1
��2%�'34  (with proper modifications) were applied directly to the 

biomarker parameters.  

Covariate selection 

Once the base population model was developed, a covariate analysis was performed. The 

following patient characteristics were considered for inclusion as covariates in the model: the 

stage of the disease (i.e., LD or ED), number of metastases, age, gender, co-administration of 

G-CSF, ECOG performance status and platinum compound received in chemotherapy 

combination (cisplatin or carboplatin). Covariate selection was performed using stepwise 

covariate modeling (20), by means of the -2LL ratio test with α = 0.05 for forward inclusion and 

α = 0.01 for backward deletion. 
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Model evaluation  

Prediction- and variability-corrected visual predictive checks (pvc-VPCs) (21) were conducted 

using 1000 simulated studies to detect notable structural and covariate model 

misspecifications. Precision of parameter estimates was obtained from the analysis of 1000 

bootstrap datasets. We obtained pvc-VPCs and bootstrap using the software Perl-speaks-

NONMEM (PsN) (20).   

Model predictive performance  

Predicted values of disease level were obtained by simulation with the individual parameter 

values at the exact same times at which CT scans were available (during treatment and all 

follow-up CT scans), according to the following equation: 

 ∆�7
 =  ��89:; − ��89
��89

 (5) 

 

where ��89  is the predicted disease level for patient j at observation point (CT scan) i, and 

��89:;  is the predicted disease level for patient j at the subsequent observation point (i.e., the 

following CT scan, approximately 8 weeks later). Changes in disease level between those CT 

scan times (∆�7
) were used to assess the predictive performance of the model through a 

receiver operating characteristic (ROC) curve (22) and a parametric time-to-progression model. 

ROC analysis 

Predictions of ∆D=> were classified as disease progression or non-disease progression (either 

response or stable disease) based on different chosen cut-off values. Each chosen cut-off value 

provides the probability to discriminate disease progression (sensitivity or true positive rate) 

from non-disease progression (specificity or true negative rate). The ROC curve summarizes 

the sensitivity and specificity for all discrimination cut-offs. We evaluate the area under the 

ROC curve (AUCROC) as an overall test of the model's performance. An AUCROC value of 0.5 
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indicates no association between prediction and true outcome, and a value of 1.0 indicates 

perfect association. Confidence intervals of the AUCROC values were computed using 1000 

bootstrap samples. For comparison purposes, the same ROC analysis strategy described for the 

disease was applied to the model-derived biomarkers and also to LDH and NSE observations 

(i.e., raw dataset). 

Progression free survival (time-to-progression) 

Different distributions (exponential, Weibull, log-logistic and Gompertz) were assessed to 

describe the baseline hazard rate. Changes in the predicted disease level between individual 

times of CT scans were introduced as predictors of the hazard, as shown in equation 6: 

 ℎ(�) = ℎ@(�)  × )A×∆�89 (6) 

 

where ℎ@(�) is the baseline hazard, B is a parameter to be estimated, and ∆�7
 is the predicted 

change in individual disease level, as defined in equation 5. 

Model parameters were obtained with the Laplacian method in NONMEM v7.2. This model did 

not include random effects; however, we accounted for interpatient variability by including the 

biomarker's individual predictions regarding changes in disease levels. Model selection and 

evaluation were based on -2LL and simulation-based diagnostics (i.e. Kaplan-Meier VPC: plots 

of observed data overlaid with a 95% prediction interval calculated from 1000 simulations of 

new patients). 

RESULTS 

The selected model represented in Figure 2 successfully described the dynamics of LDH and 

NSE concentrations in plasma over time. As an example of model fits, Figure 3a shows the 

individual predictions of LDH and NSE dynamics in nine representative patients. The estimates 

of the model parameters are shown in Table I. It is worth noting that in none of the cases the 

95% confidence intervals include the zero value, indicating that the parameters listed were 
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estimated with adequate precision. Data supported the estimation of interpatient variability 

with regard to λ, α, LDH and NSE concentrations at time zero (LDH0, and NSE0,, respectively) 

which ranged from 53% to 174%, reflecting the high dispersion in the data (Supplementary 

Figure S1). The remaining parameters were constrained to have a small degree of interpatient 

variability (15%) to facilitate estimation via the SAEM algorithm. The model seemed to capture 

well the overall shape and dispersion of the data, as reflected in the pvc-VPCs (Fig. 3b); this 

suggests an absence of major model misspecification. A low condition number (25.9) provided 

further evidence that the model was not over-parameterized. 

Different expressions for disease level provided poorer fit to the data, in terms of -2LL and 

goodness of fit plots. Similarly, attempts to modify ���� , �$%&
&�'�(% and �$'1
��2%�'34 did 

not improve the fit. In addition, attempts to simplify the final model did not succeed. Baseline 

disease level was set at 1 for all patients. During model building we attempted to describe 

inter patient variability in baseline disease burden. However, its inclusion was not statistically 

significant as determined by -2LL ratio test. This result suggested that the interpatient 

variability in initial disease status was accounted for in other model parameters. A model in 

which the disease variable was excluded fit the data very poorly, yielding a -2LL value that was 

almost 300 points greater than that obtained with the selected model. Likewise, when we 

attempted to fit LDH and NSE separately, the corresponding parameter estimates were less 

precise than those obtained when the two biomarkers were pooled together.  
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Table I: Model parameter estimates describing LDH and NSE dynamics 

 

 Parameter (units) Estimate 95% CI BSV % 95% CI 

Mutual 

λ (U weeks-1) 0.0067 0.0004-0.018 213 96.1-292 

ɣ (weeks-1) 0.377 0.294-0.512 15 NE 

KDE (weeks-1) 1.16  NE 54.8 NE 

α(U-1 weeks-1) 1.32 0.905-1.78 47.5 9.87-73.4 

β (weeks-1) 0.831 0.652-0.987 NE NE 

 Correlation(ηLDH0, ηNSE0) 0.684 0.457-0.782 NA NA 

LDH 

MRTLDH (weeks) 0.311 0.249-0.519 15 NE 

*Kin_LDH (IU L-1 weeks-1) 553 NA NA NA 

*Kin_LDH  if GCSF coadministration 

(IU L-1 weeks-1)  
757 NA NA NA 

*KD_LDH (IU L-1 weeks-1) 671 NA NA NA 

LDH0 (IU L-1) 352 301-412 61.5 47.3-74.6 

Residual error  0.205 0.182-0.229 NA NA 

NSE 

MRTNSE (weeks) 0.301 0.236-0.363 15 NE 

*Kin_NSE (ng mL-1 weeks-1) 15.0 NA NA NA 

*KD_NSE (ng mL-1 weeks-1) 126 NA NA NA 

NSE0 (ng mL-1) 47.7 35.4-62.7 92.1 64.6-120 

Residual error 0.402 0.306-0.506 NA NA 

 
 
Abbreviations: λ, linear rate of disease progression; ɣ, resistance parameter; KDE, first-order elimination constant of 
chemotherapy exposure (KDE and its associated interpatient variability were fixed according to the longest real half-
life time of the combination drugs administered to patients(1)); α, chemotherapy efficacy parameter; β, 
radiotherapy efficacy parameter; MRT, mean residence time (MRT = 1/KOUT); LDH0, LDH values at time=0; Kin_LDH, 

basal (physiological) LDH synthesis; KD_LDH , LDH synthesis driven by disease; Kin_NSE, basal NSE synthesis; KD_NSE, NSE 
synthesis driven by disease; NSE0, NSE values at time=0. BSV, between-subjects variability expressed in CV%, 
Residual error constant on logarithmic scale. NE = not estimated, NA=not applicable, *secondary parameters. 
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Figure 3 (A) LDH observations (green circles) with individual predictions (green lines) on the left y-axis 
and NSE observations (orange squares) with the individual predictions (orange lines) on the right y-axis 
for nine selected patients. Observations and predictions for both biomarkers are log-transformed. (B) 
pcv-VPC of LDH (left) and NSE (right) for the final model against chemotherapy cycles. Cycle 7 
corresponds to follow-up measurement. Solid black lines represent the 5th, 50th and 95th percentiles of 
the observed data. Shaded areas are the 95% confidence intervals based on simulated data (n = 1000) 

for the corresponding percentiles. 
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One would expect that the stage of the disease would influence some model parameters. For 

example, compared with patients with LD, patients with ED might be characterized by faster 

disease progression (higher values of λ), reduced drug effect (lower values of α) or greater 

resistance to treatment (higher values of γ). However, the stage of the disease and 

radiotherapy were confounding covariates, since almost 90% of patients with LD underwent 

radiotherapy. Separately, each covariate provided a substantial improvement of fit as 

compared with the base model, as reflected in a decrease of the -2LL; however, the inclusion 

of radiotherapy provided greater improvement than the inclusion of disease stage. We further 

evaluated the effects of including the presence of supplementary G-CSF therapy as a covariate 

on γ (resistance parameter) or on 	
�_��  (physiological LDH synthesis). While inclusion of G-

CSF as a covariate on γ did not significantly influence model fit, inclusion of G-CSF as a 

covariate on 	
�_��  reduced the -2LL by more than 30 points, and therefore this covariate 

relationship was kept in the final model. Indeed, among patients who received G-CSF, 	
�_�� 

values were 36.9% greater than among patients who did not receive G-CSF. No other 

relationships tested in the covariate analysis showed statistically significant effects.  

Given the complexity of the selected model, which involves several nonlinear functions, we 

sought to gain intuitive insight into the behavior of the different model components. Panels 

A1-3 (Fig 4) show the drug exposure effect, where typical profile indicates that drug effect is 

reduced to 50% of its initial value after three to four chemotherapy cycles (A3). Panels B1-4 

(Fig 4) show that had the model only included terms for drug and/or radiotherapy effects 

without resistance effects, we would have incorrectly predicted a steady monotonic decline in 

the disease level (B2 and B3), whereas the incorporation of the resistance effect enabled the 

adequate prediction of a disease nadir level, at approximately the fourth cycle of 

chemotherapy (B4). This tumor reduction corresponds to a median time to disease nadir (i.e., 

time to the lowest value of predicted disease) of 15.7 weeks (5.02 - 21.0) and involves disease 
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reduction of 73.9% (34.9% - 93.4%) from the arbitrary baseline value (95% confidence 

intervals).  

 

Figure 4: Typical simulated profiles (thick black solid lines) and individual simulated profiles (thin gray 
lines) from a population of 100 virtual individuals, using the model structure depicted in Figure 2 and the 
estimates of model parameters shown in Table I. Panel A represents the effect of chemotherapy 
exposure (A1), the level of resistance corresponding to AUCCT (A2), and drug effects in the presence of 
resistance (A3). Panel B shows predicted disease dynamics in different scenarios: 1) disease level in the 
absence of any treatment, 2) disease level in presence of chemotherapy, 3) disease level under 
radiotherapy and chemotherapy and 4) disease progression as it is described in our model (in the 
presence of radiotherapy, chemotherapy and resistance). 

 

ROC analysis 

To create the ROC curve, we used 218 predictions regarding each of three variables -disease 

level, LDH and NSE - together with the outcomes of 218 CT scans. Figure 5 shows that the 

three variables had discriminating ability to differentiate observed disease progression 

determined from the CT scans (AUCROC values are significantly above 0.5), indicating that the 

disease level and biomarker variables strongly correlate with actual disease progression. The 

Youden’s indices (i.e., cut-offs giving maximum specificity and sensitivity) were +23.5 for 
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disease level, +20.3 for NSE and +5.3 for LDH. Note that the Youden’s index obtained for 

disease level (23.5%) is very close to the classificatory criteria of RECIST for disease progression 

(i.e., 20%) (1).  

Although the AUCROC value obtained with the disease level variable was slightly higher than the 

values obtained with the model-derived LDH and NSE variables (Fig. 5), there was no 

statistically significant difference among the three AUCROC values. To investigate the added 

value of model-based approaches, we performed the same ROC analysis using raw data 

instead of model-derived predictions. In the case of LDH the AUCROC value obtained with 

model-derived LDH values was significantly higher than the AUCROC value obtained with LDH 

observations (p = 0.026) (Table II). Regarding NSE, where only 8 instances of observed disease 

progression (“events”) were included, the AUCROC values for model predicted and NSE 

observations were not significantly different (Table II). 

 

Figure 5: ROC curves (i.e. true positive rate (sensitive) vs. false positive rate (100-specificity)) for 
discriminating observed disease progression with simulated biomarker changes. Solid lines correspond 
to ROC curves, and the shaded area represents the confidence intervals obtained with bootstrapping.  
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Table II: Summary of AUCROC
 values (95% CI) obtained with the ROC analysis in different 

scenarios. 

Included data 
# CT scans 

(# events) 
Variable 

Model-based 

(predictions)  

Observations         

(raw data) 

All CT scans  218 (33) 

LDH 0.856 (0.793-0.920) NA 

NSE 0.857 (0.785-0.930) NA 

DISEASE 0.867 (0.801-0.934) NA 

CT scans       

when LDH 

observations 

were available 

154 (22) 

LDH 0.822 (0.730-0.914) 0.676 (0.548-0.804) 

DISEASE 0.829 (0.727-0.931) NA 

CT scans       

when NSE 

observations 

were available 

63 (8) 

NSE 0.891 (0.790-0.992) 0.907 (0.760-1.000) 

DISEASE 0.904 (0.810-0.999) NA 

 

Time-to-progression model 

A log-logistic model best characterized the underlying baseline hazard distribution of time-to-

progression, as follows:  

 
ℎ@ = C × D × �(E*F)

(1 + C × �E)G   

ℎ(�) = ℎ@ × )A×∆�89  

(7a) 

(7b) 

 

where C is the hazard coefficient, estimated to be 4.91x10-6 weeks -1 (CV 14.1%), and D is the 

shape factor, estimated as 3.66 (CV 2.4%). The inclusion of predicted disease changes (∆�7
 as 

defined in equation 5) in the base hazard equation (7) decreased the -2LL by 48 points (δ was 
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estimated to be 0.593, CV 7.04%). Data used to develop the model included biomarker 

measurements from diagnosis (i.e. time 0) until 25 weeks after diagnosis. Thus, it can be 

assumed that the individual parameters from the biomarker model used to create ∆�7
 were 

not affected by shrinkage (23), considering that events occurred mostly after 25 weeks. 

Median observed time-to-progression was 32.1 weeks (range 13.3–92.0 weeks), and median 

time-to-progression obtained from a simulation of 1000 new individuals was 32 weeks (95% CI, 

14.4–80.0 weeks). The Kaplan-Meier VPC shows good predictive performance of the time-to-

progression model (Fig. 6).  

 

 

Figure 6: Kaplan-Meier plot of progression free survival (black line) and 95% prediction intervals (gray 
shaded area) based on 1000 simulations. The hazard rate is described by a log-logistic distribution. The 
baseline hazard is increased by predicted changes in the latent disease variable between CT scan times 
(approximately 8 weeks). 
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DISCUSSION AND CONCLUSIONS 

The ability to use a biomarker as a surrogate endpoint, defined as “a substitute for a clinically 

meaningful endpoint [that] is expected to predict the effect of a therapeutic intervention” 

(24), will potentially benefit oncology practice and drug development. Since the relations 

between biomarker concentrations and disease progression might not be linear and 

straightforward, it is necessary to develop mechanistic models to characterize them. Currently, 

there are available examples of studies that explored the use of biomarkers as surrogate 

endpoints using different analytical approaches in several cancer indications (25) . 

Our analysis focused on LDH and NSE, which have not thus far been used extensively to predict 

clinical outcomes, despite the fact that pre-treatment levels of both molecules have been 

proposed as independent prognostic factors for SCLC. The absence of predictive studies 

incorporating these biomarkers may, in part, stem from the fact that several studies 

demonstrating the utility of NSE and LDH for SCLC predictions yielded contradictory 

conclusions (26-34). These contradictions may have resulted from the use of empirical data 

analysis. In addition, lack of specificity with LDH is widely accepted, since variability in 

circulating LDH can be explained by multiple causal factors. This was also reflected in our data 

by a low AUCROC value (0.676) obtained in the ROC analysis with LDH observations. The 

advantage of using a mixed effect model based approach is that non-SCLC related causal 

factors can be described by random unexplained variability. This approach therefore corrects 

for the unexplained variation to provide more predictive LDH values. This was reflected by the 

much larger AUCROC (0.822) obtained with model-based individual predictions of LDH. Recent 

studies have proposed other biomarkers that might be more specific for SCLC, including 

progastrin-releasing peptide (proGRP) (11,35) and circulating tumor cells (36). Nevertheless, 

our aim here was to provide an example in which the combination of suitable and readily 

available longitudinal biomarker measurements with modeling approaches can be used to 

describe tumor dynamics for SCLC.  
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We have developed a pharmacodynamic model that successfully describes the dynamics of 

LDH and NSE concentrations in plasma over time, in patients with limited and extensive SCLC 

disease, treated with first-line chemotherapy and radiotherapy. We focused on developing a 

model capable of describing our longitudinal data in a biologically consistent manner to 

maximize predictive capability. The result was a semi-mechanistic model, in which an 

underlying "disease level" variable was responsible for regulating biomarker concentrations 

(through its effect on biomarker synthesis rates). We assumed that LDH and NSE enzymes are 

produced by a constant zero-order rate and cleared at a first-order elimination rate (i.e. 

indirect or turnover model) in healthy individuals. In addition to the physiological biomarker 

production, we assumed that the disease level increases LDH and NSE levels. This is consistent 

with the Warburg effect (37) which is the basis of the use of positron emission tomography 

(PET) (38), and states that malignant cells chose anaerobic glycolysis even in oxygen-rich 

conditions although is less energy efficient (39). Since both LDH and NSE are glycolytic 

enzymes, an increase in their synthesis rate allows tumor cells to undergo anaerobic glycolysis. 

We therefore assumed that the disease level results in an additional zero-order production of 

LDH and NSE. In fact, several studies show how both enzymes are increased in different cancer 

cells (for example in 40-42). Whilst these assumptions are an approximation of the complex 

biological processes, we believe that they are sufficient to capture the major processes 

influencing biomarker and disease time courses. 

The final model separated SCLC-specific (λ in equation 2; KD_LDH and KD_NSE in equation 1) and 

treatment related parameters (KDE in equation 3; α, ɣ and β in equation 4). Our success at 

describing drug and system specific parameters with only routinely collected medical records 

suggests that similar modeling approaches may work with other treatments and/or cancer 

types. In our model a reduction in disease level (i.e., tumor shrinkage due to chemotherapy 

and to radiotherapy) is reflected in a decrease in the biomarker concentration. Therefore, both 

chemotherapy and radiation therapy do have effects on LDH and NSE, however such effects 
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are not direct effects. Chemotherapy and radiotherapy are considered to reduce tumor burden 

which in turn affects LDH and NSE production. Our use of the cumulative drug dose to model 

resistance to chemotherapy was consistent with the known pattern of the formation of 

resistance to platinum compounds (43). Finally, published studies show that treatment with G-

CSF enhances LDH concentrations among healthy individuals (44), non-cancer patients (45) 

and cancer patients (46). This effect is probably related to the expansion of myeloid cell mass 

associated with exposure to G-CSF (47). Our model captures this effect and suggests that the 

increment might be due to an increase of physiological LDH synthesis.  

The model has several limitations. First, the analysis was restricted to data gathered from 

patients who received the described therapy regimen as first-line treatment. Subsequent 

treatments administered to patients were much more heterogeneous, with low numbers of 

patients associated with each treatment and few corresponding LDH and NSE measurements. 

Nonetheless, further work could expand this model to include second- and third-line 

treatment. The relationship between treatment and drug effects was established through a K-

PD model due to the lack of pharmacokinetic information. Whereas this approach enables a 

good description of the data, the absence of pharmacokinetic profiles may hamper the 

interpretation of the variability seen in the response. Although the K-PD approach is certainly 

an approximation, the simplified pharmacokinetic model was sufficient to build a predictive 

biomarker and disease model. Another drawback is that the model could not distinguish 

pharmacokinetic or pharmacodynamic differences between cisplatin and carboplatin, due to 

lack of data. Similarly, there was insufficient information to take into account different 

radiotherapy administration schedules.  

ROC analysis can be only performed for dichotomized variables. We focused on disease 

progression, reflecting the clinical objective to identify tumor relapse early on. This 

identification will allow clinicians to optimize treatment strategy at the individual level. Our 
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model allowed us to predict biomarker levels at any time of interest (exact times where CT 

scan were also available), thereby increasing the robustness of the ROC analysis (results with 

small sample size and small number of events should be interpreted with caution). As shown in 

Table II and described in the Results section, in all analyses, the AUCROC value obtained with the 

disease level variable was higher than 0.8 and was higher than the AUCROC values obtained 

with model predictions of either LDH or NSE. This result supports our modeling assumption 

that the disease level variable is representative of tumor size. This assumption is further 

supported by the time-to-progression model, which related changes in the disease level to 

observed time to progression, and allowed us to assess the impact of time on the model's 

predictive performance. 

 

In this case study, NSE concentrations had significant predictive value per se in the context of 

SCLC. However, other biomarkers in SCLC or in other cancer indications might not have similar 

predictive power. Our semi-mechanistic modeling approach enables the relationships between 

biomarker dynamics and tumor size dynamics to be properly identified. Our approach 

highlights the need for proper quantitative analysis in other cancer types and/or different 

biomarkers and should be considered even in the case of lack of relevant biomarkers, as the 

building of the current model using the non-specific biomarker LDH shows. 

 

In conclusion, we have developed a model for biomarker dynamics that, without using tumor 

size data, is capable of predicting disease progression assessed by CT scans (RECIST data) in 

SCLC patients. We believe that the proposed modeling framework of circulating biomarkers 

could constitute a powerful additional strategy for disease monitoring in SCLC patients.  
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Supplementary Material  

Biomarker quantification 

LDH concentration in plasma was determined by a kinetic spectrophotometric method (Roche 

Diagnostics Hitachi Modular P). The range of quantification for the LDH assay was 10-1000 IU/L 

(inaccuracy <3.4% and imprecision <2.9%). The normal range of values for healthy individuals, 

according to the hospital laboratory, is between 160 and 320 IU/L. 

NSE concentration in plasma was measured by electro-chemiluminescence immunoassay 

(Roche Hitachi Modular Analytics E170). The range of quantification for the NSE assay was 

0.050-370 ng/mL (inaccuracy <5.3% and imprecision <6.7%). According to the hospital 

laboratory, normal NSE concentrations for healthy individuals are any measurements lower 

than 15 ng/mL.  

From equation 1, the following relationships hold:  

 

LDH(0) =
K>K_LMN + KM_LMN × D(0) − Oλ × KM_LMN KQRS_LMNT U

KQRS_LMN
 

NSE(0) =
K>K_YZ[ + KM_YZ[ × D(0) − Oλ × KM_YZ[ KQRS_YZ[T U

KQRS_YZ[
 

(S1) 

 

The parameters KM_LMN and KM_YZ[ in equation S1 are considered disease-specific, while 

all other parameters are dependent on each biomarker. 
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Table I: Patient characteristics at diagnosis and overall tumor size information  

             Limited disease (n=18)      Extensive disease (n=42) 

 # % # % 

     Age (years)       

          Mean (range) 67.8 (48-78) - 61.0 (40-85) - 

    Gender      

          Male 13 72.2 38 90.5 

          Female 5 27.8 4 9.5 

     ECOG status       

          0 10 55.6 14 33.3 

          1 8 44.4 24 57.1 

          ≤2 0 0 4 9.5 

     Metastasis      

         Lymph nodes 9 50 28 66.7 

         Brain 0 0 12 28.6 

         Suprarenal glands 0 0 9 21.4 

         Liver 0 0 13 30.9 

         Bones 0 0 17 40.5 

         Other sites 0 0 14 33.3 

     LDH (UI/L)     

         Median (range) 237 (176 -592) - 322 (163-3480) - 

     NSE (ng/mL)     

         Median (range) 30.96 (9.85-155) - 67.7 (11.5-2534) - 

Treatment strategy     

        Etoposide + cisplatin 9 50 31 73.8 

        Etoposide + 

carboplatin 
9 50 11 26.2 

        Thoracic irradiation 16 88.9 13 30.9 

G-CSF co-

administration 
9 50 21 50 

Tumor assessments  CT scans    

1st 
CR / PR / SD / DP 1 / 10 / 6 / 1 0 / 26 / 16 / 0 

Time in weeks (range) 7.7 (6.0-24.1) 6.7 (2.6 -12.4) 

2nd 
CR / PR / SD / DP 5 / 3 / 8 / 0 2 / 11 / 22 / 4 

Time in weeks (range) 22.2 (10.3-27.1) 14.4 (9.6 -37.3) 

3rd 
CR / PR / SD / DP 0 / 0 / 9 / 2 1 / 1 / 12 / 7 

Time in weeks (range) 34.1 (25.3-48.3) 22.6 (15.6 - 51.1) 

4th 
CR / PR / SD / DP 0 / 0 / 7 / 2 0 / 0 / 6 / 11 

Time in weeks (range) 48.3 (34.0-56.3) 30.1 (20.0-44.1) 

5th 
CR / PR / SD / DP 0 / 0 / 7 / 0 0 / 0 / 1 / 3 

Time in weeks (range) 65.0 (42.1-83.6) 46.7 (33.0-91.9) 

ECOG = Eastern Cooperative Oncology Group (ECOG)), Tumor assessments according to RECIST v1.1. but 
defined according to previous CT (computed tomography) scan, where CR=complete response, 
PR=partial response, SD=stable disease, DP= disease progression. LDH lactate dehydrogenase, NSE 
neuronal specific enolase, G-CSF granulocyte colony-stimulating factor.  
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Figure S1: LDH (Left) and NSE (right) individual concentration-time profiles. Dashed gray lines represent 
the threshold normal values of each biomarker. 
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Appendix I  

NONMEM estimation file 

$PROBLEM    ; FINAL MODEL 

$INPUT      ID TIME FLAG EVID MDV AMT STAGE CMT RT2 DV CYC2 GCSF 

$DATA        NSE_LDH_v4RT_v5_GCFS.csv  

  IGNORE=@  

$SUBROUTINE  ADVAN13 TOL9 

$MODEL    COMP=(DRUG)  

  COMP=(DISEASE) 

COMP=(LDH)  

COMP=(NSE)  

COMP=(REST)   

COMP=(RT) 

$PK 

;;;;;;; COMMON PARAMETERS FOR BOTH BIOMARKERS 

; PROLIFERATION RATE DISEASE 

  TVLAMB =  THETA(1) 

  MU_1 = LOG(TVLAMB) 

  LAMB = EXP(MU_1+ETA(1)) 

 

; RESISTANCE PARAMETER 

  TVGAMMA =  THETA(2) 

  MU_2 = LOG(TVGAMMA) 

  GAMMA = EXP(MU_2+ETA(2)) 

 

; KDE 

  TVKDE =  THETA(3) 

  MU_3 = LOG(TVKDE) 

  KDE = EXP(MU_3+ETA(3)) 

 

; EFFICACY PARAMETER 

  TVALFA =  THETA(4) 

  MU_4 = LOG(TVALFA) 

  ALFA = EXP(MU_4+ETA(4)) 

 

; RADIOTHERAPY EFFECT 

  TVBETA =  THETA(5) 

  MU_5 = LOG(TVBETA) 

  BETA = EXP(MU_5+ETA(5)) 

 

; DISEASE AT T=0 

  TVDIS0 =  THETA(6) 

  MU_6 = LOG(TVDIS0) 

  DIS0 = EXP(MU_6+ETA(6)) 

 

;;;;;;; PARAMETERS FOR LDH 

; BASAL LDH FOR HEALTHY INDIVIDUALS 

  TVLDHH =  THETA(7) 

  MU_7 = LOG(TVLDHH) 

  LDHH = EXP(MU_7+ETA(7)) 
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; DEGRADATION CONSTANT LDH 

  TVKOUTL =  THETA(8) 

  MU_8 = LOG(TVKOUTL) 

  KOUTL = EXP(MU_8+ETA(8)) 

 

; LDH AT T=0 

  TVLDH0 =  THETA(9) 

  MU_9 = LOG(TVLDH0) 

  LDH0 = EXP(MU_9+ETA(9)) 

 

 

;;;;;;; PARAMETERS FOR NSE 

; NSE AT T=0 

  TVNSE0 =  THETA(10) 

  MU_10 = LOG(TVNSE0) 

  NSE0 = EXP(MU_10+ETA(10)) 

 

; BASAL NSE FOR HEALTHY INDIVIDUALS 

  TVNSEH =  THETA(11) 

  MU_11 = LOG(TVNSEH) 

  NSEH = EXP(MU_11+ETA(11)) 

 

; DEGRADATION CONSTANT NSE 

  TVKOUTN =  THETA(12) 

  MU_12 = LOG(TVKOUTN) 

  KOUTN = EXP(MU_12+ETA(12)) 

 

 KINHN = NSEH*KOUTN 

 KINHL = LDHH*KOUTL 

 

 KINN = (KOUTN*NSE0-KINHN)/DIS0 

 KINL = (KOUTL*LDH0-KINHL)/DIS0 

 

 IF(GCSF.EQ.0) COADM = 1 

 COV = THETA(13) 

 IF(GCSF.EQ.1) COADM = 1+COV 

 

 

 A_0(1)= 0 

 A_0(2)= DIS0 

 A_0(3)=(KINHL*COADM+KINL*DIS0)/KOUTL 

 A_0(4)= NSE0 

 A_0(5)= 0 

 A_0(6)= 0 

 

 

$DES 

 

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

DADT(2) =  LAMB*(1-BETA*A(6)) -  A(2)*A(1)*EXP(-GAMMA*A(5))*ALFA 

DADT(3) =  COADM*KINHL+KINL*A(2) - KOUTL*A(3) 

DADT(4) =  KINHN+KINN*A(2) - KOUTN*A(4) 

DADT(5) =  A(1) 

DADT(6) =  0 
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$ERROR 

DRUG = A(1) 

DIS  = A(2) 

LDH  = A(3) 

NSE  = A(4) 

REST = A(5) 

RT   = A(6) 

 

IF(FLAG.EQ.2)  THEN 

  IPRED=LOG(LDH) 

  W=THETA(14) 

ENDIF 

 

IF(FLAG.EQ.3) THEN 

  IPRED=LOG(NSE) 

  W=THETA(15) 

ENDIF 

 

Y=IPRED+W*EPS(1) 

IWRES=(DV-IPRED)/W 

 

 

$THETA 0.014    ; LAMBDA 

$THETA 0.322 ; GAMMA 

$THETA 1.16 FIX ; KDE 

$THETA 1.03 ; ALFA 

$THETA 0.841 ; BETA 

$THETA 1 FIX ; DIS0 

$THETA 160 FIX ; LDHH 

$THETA 3.43 FIX ; KOUTL 

$THETA 386 ; LDH0 

$THETA 37.6 ; NSE0 

$THETA 5 FIX ; NSEH 

$THETA 2.81  ; KOUTN 

$THETA 0.1 ; GCSF 

$THETA 0.206 ; RESIDUAL ERROR LDH 

$THETA 0.486 ; RESIDUAL ERROR NSE 

$OMEGA 2.14 ; BSV LAMBDA 

$OMEGA 0.0225 FIX ; BSV GAMMA 

$OMEGA 0.3 FIX ; BSV KDE 

$OMEGA 0.23 ; BSV ALFA 

$OMEGA 0.0225 FIX ; BSV BETA 

$OMEGA 0.0225 FIX ; BSV DIS0 

$OMEGA 0.0225 FIX ; BSV LDHH 

$OMEGA 0.0225 FIX ; BSV KOUTL 

$OMEGA 

BLOCK(2) 

0.256 

0.329 

0.752 

; BSV LDH0 

; LDH0~NSE0 

; BSV NSE0 

$OMEGA 0.0225 FIX ; BSV NSEH 

$OMEGA 0.0225 FIX ; BSV KOUTN 

$SIGMA 1 FIX ; ERROR 

$ESTIMATION METHOD=SAEM INTERACTION NBURN=1000 ISAMPLE=2 

NITER=150 CTYPE=3 CITER=10 CALPHA=0.05 CINTERVAL=10 NOABORT 

$ESTIMATION METHOD=IMP INTERACTION EONLY=1 NITER=5 ISAMPLE=5000 

PRINT=1 SIGL=8 NOPRIOR=1 

$COVARIANCE MATRIX=R PRINT=E UNCONDITIONAL SIGL=12 
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Appendix II  

NONMEM dataset example   

- ID: patient identification 

- TIME: time in weeks  

- FLAG: identification variable 

•  0: chemotherapy cycle administration 

• 2: LDH observations 

• 3: NSE observations 

- EVID: event identification  

• 0: observation record 

• 1: dosing record 

- MDV: missing dependent variable  

- AMT: amount of chemoteraphy adminsitired in aribitrary units  

- STAGE: patient stage at diagnose 

• 1: limited disease 

• 2: extensive disease 

- CMT: compartment associated with dosing/observation records 

• 1 : dosing 

• 3 : LDH observations 

• 4: NSE observations  

- RT2: concomitant radiotherapy 

- DV: dependent variable, in ng/mL for NSE observations and IU/L for LDH observations 

- CYC2: chemotherapy cycle (1-6) and follow-up (7) 

- GCSF: concomitant administration of granulocyte-colony stimulating factors 
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ID TIME2 FLAG EVID MDV AMT STAGE CMT RT2 DVL CYC2 GCSF 

3 1.6 0 1 1 1 2 1 0 . 1 0 

3 4.4 2 0 0 0 2 3 0 5.5013 2 0 

3 4.4 0 1 1 1 2 1 0 . 2 0 

3 7.4 2 0 0 0 2 3 0 5.6384 3 0 

3 7.4 0 1 1 1 2 1 0 . 3 0 

3 10.4 2 0 0 0 2 3 0 5.6454 4 0 

3 10.4 0 1 1 1 2 1 0 . 4 0 

3 13.4 2 0 0 0 2 3 0 5.4848 5 0 

3 13.6 0 1 1 1 2 1 0 . 5 0 

4 0.3 0 1 1 1 2 1 0 . 1 0 

4 3.4 2 0 0 0 2 3 0 5.8916 2 0 

4 3.4 0 1 1 1 2 1 0 . 2 0 

4 6.4 2 0 0 0 2 3 0 5.6419 3 0 

4 6.4 0 1 1 1 2 1 0 . 3 0 

4 9.4 2 0 0 0 2 3 0 5.6419 4 0 

4 9.4 0 1 1 1 2 1 0 . 4 0 

4 12.4 2 0 0 0 2 3 0 5.6595 5 0 

4 12.6 0 1 1 1 2 1 0 . 5 0 

4 15.4 2 0 0 0 2 3 0 5.6348 6 0 

4 15.4 0 1 1 1 2 1 0 . 6 0 

4 20.6 2 0 0 0 2 3 0 5.5947 7 0 

4 20.7 0 1 1 1 2 1 0 . 7 0 

5 0 0 1 1 1 1 1 1 . 1 0 

5 12 2 0 0 0 1 3 1 5.4806 2 0 

5 12.1 0 1 1 1 1 1 1 . 2 0 

5 12.1 0 1 1 1 1 6 1 . . 0 

5 15.7 2 0 0 0 1 3 1 5.6312 3 0 

5 15.7 0 1 1 1 1 1 1 . 3 0 

5 22 2 0 0 0 1 3 1 5.4806 7 0 

6 0 2 0 0 0 2 3 0 6.8638 1 1 

6 0.6 0 1 1 1 2 1 0 . 1 1 

6 3.6 0 1 1 1 2 1 0 . 2 1 

6 6.4 2 0 0 0 2 3 0 5.4889 3 1 

6 6.7 0 1 1 1 2 1 0 . 3 1 

6 9.4 2 0 0 0 2 3 0 5.3471 4 1 

6 9.6 0 1 1 1 2 1 0 . 4 1 

6 12.4 2 0 0 0 2 3 0 5.5134 5 1 

6 12.6 0 1 1 1 2 1 0 . 5 1 

6 15.4 2 0 0 0 2 3 0 5.4381 6 1 

6 15.6 0 1 1 1 2 1 0 . 6 1 

6 22.3 2 0 0 0 2 3 0 5.8111 7 1 

7 0.1 0 1 1 1 2 1 0 . 1 1 

7 0.1 3 0 0 0 2 4 0 3.7991 1 1 

7 3.1 2 0 0 0 2 3 0 5.3375 2 1 

7 3.1 0 1 1 1 2 1 0 . 2 1 

7 3.1 3 0 0 0 2 4 0 2.1782 2 1 

7 5.9 2 0 0 0 2 3 0 5.4205 3 1 
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ID TIME2 FLAG EVID MDV AMT STAGE CMT RT2 DVL CYC2 GCSF 

7 6 0 1 1 1 2 1 0 . 3 1 

7 8.7 2 0 0 0 2 3 0 5.4848 4 1 

7 9 0 1 1 1 2 1 0 . 4 1 

7 11.9 2 0 0 0 2 3 0 5.5334 5 1 

7 11.9 0 1 1 1 2 1 0 . 5 1 

7 11.9 3 0 0 0 2 4 0 2.0931 5 1 

7 15.1 2 0 0 0 2 3 0 5.6348 6 1 

7 15.1 3 0 0 0 2 4 0 2.2824 6 1 

7 15.3 0 1 1 1 2 1 0 . 6 1 

7 19.1 2 0 0 0 2 3 0 5.6095 7 1 

10 1.1 2 0 0 0 2 3 0 5.8551 1 1 

10 1.1 3 0 0 0 2 4 0 5.6893 1 1 

10 2 0 1 1 1 2 1 0 . 1 1 

10 3 2 0 0 0 2 3 0 5.7991 1 1 

10 3.4 2 0 0 0 2 3 0 5.4424 1 1 

10 5.6 2 0 0 0 2 3 0 5.7071 2 1 

10 5.7 0 1 1 1 2 1 0 . 2 1 

10 8.4 2 0 0 0 2 3 0 5.7746 3 1 

10 8.4 3 0 0 0 2 4 0 4.2834 3 1 

10 8.6 0 1 1 1 2 1 0 . 3 1 

10 11.4 2 0 0 0 2 3 0 5.6204 4 1 

10 11.4 3 0 0 0 2 4 0 4.5818 4 1 

10 11.6 0 1 1 1 2 1 0 . 4 1 

10 14.4 2 0 0 0 2 3 0 5.7301 5 1 

10 14.6 0 1 1 1 2 1 0 . 5 1 

10 17.4 2 0 0 0 2 3 0 6.1717 6 1 

10 17.4 0 1 1 1 2 1 0 . 6 1 

10 17.4 3 0 0 0 2 4 0 4.3349 6 1 

10 21.1 2 0 0 0 2 3 0 6.2916 7 1 



 

 

 

 

 

 

Chapter 2



 
 

 
 



 

 

Early Prediction of Disease 

Progression in Small Cell Lung 

Cancer: Toward Model-Based 

Personalized Medicine in 

Oncology 
 

Núria Buil-Bruna1, Tarjinder Sahota2, José-María López-Picazo3, Marta Moreno-

Jiménez4, Salvador Martín-Algarra3, Benjamin Ribba5 and Iñaki F. Trocóniz1 

 

 

Cancer Research 2015 May 4 [Epub ahead of print] 

(doi: 10.1158/0008-5472.CAN-14-2584) 

 

1, Department of Pharmacy and Pharmaceutical Technology, School of Pharmacy; 

University of Navarra, IdiSNA Navarra Institute for Health Research, Pamplona, Spain 

2, Clinical Pharmacology Modelling and Simulation, GSK, United Kingdom 

3, Department of Medical Oncology, University Clinic of Navarra, University of Navarra, 

IdiSNA Navarra Institute for Health Research, Pamplona, Spain 

4, Department of Radiation Oncology, University Clinic of Navarra, University of 

Navarra, IdiSNA Navarra Institute for Health Research, Pamplona, Spain 

5, INRIA, Ecole Normale Supérieure de Lyon, Lyon, France. 

 

Running title: Model-Based Personalized Disease Monitoring 



 
 

 
 



 Chapter 2 

 

111 

Abstract 

Predictive biomarkers can play a key role in individualized disease monitoring. Unfortunately, 

the use of biomarkers in clinical settings has thus far been limited. We have previously shown 

that mechanism-based pharmacokinetic/pharmacodynamic modeling enables integration of 

non-validated biomarker data to provide predictive model-based biomarkers for response 

classification. The biomarker model we developed incorporates an underlying latent variable 

(disease) representing (unobserved) tumor size dynamics, which is assumed to drive biomarker 

production and to be influenced by exposure to treatment. Here we show that by integrating 

CT scan data, the population model can be expanded to include patient outcome. Moreover, 

we show that in conjunction with routine medical monitoring data, the population model can 

support accurate individual predictions of outcome. Our combined model predicts that a 

change in disease of 29.2% (relative standard error 20%) between two consecutives CT scans 

(i.e.  6-8 weeks) gives a probability of disease progression of 50%. We apply this framework to 

an external dataset containing biomarker data from 22 small cell lung cancer patients (four 

progressing during follow up). Using only data up until the end of treatment (a total of 137 LDH 

and 77 NSE observations), the statistical framework prospectively identified 75% of the 

individuals as having a predictable outcome in follow up visits. This included two of the four 

patients who eventually progressed. In all identified individuals, the model predicted outcomes 

matched the observed outcomes. This framework allows at risk patients to be identified early 

and therapeutic intervention/monitoring to be adjusted individually, which may improve 

overall patient survival. 
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MAJOR FINDINGS  

We propose a framework based on non-linear mixed effects modeling to individualize disease 

monitoring in small cell lung cancer patients. We use data routinely collected during first line 

treatment (two biomarkers and CT scan outcomes) to obtain probabilities of disease 

progression in follow-up visits. We propose a model-based framework that can be used to 

identify at risk patients early for individualization of therapeutic intervention and monitoring. 

This framework can be applied to other biomarkers and/or type of cancers in order to aid 

personalization of disease monitoring in oncology. 
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INTRODUCTION 

Lung cancer (LC) is the leading cause of cancer mortality around the world (1-3). In the United 

States and Europe, small cell lung cancer (SCLC) accounts for 13 to 20% of all new cases and 

deaths from LC (4, 5). Treatment of SCLC is based on chemotherapy and radiotherapy. In the 

last 30 years, few therapeutic strategies have been successful in clinical trials (6) and many 

important questions regarding effective treatment strategies remain open (7, 8). These include 

the duration of the treatment, the role of maintenance and consolidation therapies, the role of 

chemoradiotherapy, alternative combination chemotherapy agents and dose intensification. 

While responses rates (RRs) to first-line treatment (generally combinations of platinum 

compound and etoposide) are high, RRs to second-line treatment are generally lower due to 

rapid onset of resistance (9). Amongst other factors, RRs to second-line depend on the time 

elapsed between the end of first-line treatment and the detection of disease recurrence (9). 

Therefore, early identification of the individual risk of disease recurrence is a key component 

of effective clinical management. 

Prognosis of untreated patients with SCLC is poor, with a median survival of 2 to 4 months 

after diagnosis. Currently, the main prognostic factor of SCLC is the disease stage at diagnosis 

(10). The most widely used staging classification is the dichotomous system developed by the 

Veterans Administration Lung Study Group (VALSG). This method classifies patients with 

limited-stage disease (LD) (those with tumor confined to the hemithorax of origin, the 

mediastinum, or the supraclavicular lymph nodes) and extensive-stage disease (ED) (those 

whose tumor has spread outside these limits; ref 11). SCLC is characterized by its fast growth 

and rapid onset of widespread metastases where approximately 30% of patients with SCLC are 

diagnosed as limited-stage and the remaining 70% as extensive-stage (4). The median survival 

for LD SCLC is 14-20 months, and the 2- and 5-year survival rates are 30% and 10%, 

respectively. For ED SCLC, median survival is 9-12 months, and survival after two years occurs 

in less than 5% of patients (4). In addition to stage at diagnosis, performance status and other 
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clinical parameters such as age, gender and number and location of metastatic tumors, have 

been proposed as predictive and prognostic factors (10, 12-14). 

Existing methods to detect disease progression in SCLC and most solid tumors generally rely on 

CT scans, where the change in the sum of longest diameters (SLD) is assessed. In particular, the 

RECIST criteria define disease progression as change of 20% in SLD or appearance of new 

metastases (15). Recommendations during follow up of SCLC include a CT scan every two to 

three months (9, 16). This follow-up strategy, however, means that significant disease 

progression can already occur even before the recurrent disease is detected. In a retrospective 

study, Sugiyama et al. showed that a more intensive follow-up strategy in SCLC patients that 

had achieved response to first line treatment resulted in significantly higher post relapse 

survival and overall median survival compared to non-intensive follow-up patients (17). 

However, more intensive follow up programs may not be necessary for all patients since early 

identification of high risk patients may enable targeted monitoring programs to ultimately 

improve individual patient survival.  

The use of circulating biomarkers has been proposed for predicting patient outcome. However, 

despite the easy collection of those biomarkers in many tumor types, their use has had limited 

uptake due to the lack of validated markers of disease progression (18). One of the reasons is 

that establishing the link between biomarkers and tumor progression is not a trivial task. The 

prevailing strategy has been to use simple univariate and multivariate analysis to determine 

biomarker relevance. With SCLC, elevation of serum lactate dehydrogenase (LDH) is found in 

half of patients, and up to 85% of patients with ED (10, 19). Some studies have also proposed 

other biomarkers which may have prognostic significance, namely neuron-specific enolase 

(NSE), chromogranin, circulating tumor cells and progastrin-releasing peptide (20-22). 

However, the prognostic and predictive value of these biomarkers has not been widely 

accepted in the context of standard clinical practice and therefore their use as predictive 
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biomarkers has been limited (23). The empirical methods used to assess these biomarkers, 

however, may not provide an accurate representation of their utility since appropriate 

assessment of the predictive capacity of biomarkers should be in the context of mechanistic 

models (24-26). Indeed, we have previously shown that when these biomarkers are integrated 

into a mechanistic model of disease time-course, model-based disease predictions showed 

high correlation with outcome (27). These models allow for time-dependent and nonlinear 

relationships between biomarker and outcome to be accounted, which may not be detected 

by a simple assessment of correlation. Mechanistic models also allow data from multiple 

biomarkers to be integrated together to obtain improved predictors of response. With SCLC 

we found that model-based disease predictions showed higher correlation with outcome than 

either biomarker individually. 

The traditional approach for using markers for individual prediction generally relies on the 

comparison of biomarker levels with an established cut off value (e.g. derived from ROC 

analysis). Indeed, our previously developed SCLC biomarker model could have been used in 

this manner for individual prediction. However, with cut off approaches, individuals with 

similar disease profiles may have very different predictions of outcome if they lie close to the 

cut-off value. This unsatisfactory situation arises because a cut-off approach describes risk as a 

dichotomous rather than continuous variable. In contrast, a probabilistic model-based 

approach allows the continuous disease-risk relationship to be accurately modeled and 

provides quantitative predictions of individual risk. Patients predicted to have high 

probabilities of disease progression may therefore be provided with alternative therapeutic 

strategies whilst patients predicted to have less certain outcomes may be more intensively 

monitored. 

Based on the above considerations, the main objective is to develop a framework which allows 

at risk patients to be identified early so that therapeutic intervention and monitoring can be 
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individualized. We use our previously reported biomarker model (27) to develop and illustrate 

this framework in SCLC.  

MATERIAL and METHODS 

Data 

Two datasets were available: a training and an external dataset. The training data was identical 

to the data used to develop and assess the previously reported biomarker model (27). The 

external dataset was retrospectively collected from the medical records of 22 patients 

diagnosed in the University Hospital of Navarra (Pamplona, Spain) between 2012 and 2014. 

We included all treatment-naïve SCLC patients (as determined by histological examination) 

receiving first line chemotherapy (i.e. etoposide plus either cisplatin or carboplatin). No 

patients satisfying these inclusion criteria were excluded from the analysis. Figure 1a depicts 

standard treatment and follow-up periods. Treatment typically included six chemotherapy 

cycles given every three weeks. Some patients also received concomitant radiotherapy in the 

primary tumor (hemithorax). Tumor assessments were performed with computed tomography 

(CT) before the commencement of therapy, between the second and third cycles of 

chemotherapy, at the end of the entire course of chemotherapy, and every second/third 

month thereafter in follow-up exams. Clinical outcome was categorized according to modified 

RECIST criteria, where the sum of the longest diameters is compared with the value of the 

previous CT scan. Since the medical records did not contain the exact tumor size 

measurements, only the derived RECIST categories were used in the data analysis. Biomarker 

(LDH and NSE) samples used to externally validate the model were obtained during the 

treatment period. The time courses of LDH and NSE are shown in Supplementary Figure S1. 

The external dataset included a total of 137 LDH and 77 NSE observations during treatment 

period and a total of 78 CT scans, obtained during both treatment and follow-up periods. Out 

of the 22 patients, 7 patients (31.8%) had CT scans with disease progression (with 3 patients 
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progressing just after finishing first line treatment). A more detailed description of the data can 

be found in Table 1 which lists also the patients and study characteristics of the training 

dataset.  

 

Figure1: a, Schematic representation of typical pharmacological and disease monitoring protocol in 

SCLC patients. Vertical rectangles correspond to CT scans (tumor assessment); gray vertical arrows 
correspond to each chemotherapy (CT) cycle (etoposide plus cisplatin or carboplatin) and horizontal 
gray arrow depicts concomitant radiotherapy; b, Schematic representation of the developed 

framework. Light shaded area corresponds to already published work (27) where darker shaded areas 
are developed within this paper. 
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Overview 

We have previously developed a population model describing the dynamics of LDH and NSE in 

SCLC patients (27). A schematic view of the published biomarker model and model equations 

can be found in supplementary Figure S2. In the present work, we extend this biomarker 

model with a logistic model to link model predictions from the biomarker model with clinical 

outcome (observed disease progression). We then perform an external validation of both the 

biomarker and the logistic models. We then used the combined biomarker/logistic model to 

predict, at the end of first line treatment, individual probabilities of disease progression in 

follow-up periods. Figure 1b shows a schematic diagram of the workflow. 

Biomarker model and external validation 

Our previously published semi-mechanistic model for NSE and LDH dynamics has not yet been 

assessed using an external data set (27). We therefore used the newly acquired external 

dataset to perform an external validation of biomarker predictions in these new patients.  

External validation of the biomarker model at the individual level was based on basic goodness 

of fit (GOF) plots. Individual parameters for the new set of patients were obtained in NONMEM 

7.2 (28) by evaluating the empirical Bayes estimates (EBEs). EBEs are conditional estimates of 

an individual’s model parameters given the parameter estimates from the population model 

(27), the individual observations (LDH and NSE concentrations), and covariate information 

(radiotherapy and G-CSF therapy) from patients in the external dataset. 

The external validation at the population level was based on simulation-based diagnostics, 

namely prediction- and variability-corrected visual predictive checks (pvc-VPCs; ref 29) as 

implemented in PsN (30). Briefly, VPCs evaluate the model’s ability to describe the central 

tendency and variability in the observed data by comparison of the observed quantiles to the 

quantiles of the simulated datasets. We produced pvc-VPCs by simulating 1000 replicate 

datasets with the same characteristics of the external data set (i.e. patient numbers, sample 
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times, intervention and covariate information) by sampling new sets of individual parameters 

from the estimated population parameter distributions (27). 

 

Model for RECIST outcome 

RECIST data were dichotomized into two categories (disease progression and non-disease 

progression) and analyzed using by logistic regression. We fit a linear logit model to relate the 

probability of having disease progression at the CT scans to the model predicted changes in 

disease (equation 1) between each CT scan and its previous CT scan. The logit transformation 

(equation 2) assures that the probability of having disease progression as outcome of a CT scan 

will fall between 0 and 1.  

 

Di,j is the predicted disease level for patient j at observation point (CT scan) i, and ΔDi,j is 

the predicted change in disease level for patient j between observation point i and i+1 (i.e., the 

following CT scan, approximately 8 weeks later). P(DPij|η) represents the probability of disease 

progression in the jth individual at the ith measurement (CT scan), η is a subject level random 

effect (normally distributed with mean 0 and variance OMEGA) describing inter-patient 

variability in the probability of disease progression, θ1 is the intercept parameter and θ2 is the 

slope parameter. To obtain meaningful initial parameter estimates, θ1 and θ2, were 

parameterized in terms of ΔD80 and ΔD50, which describe the ΔD predicted to cause a 50% and 

80% probability of disease progression [P(DP)], respectively. Thus, the intercept and the slope 

take the form of θ1=- ΔD50 x  θ2 and θ2= log(4)/(ΔD80 - ΔD50). 
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The logistic model was obtained using the CT scans from treatment and follow-up periods of 

patients belonging to the training dataset. Model parameters were estimated in NONMEM 7.2 

using the SAEM algorithm (28). Model evaluation was based on the construction of VPCs, in a 

similar manner to the biomarker model evaluation. The VPC compared the observed 

proportion of patients showing disease progression in each CT scan with the model predicted 

distribution of the same proportion attained in 1000 simulated datasets. Since a model may 

perform well at the population level (i.e. it may predict well the proportion of patients 

progressing at each CT scan) but it may perform poorly with individual patient prediction, we 

also evaluated the predictive accuracy of the model at the individual level. This was achieved 

by applying the framework detailed in the next section (Individual early prediction of disease 

progression) but modified to use all data available (i.e. biomarker and CT scans outcomes). The 

final output was a graphical comparison of the predicted individual distribution of P(DP) with 

the actual outcome of each CT scan. 

 

Individual early prediction of disease progression 

To simulate decision making after completion of first line treatment, we evaluated P(DP) 

predictions of the first two follow-up CT scans (i.e. the period 6 months after end of treatment) 

using data up to the end of first line treatment, by comparing the predicted P(DP) distributions 

at the first and the second follow-up CT scans with the observed CT scan outcomes.  

Biomarker (LDH and NSE) samples from patients in the external dataset obtained during the 

treatment period were used to create patient-specific disease profiles during treatment and 

follow-up using the Bayesian algorithm in NONMEM 7.2 (28). Changes in the distribution of 

predicted disease levels were computed in accordance with equation 1. The logistic model was 

then used to convert predicted changes in disease levels to probabilities of disease progression 

at the times where CT scans were collected (equation 2). In order to account for uncertainty in 
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population and individual model parameters, we obtained the full uncertainty distribution of 

P(DP) predictions for each individual using Markov chain Monte Carlo (MCMC) evaluation in 

NONMEM 7.2 (28). In total, 1000 MCMC samples were obtained from the stationary 

distribution with Gibbs sampling to obtain individual uncertainty distributions. 

RESULTS 

Biomarker model and external validation 

Results of the external validation (individual and population level) of the previously developed 

biomarker model (27) are shown in Figure 2 and indicate that individual profiles (2a), typical 

tendencies and data dispersion (2b) are well captured by the model. 

Model for RECIST outcome 

Predicted P(DP) was obtained by logistic regression where the expression for the logit included 

a linear function of ΔDi,j and ΔDi,j is the change in predicted disease between two consecutive 

CT scans using the biomarker model (27). Estimation of inter-patient variability in the logistic 

model was not supported by the data. The estimates of the transformed parameters (see 

Methods) ΔD50 and ΔD80 were 0.292 and 0.510 with relative standard errors of 20.2% and 

30.2%, respectively.  

Figure 3a shows the relationship between the typical probability of disease progression and 

ΔDi,j. In Figure 3b the performance of the logistic model at the population level is shown for 

the training and external datasets. The predictive accuracy of the model at the individual level 

is shown in supplementary Figure S3. Results indicate adequate model performance in both 

cases. 
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Figure 2: External model validation at the individual level (a) and at the population level (b) using new 

patient data (external dataset). a, LDH observations (green circles) with individual predictions (green 
lines) on the left y-axis and NSE observations (orange squares) with the individual predictions (orange 
lines) on the right y-axis for nine selected patients. Observations and predictions for both biomarkers 
are log-transformed. Vertical black arrows depict chemotherapy administration. b;  pcv-VPC of LDH (left) 
and NSE (right) for the final model against chemotherapy cycles. Cycle F corresponds to follow-up 
measurement. Dots depict individual observations (LDH and NSE concentrations). Solid black lines 
represent the 5th, 50th and 95th percentiles of the observed data. Shaded areas are the 95% confidence 
intervals based on simulated data (n=1000) for the corresponding percentiles.  
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Figure 3: a, Logistic regression model linking predicted changes (on the x-axis) in disease with probability 
of disease progression at a CT scan (on the y-axis). b; Visual predictive checks for the combined 
biomarker/logistic model where the observed proportion of patients with observed disease progression 
at each CT scan is compared with proportion obtained with simulated data (n=1000) for the training 
dataset (upper panel) and the external dataset (lower panel). CT scan #1 is taken during treatment, CT 
scan #2 corresponds to the tumor assessment obtained at the end of first line treatment and CT scans 
>#2 are obtained in the follow-up period. Dots represent observed proportion. Dark gray shared areas 
are the 90% confidence intervals, light gray shared areas are interquartile ranges based on simulated 
data and black line represents the median of the simulated data. 

 

Individual early prediction of disease progression 

P(DP) predictions for follow up visits were obtained for new SCLC cancer patients (external 

dataset) assuming that only treatment period data was available (see Figure 1). Figure 4 shows 

the schematic of the Bayesian framework developed for prediction. P(DP) uncertainty 

distributions were obtained using the full nonparametric distribution of the predicted disease 

in accordance with equation 2 (Figure 4b-4d).  
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Figure 4: Schematic illustration of algorithm used to obtain predicted probabilities of progression at 

first and second follow-up scans based on biomarker samples from treatment period. Briefly, a, LDH 
and NSE observations from a new patient are obtained during treatment period. b, The full posterior 
distribution of predicted disease level for this patient is generated using a Full Bayesian MCMC analysis 
using the population biomarker model as a prior. c, Distribution of changes in predicted disease levels 
between two CT scans are computed. d, Distribution of predicted changes in disease are translated to 
distribution of P(PD) at each CT scan. 

 

Figure 5 shows the results comparing the predicted P(DP) with the observed patient status (i.e. 

disease progression vs non disease progression) at the first and second follow up scans. For 

demonstration purposes, P(DP) predictions higher than 80% were deemed “high confidence” 

or “reliable” predictions of a disease progression outcome. Similarly, P(DP) predictions lower 

than 20% were deemed “high confidence” predictions of a non-disease progression outcome. 

Out of 24 CT scan measurements, 75% of the P(DP) predictions were prospectively identified 

as “high confidence” predictions. As can be seen in Figure 5, all “high confidence” P(DP) 
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predictions correctly predicted follow up outcomes with 100% accuracy using treatment only 

data. The remaining 25% of the P(DP) predictions were deemed to be of insufficient 

confidence to provide a reliable prediction of outcome. A total of four individuals experienced 

disease progression in the two follow up scans. Two of these four outcomes were 

prospectively identified as having “high confidence” P(DP) predictions. 

 

 

Figure 5: Predicted probabilities of progression at the first two follow-up CT scans for patients in 

external dataset obtained from their biomarker data collected up to end of first line treatment. Empty 
rhombuses represent patients that did not have disease progression in the CT scan and filled squares 
depict patients with observed disease progression at each CT scan. Dotted and solid lines depict the 25th 
and 75th quantiles corresponding to the individual posterior distribution. 
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DISCUSSION 

In the last decade, great advances have been made in the area of personalized medicine 

thanks to pharmacogenomics and targeted therapies (31-33). Likewise, great efforts have been 

made to develop new predictive biomarkers to personalize therapy to individuals (34, 35). In 

this work, we used known biomarkers together with probabilistic non-linear mixed effects 

models (NLME) within a framework to improve personalized disease monitoring.  

The disease we have investigated together with the current monitoring strategy would 

traditionally be viewed as challenging for prediction due to the heterogeneity in response and 

highly dynamic nature of SCLC (36). On a conceptual level, the predictive capability of the 

model may be restricted by the ability to infer underlying disease processes from the available 

data. However, our success with predicting SCLC outcome suggests that the integrated NLME 

approach (combining individual biomarker and scan data) may have wider utility to other 

cancers even when available biomarkers have not historically been considered as predictive 

markers. In fact, NLME models have been used in the past to describe circulating biomarker 

dynamics and clinical outcome in different cancer indications. Some examples include the use 

of mathematical models in prostate cancer to personalize vaccination regimens to stabilize 

prostate-specific antigen (PSA) levels (37, 38), the use of CA125 as a predictive marker of 

ovarian cancer (39), the kinetic modeling of human chorionic gonadotropin as an early 

predictor of methotrexate resistance in low-risk gestational trophoblastic neoplasia patients 

(40), and the use soluble VEGF receptor 3 to monitor adverse events and clinical response in 

patients with imatinib-resistant gastrointestinal stromal tumors (41, 42). A key strength of 

NLME models is that they provide a description of individual variability in population level 

trends. NLME modeling also provides a rigorous statistical basis to individual prediction using 

Bayesian methodology, so that information from available individual level observations is 

balanced with knowledge and uncertainty in population level trends (43, 44). 
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The external dataset was used to evaluate the predictive accuracy of the previously reported 

biomarker model (27). Interestingly, NSE values in Table 1 are lower in the external dataset 

compared to the training dataset. This is likely due to differences in diagnostic techniques used 

between the two datasets leading to the Will Rogers phenomenon (45), where stage migration 

due to new methods of diagnosis leads to a systemic bias in measures of central tendency. 

Patients in the training dataset were staged using imaging techniques while patients included 

in the external dataset (more recently diagnosed) were staged according to the PET (Positron 

emission tomography) technique. Due to the highly metabolic nature of SCLC, it has been 

shown that the use of PET can increase staging accuracy, resulting in a higher percentage of 

patients upstaged from limited- to extensive- disease compared to patients downstaged from 

extensive- to limited- disease (46). Nevertheless, the biomarker and the RECIST model were 

capable to describe observations from the external dataset.  

After successful external validation of the combined biomarker/logistic model, we investigated 

the feasibility of using data up to end of first line treatment to obtain early prediction of 

disease progression in follow up visits. Although we defined thresholds for “high confidence” 

P(DP) predictions to assess overall predictive accuracy in our external dataset, we do not 

recommend establishing arbitrary thresholds such as P(DP)>80% in clinical practice. This is 

because personalized dosing decisions should account for all available individual information 

including patient characteristics, available treatments and their expected tolerability and 

efficacy. We therefore envisage quantitative prediction of probability of progression as being 

one factor for oncologists to consider. 

The surprising result of this investigation was that biomarker data gathered only during the 

treatment period was sufficient to provide reliable predictions for 75% of follow up tumor 

assessment results. Moreover, disease progression was confidently predicted at the end of 

treatment for two out of the four cases present in the external dataset. Although the sample 
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size here is limited, this suggests that the approach can be used to optimize the timing of 

commencement of second line therapy in a significant proportion of patients. As an example, 

ID patient 107 completed first line treatment on week 13 and was detected to be in disease 

progression in week 24. As shown in Figure 5, our framework could have confidently predicted 

this outcome from the treatment-only data. Figure 6 corroborates this by showing that the 

model-predicted disease profile was increasing up to thirteen weeks prior to the follow up CT 

scan, a period where the patient was receiving no treatment. These model predictions could 

have been made at the end of first line treatment, providing oncologists with the option to 

continue first line therapy or commence second line therapy immediately at the end of first 

line treatment for this particular patient.  

 

 

Figure 6: Predicted disease profile for representative patient which had high predicted probability of 

progression at the first follow-up CT scan (ID patient 107). Shaded area represents posterior 
distribution of disease predictions.  Treatment for this patient was given between time 0 and 13 weeks. 
Vertical lines represent CT scans (week 7= CT scan during treatment; week 13 = CT scan at the end of 
first line treatment; week 24= first follow-up CT scan).  
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For the 25% of assessments where P(DP) were not deemed to be of “high confidence” (i.e. 20% 

< P(DP) < 80%), the framework fails to provide reliable predictions of outcome. However, 

physicians can still derive relevant information from the model: there is insufficient individual 

level information for these patients and therefore these patients should be considered “at 

risk”. Intensive monitoring plans can then be followed to gather more individual level 

information. For example, for ID 100 (Fig 5), who progressed at the first follow up scan, the 

uncertainty intervals indicate that the true P(DP) may be above 80%, so the decision could be 

taken to continue weekly or biweekly visits for additional biomarker monitoring as a 

precautionary measure. Another example of a “non-high confidence” prediction is patient 104, 

who had an expected P(DP) at second follow-up scan of 30.3% and progressed at this scan. 

Although this P(DP) does not fall into the P(DP)>80% range, 30.3% is not a small probability of 

progression and therefore this patient should also be considered at risk and monitored 

carefully. It is the opinion of the authors, that although many patients were predicted not to 

progress with high confidence, a reduced monitoring schedule relative to existing practices 

would not be advisable due to the reliance of the RECIST criteria on an approximately fixed 

interval between CT scans.  

On a statistical level, the main distinction between the proposed framework and traditional 

binary classification systems is that the output is a continuous probability measure associated 

with a binary state rather than a binary state itself. The consequence of unreliable predictions 

in binary classification systems is the potential for inappropriate treatment decisions for 

individuals. As discussed though the primary strength of the proposed framework, is the ability 

identify a priori individuals with reliable/unreliable predictions and tailor 

treatment/monitoring strategies as appropriate, providing value to physicians even when 

there is significant individual uncertainty in underlying predictor variables. 
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Limitations 

Several limitations have already been stated in this discussion section and in the discussion 

section of Buil Bruna et al (27). All limitations applying to the previously reported biomarker 

model also apply here. Briefly, the limited numbers of patients available for the training 

dataset means that the ability to accurately quantify inter-patient variability effects is reduced. 

Individual prediction in some instances may therefore be limited if the patient is atypical of 

individuals in the training dataset. A K-PD model was used to describe the relationship 

between treatment and drug effects due to the lack of pharmacokinetic information. The 

absence of PK information likely hampers the interpretation of the variability seen in the 

response. There was also insufficient information to incorporate differences in radiotherapy 

administration into the model.   

In this work, the latent disease variable representing tumor size dynamics that was used to 

predict disease progression was inferred from two biomarkers. Although our results suggest 

that predictive biomarkers allow inference of the latent disease variable, actual tumor size 

measurements, when available, should be more informative. In fact, a recent review article 

summarizes several population models describing tumor growth dynamics using tumor size 

measurement data (47). However, medical records of the SCLC patients did not include exact 

tumor size measurements, which is a frequent occurrence with routinely collected medical 

data. In addition, there is a high degree of heterogeneity in the number, time and frequency of 

samples (biomarker and CT scans) between patients, which translates into heterogeneity in 

the precision of individual P(DP) predictions. The proposed framework, however, accounts for 

these differences by quantifying the uncertainty in P(DP) predictions. 

Avenues for further research 

Optimal design methodology (48) could be applied to identify the optimum number and time 

of measurements to narrow prediction uncertainty. 
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We modeled the RECIST endpoint as a binary variable for simplicity. However, the additional 

step of modeling the four different RECIST categories (i.e. complete response, partial response, 

stable disease and disease progression) may further increase the individual predictive 

accuracy.  

Efficacy and toxicity associated with second line therapies have not been formally considered 

in this analysis. Therefore it is currently not possible to quantify what early commencement of 

second line therapy would mean in terms of expected patient outcome (e.g. increased survival 

times or remission rates). In order to quantify the added value of early treatment in terms of 

measureable endpoints, a model based analysis of efficacy and toxicity endpoints from second 

line therapy would be required. 

Summary and conclusions 

We recommend the use of the proposed prediction framework to support proactive 

personalized medicine in SCLC patients during and following first line treatment. Development 

of the model-based framework required only patient medical record data and did not require 

commissioning of a new study. The feasibility of the approach should be investigated with 

other cancers.  
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Supplementary material 

 

 

Figure S1: LDH (upper panels) and NSE (lower panels) individual log-transformed concentration-time 
profiles from training dataset (left panels) and external dataset (right panels). Thick lines are loess 
smooth of the data and dashed gray lines represent the threshold normal values of each biomarker. 
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Figure S2: Schematic view of the biomarker model and differential equations used to describe the 
model. Briefly, DISEASE is a latent variable that represents disease progression and drives LDH and NSE 
production. RT (radiotherapy) and CT (chemotherapy) each affect disease level, where CT decreases its 
value and RT slows its linear growth. Resistance (REST) is modeled by linking cumulative exposure with a 
decrease in the drug effect. G-CSF (granulocyte colony-stimulating factor) increases the physiological 
LDH synthesis. 
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Figure S3: Prediction accuracy at the individual level of RECIST model: Predicted probabilities of 
progression (sorted in ascending order) during treatment (SCAN 1 and SCAN 2) and at the first two 
follow-up CT scans for patients in internal dataset (left) and external dataset (right) obtained from all 
data available (i.e. biomarker and CT scans outcome). Empty rhombuses represent patients that did not 
have disease progression in the CT scan and filled squares depict patients with observed disease 
progression at each CT scan. Dotted and solid lines depict the 25th and 75th quantiles corresponding to 
the individual posterior distribution. 
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Appendix I  

NONMEM estimation file 

$PROBLEM      ; FINAL MODEL 

$INPUT      ID TIME FLAG EVID MDV AMT STAGE CMT RT2 DV CYC2 GCSF 

$DATA        NSE_LDH_RECIST.csv  

  IGNORE=@  

$SUBROUTINE  ADVAN13 TOL9 

$MODEL    COMP=(DRUG)  

  COMP=(DISEASE) 

COMP=(LDH)  

COMP=(NSE)  

COMP=(REST)   

COMP=(RT) 

$PK 

;;;;;;; COMMON PARAMETERS FOR BOTH BIOMARKERS 

; PROLIFERATION RATE DISEASE 

  LTVLAMB =  THETA(1) 

  TVLAMB = EXP(LTVLAMB) 

  MU_1 = LTVLAMB 

  LAMB = EXP(MU_1+ETA(1)) 

 

; RESISTANCE PARAMETER 

  LTVGAMMA =  THETA(2) 

  TVGAMMA = EXP(LTVGAMMA) 

  MU_2 = LTVGAMMA 

  GAMMA = EXP(MU_2+ETA(2)) 

 

 

; EFFICACY PARAMETER 

  LTVALFA =  THETA(3) 

  TVALFA =  EXP(LTVALFA) 

  MU_3 = LTVALFA 

  ALFA = EXP(MU_3+ETA(3)) 

 

; RADIOTHERAPY EFFECT 

  LTVBETA =  THETA(4) 

  TVBETA =  EXP(LTVBETA) 

  MU_4 = LTVBETA 

  BETA = EXP(MU_4+ETA(4)) 

 

 

; DEGRADATION CONSTANT LDH 

  LTVKOUTL =  THETA(5) 

  TVKOUTL =  EXP(LTVKOUTL) 

  MU_5 = LTVKOUTL 

  KOUTL = EXP(MU_5+ETA(5)) 

 

; LDH AT T=0 

  LTVLDH0 =  THETA(6) 

  TVLDH0 = EXP(LTVLDH0) 

  MU_6 = LTVLDH0 

  LDH0 = EXP(MU_6+ETA(6)) 
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;;;;;;; PARAMETERS FOR NSE 

; NSE AT T=0 

  LTVNSE0 =  THETA(7) 

  TVNSE0 = EXP(LTVNSE0) 

  MU_7 = LTVNSE0 

  NSE0 = EXP(MU_7+ETA(7)) 

 

; DEGRADATION CONSTANT NSE 

  LTVKOUTN =  THETA(8) 

  TVKOUTN = EXP(LTVKOUTN) 

  MU_8 = LTVKOUTN 

  KOUTN = EXP(MU_8+ETA(8)) 

 

; PARAMETERS FOR LOGISTIC REGRESSION 

; Change in disease associated with 80% P(DP) 

  LTVDELTA80=  THETA(12) ;  

  TVDELTA80 = EXP(LTVDELTA80) 

  MU_9 = LTVDELTA80 

  DELTA80 = EXP(MU_9+ETA(9)) 

 

; Change in disease associated with 50% P(DP) 

  LTVDELTA50=  THETA(13) 

  TVDELTA50 = EXP(LTVDELTA50) 

  MU_10 = LTVDELTA50 

  DELTA50 = EXP(MU_10+ETA(10)) 

 

 

  SLP = LOG(4)/(DELTA80-DELTA50) 

  INTERC = -DELTA50*SLP 

 

; KDE 

  LTVKDE =  THETA(14) 

  TVKDE = EXP(LTVKDE) 

  MU_11 = LTVKDE 

  KDE = EXP(MU_11+ETA(11)) 

 

 

;;;;;;; PARAMETERS FOR LDH 

; BASAL LDH FOR HEALTHY INDIVIDUALS 

  LTVLDHH =  THETA(15) 

  TVLDHH = EXP(LTVLDHH) 

  MU_12 = LTVLDHH 

  LDHH = EXP(MU_12+ETA(12)) 

 

  ; BASAL NSE FOR HEALTHY INDIVIDUALS 

  LTVNSEH =  THETA(16) 

  TVNSEH = EXP(LTVNSEH) 

  MU_13 = LTVNSEH 

  NSEH = EXP(MU_13+ETA(13)) 

 

 

 DIS0 = 1 

 

 KINHN = NSEH*KOUTN 

 KINHL = LDHH*KOUTL 

 KINN = (KOUTN*NSE0-KINHN)/DIS0 
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 KINL = (KOUTL*LDH0-KINHL)/DIS0 

 

 IF(GCSF.EQ.0) COADM = 1 

 LTVCOV = THETA(9) 

 TVCOV = EXP(LTVCOV) 

 MU_14 = LTVCOV 

 COV = EXP(MU_14+ETA(14)) 

 IF(GCSF.EQ.1) COADM = 1+COV 

 

 

 A_0(1)= 0 

 A_0(2)= DIS0 

 A_0(3)=(KINHL*COADM+KINL*DIS0)/KOUTL 

 A_0(4)= NSE0 

 A_0(5)= 0 

 A_0(6)= 0 

 

 

$DES 

 

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

DADT(2) =  LAMB*(1-BETA*A(6)) -  A(2)*A(1)*EXP(-GAMMA*A(5))*ALFA 

DADT(3) =  COADM*KINHL+KINL*A(2) - KOUTL*A(3) 

DADT(4) =  KINHN+KINN*A(2) - KOUTN*A(4) 

DADT(5) =  A(1) 

DADT(6) =  0 

 

 

$ERROR 

DRUG = A(1) 

DIS  = A(2) 

LDH  = A(3) 

NSE  = A(4) 

REST = A(5) 

RT   = A(6) 

 

IF(FLAG.EQ.2)  THEN 

  IPRED=LOG(LDH) 

  W=THETA(14) 

ENDIF 

 

IF(FLAG.EQ.3) THEN 

  IPRED=LOG(NSE) 

  W=THETA(15) 

ENDIF 

 

Y=IPRED+W*EPS(1) 

IWRES=(DV-IPRED)/W 

 

; LOGISTIC REGRESSION 

 

;; make previous DIS be 1 at beginning. 

IF(NEWIND.NE.2) DISPREV = 1   

;; compute the difference in DIS(will be 0 for the first scan). 

DISDIFF = (DIS-DISPREV)/DISPREV 

;; store the current value of DIS in DISPREV for next loop.   



Model-Based Personalized Disease Monitoring    

144 

IF(FLAG.EQ.1) DISPREV = DIS   

 

LOGIT = INTERC+SLP*DISDIFF 

PROB=EXP(LOGIT)/(EXP(LOGIT)+1) 

 

IF(FLAG.EQ.1.AND.DV.EQ.3) Y2=PROB    ; disease progression 

IF(FLAG.EQ.1.AND.DV.NE.3) Y2=1-PROB  ; non-disease progression 

 

 IF(FLAG.GT.1) THEN   ; continuous variables 

   F_FLAG=0 

   Y=Y1 

ENDIF 

 

IF(FLAG.EQ.1) THEN    ; categorical variables 

   F_FLAG=1 

   Y=Y2 

ENDIF 

$THETA -5.17  ; LAMBDA (log) 

$THETA -1.02 ; GAMMA (log) 

$THETA 0.223 ; ALFA (log) 

$THETA -0.056 ; BETA (log) 

$THETA 1.26 ; KOUTL (log) 

$THETA 5.84 ; LDH0 (log) 

$THETA 3.82 ; NSE0 (log) 

$THETA 2.81  ; KOUTN (log) 

$THETA 0.1 ; GCSF (log) 

$THETA 0.206 ; RESIDUAL ERROR LDH 

$THETA 0.486 ; RESIDUAL ERROR NSE 

$THETA -0.223 ; DELTA80 (log) 

$THETA -1.610 ; DELTA50 (log) 

$THETA 1.16 FIX ; KDE (log) 

$THETA 5.08 FIX ; LDHH (log) 

$THETA 1.61 FIX ; NSEH (log) 

$OMEGA 2.14 ; BSV LAMBDA 

$OMEGA 0.0225 FIX ; BSV GAMMA 

$OMEGA 0.23 ; BSV ALFA 

$OMEGA 0.0225 FIX ; BSV BETA 

$OMEGA 0.0225 FIX ; BSV KOUTL 

$OMEGA 

BLOCK(2) 

0.378 

0.375 

0.813 

; BSV LDH0 

; LDH0~NSE0 

; BSV NSE0 

$OMEGA 0.0225 FIX ; BSV KOUTN 

$OMEGA 0.0225 FIX ; BSV DELTA80 

$OMEGA 0.0225 FIX ; BSV DELTA50 

$OMEGA 0.3 FIX ; BSV KDE 

$OMEGA 0.0225 FIX ; BSV LDHH 

$OMEGA 0.0225 FIX ; BSV NSEH 

$OMEGA 0.0225 FIX ; BSV GCSF 

 

$ESTIMATION METHOD=SAEM LAPLACE INTERACTION NBURN=5000 ISAMPLE=2 

NITER=150 CTYPE=3 CITER=10 CALPHA=0.05 CINTERVAL=310 NOABORT 

$ESTIMATION METHOD=IMP INTERACTION EONLY=1 NITER=5 ISAMPLE=5000 

PRINT=1 SIGL=8 NOPRIOR=1 

$COVARIANCE MATRIX=R PRINT=E UNCONDITIONAL SIGL=12 
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Appendix II  

NONMEM dataset example   

- ID: patient identification 

- TIME: time in weeks  

- FLAG: identification variable 

•  0: chemotherapy cycle administration 

• 1: RECIST outcome observations (0:complete response, 1: partial response, 2: 

stable disease, 3: disease progression) 

• 2: LDH observations 

• 3: NSE observation 

- EVID: event identification  

• 0: observation record 

• 1: dosing record 

- MDV: missing dependent variable  

- AMT: amount of chemoteraphy adminsitired in aribitrary units  

- STAGE: patient stage at diagnose 

• 1: limited disease 

• 2: extensive disease 

- CMT: compartment associated with dosing/observation records 

• 1 : dosing 

• 3 : LDH observations 

• 4: NSE observations  

- RT2: concomitant radiotherapy 

- DV: dependent variable, in ng/mL for NSE observations and IU/L for LDH observations 

- CYC2: chemotherapy cycle (1-6) and follow-up (7) 

- GCSF: concomitant administration of granulocyte-colony stimulating factors 
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ID TIME2 FLAG EVID MDV AMT STAGE CMT RT2 DVL CYC2 GCSF 

3 1.6 0 1 1 1 2 1 0 . 1 0 

3 4.4 2 0 0 0 2 3 0 5.5013 2 0 

3 4.4 0 1 1 1 2 1 0 . 2 0 

3 7.4 1 0 0 0 2 1 0 1 . 0 

3 7.4 2 0 0 0 2 3 0 5.6384 3 0 

3 7.4 0 1 1 1 2 1 0 . 3 0 

3 10.4 2 0 0 0 2 3 0 5.6454 4 0 

3 10.4 0 1 1 1 2 1 0 . 4 0 

3 13.4 2 0 0 0 2 3 0 5.4848 5 0 

3 13.6 0 1 1 1 2 1 0 . 5 0 

4 0.3 0 1 1 1 2 1 0 . 1 0 

4 3.4 2 0 0 0 2 3 0 5.8916 2 0 

4 3.4 0 1 1 1 2 1 0 . 2 0 

4 6.4 2 0 0 0 2 3 0 5.6419 3 0 

4 6.4 0 1 1 1 2 1 0 . 3 0 

4 9.4 2 0 0 0 2 3 0 5.6419 4 0 

4 9.4 0 1 1 1 2 1 0 . 4 0 

4 12.4 1 0 0 0 2 1 0 2 . 0 

4 12.4 2 0 0 0 2 3 0 5.6595 5 0 

4 12.6 0 1 1 1 2 1 0 . 5 0 

4 15.4 2 0 0 0 2 3 0 5.6348 6 0 

4 15.4 0 1 1 1 2 1 0 . 6 0 

4 20.6 2 0 0 0 2 3 0 5.5947 7 0 

4 20.7 0 1 1 1 2 1 0 . 7 0 

4 24.4 2 0 0 0 2 3 0 5.5872 8 0 

4 24.4 0 1 1 1 2 1 0 . 8 0 

4 31.9 1 0 0 0 2 1 0 3 . 0 

5 0 0 1 1 1 1 1 1 . 1 0 

5 10.7 1 0 0 0 1 1 1 2 . 0 

5 12 2 0 0 0 1 3 1 5.4806 2 0 

5 12.1 0 1 1 1 1 1 1 . 2 0 

5 12.1 0 1 1 1 1 6 1 . . 0 

5 15.7 2 0 0 0 1 3 1 5.6312 3 0 

5 15.7 0 1 1 1 1 1 1 . 3 0 

5 22 1 0 0 0 1 1 1 0 . 0 

5 22 2 0 0 0 1 3 1 5.4806 7 0 

5 34.1 1 0 0 0 1 1 1 3 . 0 

6 0 2 0 0 0 2 3 0 6.8638 1 1 

6 0.6 0 1 1 1 2 1 0 . 1 1 

6 3.6 0 1 1 1 2 1 0 . 2 1 

6 6.4 2 0 0 0 2 3 0 5.4889 3 1 

6 6.6 1 0 0 0 2 1 0 1 . 1 

6 6.7 0 1 1 1 2 1 0 . 3 1 

6 9.4 2 0 0 0 2 3 0 5.3471 4 1 

6 9.6 0 1 1 1 2 1 0 . 4 1 

6 12.4 2 0 0 0 2 3 0 5.5134 5 1 

6 12.6 0 1 1 1 2 1 0 . 5 1 
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ID TIME2 FLAG EVID MDV AMT STAGE CMT RT2 DVL CYC2 GCSF 

6 15.4 2 0 0 0 2 3 0 5.4381 6 1 

6 15.6 0 1 1 1 2 1 0 . 6 1 

6 22.3 1 0 0 0 2 1 0 3 . 1 

6 22.3 2 0 0 0 2 3 0 5.8111 7 1 

7 0.1 3 0 0 0 2 4 0 3.7991 1 1 

7 0.1 0 1 1 1 2 1 0 . 1 1 

7 3.1 3 0 0 0 2 4 0 2.1782 2 1 

7 3.1 2 0 0 0 2 3 0 5.3375 2 1 

7 3.1 0 1 1 1 2 1 0 . 2 1 

7 5.9 1 0 0 0 2 1 0 2 . 1 

7 5.9 2 0 0 0 2 3 0 5.4205 3 1 

7 6 0 1 1 1 2 1 0 . 3 1 

7 8.7 2 0 0 0 2 3 0 5.4848 4 1 

7 9 0 1 1 1 2 1 0 . 4 1 

7 11.9 3 0 0 0 2 4 0 2.0931 5 1 

7 11.9 2 0 0 0 2 3 0 5.5334 5 1 

7 11.9 0 1 1 1 2 1 0 . 5 1 

7 15.1 1 0 0 0 2 1 0 2 . 1 

7 15.1 3 0 0 0 2 4 0 2.2824 6 1 

7 15.1 2 0 0 0 2 3 0 5.6348 6 1 

7 15.3 0 1 1 1 2 1 0 . 6 1 

7 19.1 1 0 0 0 2 1 0 2 . 1 

7 19.1 2 0 0 0 2 3 0 5.6095 7 1 

7 32.1 1 0 0 0 2 1 0 3 . 1 

10 1.1 3 0 0 0 2 4 0 5.6893 1 1 

10 1.1 2 0 0 0 2 3 0 5.8551 1 1 

10 2 0 1 1 1 2 1 0 . 1 1 

10 3 2 0 0 0 2 3 0 5.7991 1 1 

10 3.4 2 0 0 0 2 3 0 5.4424 1 1 

10 5.6 2 0 0 0 2 3 0 5.7071 2 1 

10 5.7 0 1 1 1 2 1 0 . 2 1 

10 8.4 1 0 0 0 2 1 0 1 . 1 

10 8.4 3 0 0 0 2 4 0 4.2834 3 1 

10 8.4 2 0 0 0 2 3 0 5.7746 3 1 

10 8.6 0 1 1 1 2 1 0 . 3 1 

10 11.4 3 0 0 0 2 4 0 4.5818 4 1 

10 11.4 2 0 0 0 2 3 0 5.6204 4 1 

10 11.6 0 1 1 1 2 1 0 . 4 1 

10 14.4 1 0 0 0 2 1 0 2 . 1 

10 14.4 2 0 0 0 2 3 0 5.7301 5 1 

10 14.6 0 1 1 1 2 1 0 . 5 1 

10 17.4 3 0 0 0 2 4 0 4.3349 6 1 

10 17.4 2 0 0 0 2 3 0 6.1717 6 1 

10 17.4 0 1 1 1 2 1 0 . 6 1 

10 21.1 2 0 0 0 2 3 0 6.2916 7 1 

10 21.3 1 0 0 0 2 1 0 2 . 1 

10 28.7 1 0 0 0 2 1 0 3 . 1 
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Abstract 

Background and objective: Lanreotide Autogel® (Depot in the US) has demonstrated antitumor 

activity and control of the symptoms associated with hormone hypersecretion in patients with 

neuroendocrine tumors. The objectives of this study were to describe the pharmacokinetics 

(PK) of lanreotide Autogel® administered 4-weekly by deep subcutaneous injections at 60, 90, 

or 120 mg in patients with gastroenteropancreatic neuroendocrine tumors (GEP-NETs), to 

quantify the magnitude of inter-patient variability (IPV) and to identify those patient 

characteristics that impact on PK.  

Methods. Analyses were based on pooled data from clinical trials. A total of 1541 serum 

concentrations from 290 patients were analyzed simultaneously by the population approach 

using NONMEM version 7.2. Covariates evaluated included demographics, renal and hepatic 

function markers, and disease related parameters. 

Results. Serum profiles were described by a one-compartment disposition model in which the 

absorption process was characterized by two parallel pathways following first- and zero-order 

kinetics. The estimated apparent volume of distribution was 18.3 L. The estimated apparent 

total serum clearance for a typical 74 kg patient was 513 L/day. Body weight was the only 

covariate to show a statistically significant effect on the PK profile, but due to the overlap 

between the PK profiles of patients with lower or higher body weights the effect of body 

weight on clearance was not considered clinically relevant. IPV for clearance was low (27%) 

and moderate to high for volume of distribution (150%) and absorption constant (61%). 

Conclusions. Using two mechanisms of absorption the PK of lanreotide Autogel® was well 

characterized in patients with GEP-NET. None of the patient characteristics tested were of 

clinical relevance to potential dose adjustment in clinical practice.  
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BACKGROUND  

Somatostatin analogues (SSA) are the treatment of choice for hormone-related syndromes 

associated with functioning neuroendocrine tumors (NETs), such as carcinoid syndrome. 

Lanreotide Autogel® (known as Lanreotide Depot in the US) is a synthetic octapeptide 

analogue of somatostatin with a longer half-life than the native molecule and with selectivity 

for somatostatin receptor-2 (SSTR 2), and to a lesser extent SSTR 5.[1] Lanreotide Autogel® was 

launched in the UK in 2001 and is now approved in more than 60 countries worldwide for 

indications including acromegaly and clinical symptoms associated with NETs, and also for 

improvement of progression-free survival in patients with unresectable, well- or moderately-

differentiated, locally advanced or metastatic gastroenteropancreatic NETs (GEP-NETs).[2] 

 

The PK properties of Lanreotide Autogel® in healthy volunteers and patients with acromegaly 

have been reported previously.[3] This formulation, subcutaneously injected, acts as depot 

providing a slow and controlled release over 4 weeks with 60–70% absolute bioavailability (F). 

The apparent volume of distribution and the total clearance were estimated to be 15 L and 23 

L/h, respectively and were not modified by repeat dosing. Lanreotide is thought to be 

eliminated mainly by renal metabolism and biliary excretion, and renal serum clearance of 

lanreotide was found to be reduced in patients with severe chronic renal insufficiency when 

compared with healthy subjects.[4] 

 

To date, comprehensive characterization of the PK of Lanreotide Autogel® in patients with 

functioning and nonfunctioning GEP-NETs has not been reported. Such evaluation is essential 

for both dose adjustment and a complete understanding of clinical response to treatment. The 

objectives of the current analysis were to describe the PK characteristics of deep subcutaneous 

injections of Lanreotide Autogel® administered as 60, 90, or 120 mg every 4 weeks in patients 

with functioning and nonfunctioning GEP-NETs, quantifying the degree of inter-patient 
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variability (IPV) in the PK parameters, and identifying patient characteristics that may influence 

this. Data from four clinical studies of patients with GEP-NET were pooled to determine the 

influence of demographic factors, clinical characteristics and disease parameters on IPV of the 

PK of lanreotide Autogel® in this patient population. 

METHODS  

All patients provided written informed consent consistent with the International Conference 

on Harmonization of Technical Requirements for Registration of Pharmaceuticals for Human 

Use – Good Clinical Practice (ICH–GCP) and local legislation. All studies were performed in 

accordance with the Declaration of Helsinki and were approved by the institutional review 

board of the ethics committee at each study site.  

Overview of clinical studies designs 

Study 1: CLARINET.[5] Phase III, randomized, double-blind, placebo-controlled study conducted 

over 96 weeks in 204 patients at 48 centers worldwide; lanreotide Autogel® 120 mg was 

administered every 4 weeks in patients with nonfunctioning GEP-NETs.  

Serum lanreotide concentrations were measured at (i) baseline, (ii) 4 weeks before first drug 

administration, (iii) between the first and second injections (between week 1 and week 4): 

patients were randomized 1:1 to either (a) two blood samples at 4 h (range 2–12 h) and 7 days 

(range 6–8 days) after drug administration or (b) two blood samples at 3 days (range 2–4 days) 

and 14 days (range 12–16 days) after drug administration, (iv) between the sixth and seventh 

injections (between week 20 and week 24) using the same schedule as described in (iii), and (v) 

prior to drug administration at all treatment period visits including completion or withdrawal. 

Putative anti-lanreotide antibodies were measured at weeks 1, 24, 48, 72 and 96. 

Study 2: ELECT.[6] Phase III–IV 48-week study consisting of a 16-week, double-blind, 

randomized, placebo-controlled phase in which lanreotide Autogel® 120 mg or placebo was 

administered, followed by a 32-week initial open-label phase in which all patients received 
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lanreotide Autogel®. Patients with gastrointestinal NETs and a history of carcinoid syndrome 

(n=115) were randomly allocated to study drug or placebo at 39 centers worldwide.  

Serum lanreotide concentrations and putative anti-lanreotide antibodies were measured at 

week 16 before and 4 h (±2 h) after drug administration, at week 20 before drug 

administration, and at the end of the initial open-label phase (week 48).  

Study 3:[7] Phase II, single-arm, open-label study, conducted at 17 Spanish centers. Patients 

(n=30) with progressive functioning/nonfunctioning gastrointestinal, pancreatic, and lung NETs 

received lanreotide Autogel® 120 mg every 4 weeks over ≤92 weeks, to a maximum of 23 

injections. 

Serum lanreotide concentrations and putative anti-lanreotide antibodies were measured 

before drug administration and every 12 weeks from week 8 to week 92. 

Study 4:[8] Open-label, dose-titration study in patients with symptomatic carcinoid NETs (n=71). 

Lanreotide Autogel® was given at titrated doses every 4 weeks over 6 months: the first two 

injections were of 90 mg, after which the dose was increased to 120 mg in patients who did 

not respond to treatment and decreased to 60 mg in those who did respond. Patients on 120 

mg remained at that dose; others continued the titration scheme until study end. 

Serum lanreotide concentrations were measured before drug administration and every 4 

weeks from week 4 to week 24. 

 

Bio-analytical method 

Serum lanreotide was measured by using a validated radioimmunoassay (RIA) with a lower 

limit of quantification (LOQ) of 0.078 ng/mL and overall precision (inter- and intra-assay) 

expressed as percentage coefficient of variation of 2.3–13.6% for concentrations in the range 

0.1–10 ng/mL. When stored at –20°C serum lanreotide was stable for 28 months. 
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Study population  

All patients providing at least one valid serum concentration and receiving active treatment 

with lanreotide Autogel® were included in the analysis.  

Covariates included in the population PK analysis were: age, alanine aminotransferase (SPGT), 

serum albumin (ALB), anti-lanreotide antibodies, aspartate aminotransferase (SGOT), body 

weight (BW), body mass index (BMI), creatinine clearance (CRCL) calculated using the 

Crockford Gault expression, ethnicity (RACE), functioning/nonfunctioning classification of the 

endocrine tumor (FNTC), gender (SEX), total bilirubin (BILI), cholecystectomy (CYST), and 

primary tumor location (TLOC). 

Population pharmacokinetic model building 

Data were transformed logarithmically and NONMEM ver. 7.2[9] software, using first-order 

conditional estimation and the INTERACTION option, was used to fit all serum concentration 

data simultaneously. Model development was performed in three steps: (i) a base population 

model; (ii) the covariate model was developed; (iii) the selected model was evaluated. 

IPV was modeled exponentially. Nondiagonal elements of the Ω variance-covariance matrix 

were also considered. As full PK profiles were not obtained in all studies at every visit, inter-

occasion variability was not considered. Residual variability was modeled considering an 

additive error in the logarithmic domain of the transformed data. 

Model selection criteria 

Selection between models was based on the evaluation of different statistical and graphical 

criteria: precision of parameter estimates goodness-of-fit plots, and minimum value of the 

objective function value provided by NONMEM and approximately equal to –2×log (likelihood) 

(–2LL). Differences between two hierarchical (nested) models were compared with a χ2 

distribution in which a decrease of 3.84 or 7.88 points in –2LL was considered significant at the 

5 and 0.5 % levels for one extra parameter in the model, respectively. Non-nested models 
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were compared using the Akaike information criteria (AIC)[10] calculated as –2LL+2×NP, where 

NP is the number of parameters in the model. The model with the lowest value of AIC, given 

the precision of model parameters and an adequate description of the data, was selected. 

Base population model  

Because of the complex absorption profile of lanreotide in healthy volunteers[3] the initial 

model consisted of an absorption model including two input parallel mechanisms accounting 

for first- and zero-order rate input processes each associated with a corresponding latency 

time. Other absorption models including two parallel first-order processes, or simpler models 

such as the zero- or first-order input models were also explored. Drug disposition was 

characterized by compartmental models parameterized in apparent volumes of distribution 

and elimination clearances. 

Covariate model development 

Covariate selection was performed using the stepwise covariate modeling (SCM) implemented 

in the PsN software[11]. Significance levels were set to 0.05 and 0.005 for the forward inclusion 

and backward deletion approaches, respectively. The stepwise modeling selection approach 

was performed with the covariate information gathered at baseline. For those covariates that 

changed during the period of the study and were significant in the SCM, the impact of that 

change on PK was evaluated[12]. 

Final model evaluation  

The final model was challenged to determine whether further simplification was possible, or if 

there were aspects that could be improved. Parameter precision was evaluated by performing 

500 nonparametric bootstraps analyses using PsN[11] and Xpose.[13] 

The selected model was evaluated by performing predictive checks based on computer 

simulation exercises. A total of 500 datasets with the same study design characteristics as the 

original were simulated. The 2.5th, 50th, and 97.5th percentiles of the simulated observations in 
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each dataset were computed for all time intervals and the 95% prediction interval of each 

calculated percentile was obtained and plotted against the 5th, 50th, 95th percentiles obtained 

from the raw data.  

 

Individual serum concentrations were simulated and the following PK descriptors were 

obtained: maximum serum concentration (CMAX), minimum serum concentration (CMIN), 

average serum concentration within the dosing interval (CAVG), and the area under the serum 

concentration curve within the dosing interval (AUC) at steady state. 

The summary statistics of the PK descriptors defined above were performed for the whole 

population and sub-categories of the population: (i) weight ≤ 62 kg, ≥ 70– ≤ 77 kg, and ≥ 89 kg; 

(ii) gender. 

RESULTS 

Description of the data 

Patients received a median (range) of 24 (2–24), 18 (2–74), 12 (2–12), 24 (4–46) lanreotide 

Autogel® injections in studies 1, 2, 3, and 4, respectively. Analyses were performed on 1541 

serum lanreotide concentration values from 290 patients. The number of samples per patient 

ranged from 1 to 11 with mean values ranging approximately from 3 to 8 samples between the 

different clinical trials.  

A total of 101 (Study 1), 104 (Study 2; comprising 59 in double-blind phase [56 of whom 

continued to initial open-label phase] and 45 in the open-label phase randomized to placebo), 

and 30 patients (Study 3) received lanreotide Autogel® 120 mg, corresponding to 793, 286, and 

111, serum samples, respectively. In the dose-titration study (Study 4), a total of 71 patients 

received the 60 mg (n=17), 90 mg (n=67), and/or 120 mg (n=46) doses from which 57, 148, and 

146 corresponding serum concentration values were derived. 
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Eleven serum lanreotide samples obtained from six patients revealed the presence of anti-

lanreotide antibodies at concentrations of lanreotide of 4.7–8.19 ng/mL. 

Figure 1 shows individual serum lanreotide concentration as a function of time postinjection 

for each clinical trial. No outliers were identified. 

 

Fig. 1 Serum concentration of lanreotide vs time profiles corresponding to each of the clinical trials 
involved in the current evaluation: Study 1, CLARINET,[5] Study 2, ELECT,[6] Study 3,[6] and Study 4.[8] 
Symbols in green, brown, and red represent levels of lanreotide in serum corresponding to doses of 60, 
90, and 120 mg, respectively 

 

Covariates tested for significance 

Covariates tested for significance are listed in Table I. A number of patients were missing 

information for BW (2), CRCL (2) and BMI (86). BMI was not tested for significant covariate 

effects. The three noncontinuous covariates tested were gender, functioning/nonfunctioning 

status of NETs, and primary tumor localization. As the majority of the patients were white, 

ethnicity was not tested as a significant covariate. 
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Most continuous covariates changed for individual subjects over the course of the studies. The 

coefficient of variation (CV) was calculated for each continuous covariate, and varied up to 

108% (BILI).  

Exploratory analysis of the covariates revealed that, as expected, there were apparent 

correlations between BW and CRCL, and between age and CRCL (data not shown). The number 

of patients with normal renal function (>90mL/min) was 130, while those with mild (60–89 

mL/min), moderate (30–59 mL/min) or severe (< 30 mL/min) renal impairment were 100, 58, 

and 2, respectively. 

Population Pharmacokinetic model building  

Base Population Model 

Attempts to model the absorption process using zero-, first-, or two parallel first-order inputs 

yielded a poorer description of the data than the model based on two parallel mechanisms 

representing first- and zero-order rate input processes (p<0.001). Inclusion of the latency times 

associated with each input mechanism did not improve the fit significantly (p>0.05). The 

typical estimate of F was arbitrarily set to 1, as no data after intravenous administration were 

available. 

As drug disposition was described equally well by the one-compartment model and the more 

complex two-compartment model (p>0.05), the former was selected for further development. 

The structure of the population PK model selected for lanreotide Autogel® is represented 

schematically in Figure 2. 

IPV was included on the first-order rate constant of absorption (KA), the apparent volume of 

distribution (V/F), apparent total plasma clearance (CL/F), and the fraction of the dose 

absorbed following the first-order rate process (F1). The fraction of the absorbed dose 

following a zero-order process (F2) was calculated as 1–F1. Inclusion of IPV on F and on the 

parameter representing the duration of the zero-order rate input process (D0) did not affect 
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the results significantly (p>0.05). Similar results were obtained when the nondiagonal 

elements of the Ω variance–covariance matrix were estimated (p>0.05).  

Typical estimates corresponding to F1 and F2 were 98.5 %, and 1.5 %, respectively. The zero-

order rate process takes place during the first 2.96 days after injection, and the first-order 

input process occurs slowly with a KA of 0.0161 day-1, corresponding to a half-life of 43.6 days. 

CL/F and V/F were 516 L·day-1 and 20.2 L, respectively. The estimates of IPV were 2.5% (F1), 

61% (KA), 33% (CL/F) and 142 % (V/F). 

For some parameters (V/F, KA, and F1) in the model percentage shrinkage was high (>20%) 

indicating that the empirical Bayes estimates were not informative[14]. No major trends were 

identified in the goodness of fit plots and parameters were estimated with high precision (data 

not shown). 

 

Fig. 2 Schematic representation of the pharmacokinetic model for lanreotide. F1, and F2 = fractions of 
the absorbed dose following a first and a zero order rate absorption process, respectively; KA = first-
order rate constant of absorption; D2 = duration of the zero-order input process; V/F = apparent volume 
of distribution; CL/F = apparent total serum clearance; F = absolute bioavailability (not known and 
arbitrarily set to 1) 
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Table I. Summary of patient characteristics measured at baseline  

Covariate Study 1 [5] 

(n=96) 
Study 2 [6] 

(n=98) 
Study3 [7] 

(n=69) 
Study 4 [7] 

(n=27) 
Pooled 

data 
(n=290) 

Continuousa      

Age (years) 63.3 (15.4) 58.5 (19.3) 59.7 (20) 62.3 (16.6) 60.7 (18.2) 

BW(Kg) 78 (21.4) 75.5 (22.3) 72.4 (23.5) 69.3 (18.6) 75.1 (22.2) 

SGPT (IU/L) 28.3 (78) 26.4 (75.6) 31.3 (51.7) 26.7 (44.2) 28.2 (68.3) 

SGOT (IU/L) 29.4 (63) 27.6 (51.7) 28.1 (40.9) 26.3 (33.3) 28.1 (52.5) 

BILI (mg/dL) 0.65 (91) 0.54 (79.8) 0.55 (58.6) 0.7 (44.4) 0.59 (77.8) 

ALB (g/L) 4.3 (7.9) 4.3 (9.9) 4 (11.7) 4.1 (7.1) 4.2 (10.1) 

CRCL (mL/min) 88.9 (35.2) 95.5 (37.1) 87.1 (38.2) 77.5 (33.3) 89.8 (36.9) 

Noncontinuousb      

Gender 

Male 

Female 

 

50 

46 

 

41 

57 

 

35 

34 

 

14 

13 

 

140 

150 

FCTN 

Nonfunctioning 
Functioning  

 

96 

- 

 

0 

98 

 

0 

69 

 

10 

17 

 

106 

184 

RACE 

Asian 

African American  

White 

Other 

 

2 

1 

930 

0 

 

8 

8 

81 

1 

 

0 

1 

68 

0 

 

0 

0 

27 

0 

 

10 

10 

269 

1 

TLOC 

Pancreas 

Foregut 

Midgut 

Hindgut 

Other 

Unknown 

 

39 

0 

31 

11 

1 

14 

 

0 

0 

0 

0 

0 

98 

 

0 

4 

46 

1 

12 

6 

 

7 

6 

10 

1 

0 

3 

 

46 

10 

87 

13 

13 

121 

aValues are expressed as mean [coefficient of variation (%)]. 
bValues are listed as total number per category. 
BW = body weight, SGPT = alanine aminotransferase, SGOT = aspartate aminotransferase, BILI = total 
bilirubin, ALB = serum albumin, CRCL = creatinine clearance calculated using the Crockford Gault 
expression, TLOC, primary tumor location, FCTN = functioning/nonfunctioning status of neuroendocrine 
tumor. 
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Covariate model selection 

The set of covariates tested for each parameter in the model were: (i) CL/F∼SEX, AGE, BW, 

SGPT, SGOT, BILI, ALB, CLCR, TLOC, FCTN; (ii) V/F∼SEX, AGE, BW, BILI, ALB, TLOC, FCTN; (iii) 

KA∼SEX, AGE, BW; and (iv) F1∼SEX, AGE, BW. These choices were based on standard PK 

principles taking into account route of administration. For continuous covariates both linear 

and nonlinear relationships were explored.  

The selected full covariate model obtained in the forward-inclusion approach comprised the 

following covariate effects: (i) BW, and SEX on F1; and (ii) BW, TLOC, AGE, and BILI on CL/F.  

During the backward-deletion approach the covariate BW showed no significant effects on F1. 

The selected covariate model has the following structure: 

F1=θF1 × (1+ θSEX) 

where θSEX = 0 for females 

CL/F=θCL × [1+θWGT_CL × (BW–74)] × (AGE/62)θAGE × eθBILI x BILI × (1+θTLOC)  

where, 74 and 62 are median BW and AGE, respectively, in the population studied, and 

θTLOC corresponds to different estimates based on primary tumor location.  

IPV magnitude was reduced from 32% to 22% for CL/F and from 2.5% to 1.1 % for F1. V/F and 

KA estimates of variability remained almost unchanged between the base population model 

and the final covariate model. The resulting value of –2LL was 129.61 lower than the base 

population model. 

 

Final Population Model 

As 46% of the patients had unknown (n=121) or ‘other’ primary tumor location, and taking into 

account that the greatest TLOC effects on CL/F were estimated for ‘foregut’ (n=10), ‘hind gut’ 

(n=13) and ‘other’ (n=13), the covariate effects of TLOC were questionable and were removed 

from the model. 
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For the effects of SEX on F1, the final covariate model provided estimates of F1 for males and 

females of 0.974 and 0.994, respectively, which has a negligible effect on F1, but a large impact 

on F2 [2.6 × 10-2 (males), 6 × 10-3 (females)], the derived parameter governing maximum serum 

concentrations. 

BW rather than CRCL was selected for CL/F; although both covariates were highly correlated 

the dataset contained 14 CrCl values > 150 mL/min (these were probably nonphysiological).  

The covariate effects of BILI and AGE were not significant (p>0.05) once the covariate TLOC 

was removed from the model, but the effect of BW on CL/F continued to be significant 

(p<0.001).  

Changes in BW during the study were accounted for by using the approach suggested by 

Wählby et al. 2004[12].The value of –2LL was reduced by 7.96 points, but there was no 

reduction in IPV and the remaining parameters remained unchanged. Dose of lanreotide 

administered appeared to have no effect on CL/F (p>0.05). Estimates of CL/F for the 60 mg and 

90 mg doses were increased by 13% and 24%, respectively when compared with the 120 mg 

dose, indicating the absence of a monotonic relationship between CL/F and dose. However, 

the number of patients receiving 60 mg and 90 mg was far lower than the number receiving 

the 120 mg dose of lanreotide Autogel®.  

Table II lists the corresponding estimates of the model parameters. Goodness of fit plots are 

shown in Figure 3. According to the selected model, mean V/F was 18.3 L (no effects of 

covariates were found for V/F). Mean CL/F was 513 L·day-1 for a 74 kg subject, and mean KA 

was 0.0159·day-1 corresponding to an absorption half-life of 43.6 days. IPV of CL/F decreased 

from 33% to 27% in comparison to the base population model when BW measured at the 

beginning of the study was included as a covariate. Incorporation of SEX effects on F1 reduced 

the IPV of F1 from 2.5% to 1.05 %. The IPV value that is marginal with respect to F1 has a non-

negligible impact on individual differences in F2. IPV was moderate for all parameters with the 
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exception of V/F of distribution. Typical population estimates of the different parameters were 

very similar between the base model and the final model. 

Results of the bootstrap analysis indicated that all parameters in the model were estimated 

with adequate precision: η-shrinkage values were > 20% and % ε-shrinkage was 17.5. One 

explanation for the high %-shrinkage value is that there were few data points in two of the 

clinical trials evaluated.  

Table II. Population pharmacokinetic parameter estimates of Lanreotide Autogel® 
administered to patients with functioning and nonfunctioning endocrine tumors 

Parameter/covariate model Estimates 2.5th to 97.5th* Shrinkage (%) 

CL/F (L/h)=θCL × [1+θBW × (Weight–74)] 
θCL = 513 

θBW = 9.77 × 10-3 

491 to 537 

(6.95 to 0.12) x 10-

3 

– 

V/F (L) 18.3 10.2 to 41.5 – 

KA (day-1) 1.59 × 10-2 (1.44 to 1.82) x 10-

2 
– 

F1=θF1x(1+θSEX) 

θF1 = 0.994 

θSEX = –0.024 (Males) 

θSEX=0 (Females) 

0.977 to 0.996 

–0.0058 to –0.058 

– 

D0 (day) 2.96 2.05 to 3.03 - 

IPVCL (%) 27 21 to 32 24.2 

IPVV (%) 150 107 to 197 63.02 

IPVKA (%) 61 49 to 70 21.98 

IPVF1 (%) 1.05 1.07 to 1.3 42.87 

Residual error [log(ng/mL)] 0.275 0.25 to 0.3 17.5 

*95% confidence intervals calculated from 1000 bootstrap datasets. F1 = fractions of the absorbed dose 
following a first and a zero order rate absorption process, respectively, KA = first order rate constant of 
absorption, D0 = duration of the zero order input process, V/F = apparent volume of distribution, CL/F = 
apparent total serum clearance, F = absolute bioavailability (not known and arbitrarily set to 1). 

 

Figure 4 shows the results of the prediction-corrected visual predictive checks. The model 

performs adequately in capturing the central trend and the spread of the data for each of the 

clinical trials. Figure 5 shows individual lanreotide serum concentration profiles for a sample of 

patients from each of the four clinical trials.  
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The relationship between conditional weighted residuals and individual covariate values is 

illustrated in Supplementary Figure S1, demonstrating the absence of trends when BW and SEX 

were incorporated as selected covariates for CL/F and F1 in the final model. 

Exploration of covariate effects 

Figure 6 explores the covariate effects of BW and SEX on serum lanreotide profiles during a 1-

year treatment period with 4-weekly lanreotide Autogel® 120 mg. The plot predicts a high 

degree of overlap between the panels. The impact of SEX on the serum profiles is minor 

whereas BW has a greater effect. 

Figure 7A shows the PK profiles for those patients who were positive for anti-lanreotide 

antibodies. The profiles were superimposed on the 5th and 95th percentiles of the remaining 

patient population. The resulting graphic confirms that the presence of anti-lanreotide 

antibodies have no effect on the PK profile. RACE effects were not tested during the PK model 

building process. However, an overlay of the 90% prediction interval of the PK timeline with 

the concentrations observed in Asian and Black/African American patients is shown in Figure 

7B. Most of the serum lanreotide concentrations lay within the 90 % prediction interval 

calculated using the serum PK profiles obtained in white patients. Finally, Figures 8A and B 

shows the median and 95% prediction intervals of the serum concentration profiles from 1000 

simulated patients (n=500 females) after single dose or assuming 4-weekly subcutaneous 

administration of lanreotide Autogel® 120 mg. 

PK descriptors 

Table III shows the summary statistics for the calculated PK descriptors for the overall 

population stratified by the corresponding categories in the two selected covariates. With 

respect to BW, typical CMAX and AUCτ were decreased by 35% in patients over 89 years of age 

compared to patients younger than 62 years. CMAX and AUCτ were decreased by approximately 

15% in females compared to males.  
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Fig. 3 Goodness of fit plots corresponding to the selected population pharmacokinetic model. DV = 
observations; PRED = population model predictions; IPRED = individual model predictions; |IWRES| = 
absolute individual weighted residuals; CWRES = conditional weighted residuals; TAD = time after last 
administered dose. Dark lines in black show the perfect fit. Solid light lines represent a smooth curve 
through the data 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4 Results of the predicted-corrected visual predictive checks from 500 simulated profiles. Points 
represent raw data and lines correspond to the 2.5th, 50th, and 97.5th percentiles. Shaded areas 
represent the 95% prediction intervals of the 2.5th–50th–97.5th percentiles of 500 simulated datasets 
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Fig. 5 Individual observed lanreotide serum concentration (points) and individual model predicted (solid 
lines) vs. time profiles for a sample of patients for each clinical trial (the first four patients in each trial 
dataset with at least two samples) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6 Serum lanreotide profiles after 4-weekly Lanreotide Autogel® 120 mg over 1 year. The panels 
summarize the profiles obtained from 1000 simulated patients for each SEX and BW condition: median 
(solid line), 2.5th–97.5th percentiles (dashed lines) 
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Fig.7 (A) Observed lanreotide serum concentration vs time profiles of patients positive for lanreotide 
antibodies (filled, red circles). The blue dashed lines show the 5th and 95th percentiles of the observed 
lanreotide concentrations in the remaining patient population. (B) Observed lanreotide serum 
concentration vs. time profiles corresponding to Asian (n=10) and Black/African American (n=10) 
patients (crosses and empty rhombuses, respectively). The dashed blue lines show the 5th and 95th 
percentiles of the observed lanreotide concentrations in the remainder of the patients. 

 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8. (A) Simulated serum lanreotide concentration profiles after a single injection in patients with 
functioning and nonfunctioning enteropancreatic neuroendocrine tumors vs time after the start of the 
treatment. (B) Simulated serum lanreotide concentration profiles assuming 4-weekly subcutaneous 
injections in patients with functioning and nonfunctioning enteropancreatic neuroendocrine tumors vs 
time after the start of the treatment. (C) Simulated serum lanreotide concentration profiles in healthy 
volunteers (dark color) and in patients with functioning and nonfunctioning NETs (light color) at steady 
state vs time after last administered dose. Dotted and dashed lines represent the 2.5th (lower curves) 
50th (middle curves), and 97.5th (upper curves) percentiles from 1000 simulated individuals (n=500 
females) for patients and healthy volunteers, respectively. Dosing schedule used in the simulation 
exercise was lanreotide Autogel® 120 mg administered subcutaneously every 4 weeks. 
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Table III. Summary of PK descriptorsa 
 

 Whole Population Males Females 

CMIN 6.23 (0.3–14.7) 5.5 (0.3–14.5) 7 (2–14.7) 

CAVG 8.35 (3.8–18.0) 7.7 (4.5–17.9) 9 (3.8–18) 

CMAX 12.77 (4.2–63.8) 13.7 (6–63.7) 11.9 (4.2–40.2) 

AUCττττ 231.5 (103.1–492.0) 216 (124–490) 247 (103–492) 

 Body weight (kg) 

 ≤ 62 ≥70 to ≤77 ≥ 89 

CMIN 7.7 (2–14.7) 6.4 (3.5–12.4) 5.3 (2.8–14.5) 

CAVG 10.3 (6.3–17.3) 8.3 (5.9–14.6) 6.8 (3.8–17.9) 

CMAX 15.3 (7–63.7) 12.2 (6.8–31.8) 10.1 (4.2–23.6) 

AUCττττ 285 (170–489) 228(160–398) 188 (103–490) 

aData are geometric mean (range). CMAX, CMIN , CAVG in ng/mL; AUCτ in µg·day/L. 
CMAX = maximum serum concentration, CMIN = minimum serum concentration, CAVG = average serum 

concentration within the dosing interval, AUCττττ, area under the serum concentration curve within the 
dosing at steady state 
 

DISCUSSION 

We have used a population PK model to describe the serum concentration vs. time profiles of 

lanreotide following subcutaneous injection of lanreotide Autogel® in patients with functioning 

and nonfunctioning NETs. The selected model consists of an absorption process characterized 

by simultaneous first- and zero-order rate input, and a one-compartment model to account for 

disposition of the drug in the body. This type of absorption model is commonly used when 

characterizing extended release formulations [15,16]. 

Most of the (unknown) fraction of the absorbed dose followed the first-order process (99.4 % 

in females, 97% in males) with a typical absorption half-life of 43.6 days. Such a long half-life 

implies flip-flop kinetics, but the model-derived typical value for elimination half-life calculated 

as 0.693·V/F/CL/F was 0.59 hours. This apparent discrepancy can be explained by the fact that 

the sampling schedule adopted in the 726 clinical trial allowed the capture of the rapid decline 

in serum concentration [just after the zero order input process finished (typically 2.96 days 

after administration)] as observed in several of the individual profiles shown in Figure 5. The 



Chapter 3 

 

173 

decline of serum lanreotide concentrations was also rapid following intravenous 

administration to healthy volunteers (estimated elimination half-life 0.45 h)[3]. 

Assuming that absolute bioavailability is similar between healthy volunteers and patients with 

functioning and nonfunctioning NETs (approximately 70%)[3], the resulting total serum 

clearance and apparent volume of distribution are 359.1 L/day and 12.81 L for patients with 

NETs. When compared with total plasma clearance and apparent volume of distribution 

estimates reported for healthy volunteers (554 L/day and 15.1 L respectively)[3]. It is evident 

that although the distribution properties of lanreotide appear to be unaltered between 

healthy volunteers and patients with functioning and nonfunctioning NETs, elimination seems 

to be impaired in the latter. The 35% decrease in CL/F in patients with NETs cannot be 

explained by differences in CRCL. Half of the patient population in the current evaluation had 

CRCL values within the normal range, and CRCL did not show significant covariate effects. A 

NETs related impaired active secretion process might explain the reduced clearance, however 

we are not aware of any literature data supporting that hypothesis. 

Interestingly the variability in CL/F and in KA was similar to that reported in healthy volunteers; 

on the other hand, the variability obtained for V/F was much greater (150% vs. 23%). The 

reason for this may be that in the current model these three compartments were combined 

into a single one, and part of the variability in the absorption process is reflected in V/F (note 

that variability in D2 could not be estimated).  

Figure 8C shows serum lanreotide concentrations over time after a single administration. The 

plots were constructed by simulating 1000 profiles (500 males, 500 females, each group of 

equivalent median weight) and summarizing the results as the 2.5th, 50th, and 97.5th 

percentiles. Simulations were performed using the population estimates reported for healthy 

volunteers,[3] and those listed in Table II. The spread of the data appears to be similar between 

the two populations but exposure is greater in patients due to the lower rate of elimination. 
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The concentration plateau seen in the profiles representing patients with NETs is due to the 

zero-order absorption process lasting for 3 days. 

None of the covariates tested showed statistical significant effects with the exception of 

baseline BW which influenced apparent total serum clearance and the effects of gender on F1. 

The effect of gender on F1 may be due to differences in the adipose layer at the injection site 

of in female patients, in addition to differences in perfusion at the subcutaneous level. It is 

worth noting that gender effects were not identified in the PK analysis performed in healthy 

volunteers. Gender effects on F1 should not be interpreted as differences in absolute 

bioavailability between females and males: gender was found to affect F1 providing estimates 

of F1 for males and females of 0.97 and 0.994, respectively. Bioavailability is not modified by 

gender; differences are in the fractions of the absorbed dose that use the first- or zero-order 

rate input processes. Our results indicate that in females the contribution of the zero-order 

process to drug input is lower than in males, explaining the higher maximal predicted 

concentrations seen in males in the simulated profiles represented in Figure 6.  

An increase in total drug clearance as the result of increasing body weight is a common finding 

in PK. CL/F was found to increase by 30% for a weight of 104 kg (95th percentile) and to 

decrease by 23% for a weight of 51 kg (5th percentile) with respect to median weight of 74 kg. 

As the results of the effects of body weight and gender on the PK characteristics of lanreotide 

Autogel®, the values of AUC and serum concentrations appear to be slightly reduced in the 

male population as compared to females (Table III). However, this difference was not 

considered to be clinically relevant and no dose adjustment of lanreotide Autogel® based on 

weight is necessary. 

Variables that are linked to hepatic function (BIL, ALB, SGOT, SGPT) were part of the covariate 

analysis and were not found to be significant. However, calculation of the Child Pugh score was 

not possible and so we were not able to predict the hepatic impairment status of the patients. 

For this reason patients with hepatic impairment were not evaluated in this pooled population 
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PK analysis. Only two patients with severe renal impairment were treated with lanreotide 

Autogel®.  

Conclusions 

The PK of lanreotide Autogel® were assessed using a population PK analysis of data from 290 

patients with functioning/nonfunctioning enteropancreatic NETs pooled from four clinical 

trials. Lanreotide Autogel® was administered as multiple deep subcutaneous injections every 4 

weeks at a dose of 120 mg in the majority of patients.  

The PK of lanreotide Autogel® have been well characterized with a model containing two 

mechanisms of absorption (first- and zero-order) and one compartment model describing 

disposition of the drug in the body. The apparent volume of distribution V/F was 18.3 L. The 

apparent clearance CL/F was 513 L/day for a 74-kg patient. The remaining IPV (not explained 

by covariates effects) was 24% for apparent clearance CL/F, 150% for apparent volume of 

distribution V/F, 61% for the first order absorption rate constant KA and 1 % , for the fraction 

of dose absorbed following the first-order process F1. 

Body weight had a moderate effect on the PK profile of lanreotide. Lanreotide CL/F was found 

to increase by 30% for a weight of 104 kg (95th percentile) and to decrease by 23% for a 

weight of 51 Kg (5th percentile) suggesting that evaluation of additional dosing schedules such 

as lanreotide Autogel® 120 mg every 2 weeks may be justified.  

PK parameters for the whole GEP-NET population could be characterized and no impact on 

lanreotide PK profile could be identified in terms of renal impairment creatinine clearance, 

total bilirubin, albumin, SGPT, SGOT, location of primary tumor, age, presence of anti-

lanreotide antibodies and symptomatic/asymptomatic characteristics of the disease.  
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Supplementary material 

 

Supplementary Fig. S1. Relationships between CWRES (conditional weighted residuals) and patient 
covariate values. FCTN = 0  nonfunctioning, = 1 functioning NETs; TLOC, primary tumor location = 1 
pancreas, =  2 foregut, = 3 midgut, = 4 hindgut, = 5 other, = 6 unknown. 
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Appendix I  

NONMEM estimation file 

$PROBLEM 

$INPUT  ID VISIT TIME CONC DV STABFL EVID AMT RATE CMT MDV  

$DATA    NMPK_cov.dta IGNORE(STABFL.EQ.1,CMT.EQ.3) IGNORE=# 

$SUBROUTINE ADVAN5 

$MODEL      COMP(DEPOT) COMP(CENTRAL) 

$PK 

CLBWGT = (1 + THETA(8)*(BWGT - 76.00)) 

;------------------Disposition parameters----------------------- 

TVCL=THETA(1) 

TVCL = CLBWGT*TVCL 

CL=TVCL*EXP(ETA(1)) 

  

TVV=THETA(2) 

V=TVV*EXP(ETA(2)) 

S2=V/1000 

 

;------------------Absorption parameters------------------------ 

TVKA=THETA(3) 

IF(SEX.EQ.2) TVKA=THETA(9) 

KA=TVKA*EXP(ETA(3)) 

 

TVF1=THETA(4) 

PHI=LOG(TVF1/(1-TVF1)) 

F1=EXP(PHI+ETA(4))/(1+EXP(PHI+ETA(4))) 

 

D2=THETA(6) 

 

F2=1-F1 

 

ALAG2=THETA(7) 

 

;------------------Rate constants------------------------------- 

K20=CL/V 

K12=KA 

 

$ERROR(ONLY OBSERVATIONS) 

IPRED=LOG(F) 

W=THETA(5) 

Y=IPRED+W*EPS(1) 

 

$THETA (0,509)  ; Total plasma clearance (L/day) 
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$THETA (5,20) ; Apparent volume of distribtuion 

(L) 

$THETA (0,0.0181) ; First order rate of absorption 

(day-1) 

$THETA (0,0.98,1) ; Relative bioavailability in the 

first deport compartment 

$THETA (0,0.265) ; SD of additive error 

$THETA (0,2.88) ; Duration of the infusion in the 

second depot compartment 

$THETA (0,0.0789) ; Lag time for the zero order 

rate process of absorption 

$THETA (-0.019,0.0123,0.033) ; CLBWGT1 

$THETA (0,0.0181) ; KA SEX=2 

$OMEGA 0.0344 ; IIV_CL 

$OMEGA 1.67 ; IIV_V 

$OMEGA 0.242 ; IIV_KA 

$OMEGA 4.59 ; IIV_F1 

$SIGMA 1 FIX  

 

 

$ESTIMATION PRINT=5 MAXEVAL=9999 METHOD=1 INTERACTION NOABORT  

$COVARIANCE 

 

Appendix II  

NONMEM dataset example 

- ID: patient identification 

- TIME: time in days  

- CONC: LA concentracions (ng/mL) 

- LNCONC: neperian logarithm of the concentration(ng/mL) 

- STABLF:  sample outside the stability period (=1) or not (=0). 

- EVID: event identification  

• 0: observation record 

• 1: dosing record 

- AMT: amount of LA adminsitired in mg  

- RATE: rate at which LA is given  

- CMT: compartment associated with dosing/observation records 

- MDV: missing dependent variable  
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ID TIME CONC LNCONC STABFL EVID AMT RATE CMT MDV 

1 0 . . 0 1 120 0 1 1 

1 0 . . 0 1 120 0 3 1 

1 0 . . 0 1 120 -2 2 1 

1 2.97 a a 0 0 . 0 2 0 

1 14 b b 0 0 . 0 2 0 

1 28.02 c c 0 0 . 0 2 0 

1 28.03 . . 0 1 120 0 1 1 

1 28.03 . . 0 1 120 0 3 1 

1 28.03 . . 0 1 120 -2 2 1 

1 56.02 . . 0 1 120 0 1 1 

1 56.02 . . 0 1 120 0 3 1 

1 56.02 . . 0 1 120 -2 2 1 

1 83.98 d d 0 0 . 0 2 0 

1 84 . . 0 1 120 0 1 1 

1 84 . . 0 1 120 0 3 1 

1 84 . . 0 1 120 -2 2 1 

1 112.05 . . 0 1 120 0 1 1 

1 112.05 . . 0 1 120 0 3 1 

1 112.05 . . 0 1 120 -2 2 1 

1 140.03 . . 0 1 120 0 1 1 

1 140.03 . . 0 1 120 0 3 1 

1 140.03 . . 0 1 120 -2 2 1 

1 143.01 e e 0 0 . 0 2 0 

1 153.97 f f 0 0 . 0 2 0 

1 167.99 g g 0 0 . 0 2 0 

1 168.06 . . 0 1 120 0 1 1 

1 168.06 . . 0 1 120 0 3 1 

1 168.06 . . 0 1 120 -2 2 1 

1 197.04 . . 0 1 120 0 1 1 

1 197.04 . . 0 1 120 0 3 1 

1 197.04 . . 0 1 120 -2 2 1 

1 226.03 . . 0 1 120 0 1 1 

1 226.03 . . 0 1 120 0 3 1 

1 226.03 . . 0 1 120 -2 2 1 

1 251.97 h h 0 0 . 0 2 0 

1 252.09 . . 0 1 120 0 1 1 

1 252.09 . . 0 1 120 0 3 1 

1 252.09 . . 0 1 120 -2 2 1 

1 280.02 . . 0 1 120 0 1 1 

1 280.02 . . 0 1 120 0 3 1 

1 280.02 . . 0 1 120 -2 2 1 

1 308.03 . . 0 1 120 0 1 1 

1 308.03 . . 0 1 120 0 3 1 

1 308.03 . . 0 1 120 -2 2 1 

1 336.01 i i 0 0 . 0 2 0 
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ID TIME CONC LNCONC STABFL EVID AMT RATE CMT MDV 

1 336.12 . . 0 1 120 0 1 1 

1 336.12 . . 0 1 120 0 3 1 

1 336.12 . . 0 1 120 -2 2 1 

1 364 . . 0 1 120 0 1 1 

1 364 . . 0 1 120 0 3 1 

1 364 . . 0 1 120 -2 2 1 

1 392.01 . . 0 0 . 0 2 1 

2 0 . . 0 1 120 0 1 1 

2 0 . . 0 1 120 0 3 1 

2 0 . . 0 1 120 -2 2 1 

2 1.94 j j 0 0 . 0 2 0 

2 12.94 k k 0 0 . 0 2 0 

2 26.93 l l 0 0 . 0 2 0 

2 26.99 . . 0 1 120 0 1 1 

2 26.99 . . 0 1 120 0 3 1 

2 26.99 . . 0 1 120 -2 2 1 

2 54.99 . . 0 1 120 0 1 1 

2 54.99 . . 0 1 120 0 3 1 

2 54.99 . . 0 1 120 -2 2 1 

2 82.93 m m 0 0 . 0 2 0 

2 83.01 . . 0 1 120 0 1 1 

2 83.01 . . 0 1 120 0 3 1 

2 83.01 . . 0 1 120 -2 2 1 

2 110.96 . . 0 1 120 0 1 1 

2 110.96 . . 0 1 120 0 3 1 

2 110.96 . . 0 1 120 -2 2 1 

2 138.97 . . 0 1 120 0 1 1 

2 138.97 . . 0 1 120 0 3 1 

2 138.97 . . 0 1 120 -2 2 1 

2 141.95 n n 0 0 . 0 2 0 

2 152.92 o o 0 0 . 0 2 0 

2 166.97 p p 0 0 . 0 2 0 

2 166.98 . . 0 1 120 0 1 1 

2 166.98 . . 0 1 120 0 3 1 

2 166.98 . . 0 1 120 -2 2 1 

2 194.99 . . 0 1 120 0 1 1 

2 194.99 . . 0 1 120 0 3 1 

2 194.99 . . 0 1 120 -2 2 1 

2 223.01 . . 0 1 120 0 1 1 

2 223.01 . . 0 1 120 0 3 1 

2 223.01 . . 0 1 120 -2 2 1 

2 250.92 q q 0 0 . 0 2 0 



 

 

 

 

 

 

Chapter 4



 
 

 



 

 

Population 

pharmacokinetic/pharmacodynamic 

modeling of the chromogranin A and 

progression free survival effects of 

Lanreotide Autogel/Depot® in 

patients with non-functioning 

gastroenteropancreatic 

neuroendocrine tumors 
 

Núria Buil-Bruna1, Marion Dehez2, Amandine Manon2,  

Thi Xuan Quyen Nguyen2 and Iñaki F. Trocóniz1 

 

 

Manuscript in preparation 

 

1, Department of Pharmacy and Pharmaceutical Technology, School of Pharmacy; 

University of Navarra, IdiSNA Navarra Institute for Health Research, Pamplona, Spain 

2, Clinical Pharmacokinetics, Pharmacokinetics and Drug Metabolism, Ipsen Innovation, 

Les Ulis, France 

 

Running title: Population PK/PD of Lanreotide Autogel®, CgA and PFS 

 



 
 

 



Chapter 4 

 

187 

Abstract 

Objectives 

To develop an integrated pharmacokinetic/pharmacodynamic (PK/PD) model for the 

Chromogranin A (CgA) serum levels, and progression free survival (PFS) effects of Lanreotide 

Autogel® (LA) in patients with non-functioning gastroenteropancreatic neuroendocrine tumors 

(GEP-NETs).  

 

Methods 

Data came from a phase III, randomized, double-blind, placebo-controlled study conducted in 

204 patients over 96 weeks where deep subcutaneous injections of LA 120 mg (n=101) or 

placebo (n=103) were administered every 4 weeks (Clarinet study). The population PK/PD 

model was established based on 810 LA serum samples and 1298 CgA serum samples (n=632 

placebo and n=666, LA). A parametric time-to-event model was developed to relate CgA levels 

and PFS (a total of 76 patients experienced disease progression (n=49 placebo and n=27 LA)).  

 

Results 

Serum profiles of LA were described with a one-compartment disposition model and with an 

absorption process characterized by two parallel absorption pathways following first and zero 

order kinetics. PFS data was considered as informative dropout and therefore CgA and PFS 

responses were modeled jointly. CgA levels were Box-Cox transformed for the analysis. Disease 

progression was characterized in the placebo group with a linear model (in Box-Cox scale). LA 

induced a decreased in CgA levels described by an inhibitory EMAX model. The number of target 

lesions recorded at baseline and patient age were associated with an increment on CgA levels 

at baseline. A Weibull model distribution characterized the underlying PFS hazard. A decrease 

on CgA levels with respect baseline CgA0 reduced significantly the hazard (p<0.001). The 

covariates tumor location in pancreas, and tumor hepatic load were associated with worse 

prognosis (p<0.001). 

 

Conclusions 

A semi-mechanistic model linking drug exposure, biomarker and clinical endpoint could be 

established in patients with non-functioning GEP-NETs receiving LA. Our results indicate that 

CgA levels in serum can be used to monitor disease progression in this type of patients.
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INTRODUCTION  

Endocrine tumors are a rare group of tumors with an increasing incidence, approaching three 

cases/100,000/year (1). Endocrine tumors are typically slow-growing tumors (1-6) which arise 

from endocrine cells and are usually located in the gastrointestinal system or pancreas, with 

most patients having distant metastases at diagnosis (7). Surgical removal is the ideal initial 

treatment, however many of these patients have inoperable tumors and therefore medical 

therapy is required.  

Somatostatin analogues remain the mainstay treatment for gastroenteropancreatic 

neuroendocrine tumors (GEP-NETs). The efficacy of Lanreotide Autogel (LA) (known ad Depot 

in the United States) in patients with GEP-NETs has been recently demonstrated in a 

randomized, double-blind, placebo-controlled, multicenter phase 3 clinical trial (8).  

According to the ESMO Clinical Practice Guidelines for GEP-NETs, treatment efficacy should be 

assessed by both imaging procedures (i.e. CT scans or MRI) and biochemical markers (9). GEP-

NETs express endocrine markers such as Chromogranin A (CgA). CgA plasma levels have been 

reported to be elevated in patients with GEP-NETs. In addition, CgA has been reported to be a 

sensitive tumor marker for disease monitoring since not only reflects tumor load but it is also 

representative of tumor growth (2, 10-13).   

Whereas prognostic factors are defined to predict disease outcome in absence of therapy, 

predictive factors provide information on the potential benefit from treatment (14, 15). Up to 

date, the most significant prognostic factors identified for GEP-NETs include size of the primary 

tumor (1, 7) with worse prognosis for pancreatic tumors (9, 11, 16), presence of metastasis (1, 

6, 7, 9), proliferative index (1, 17), high hepatic tumor load (2, 11, 18, 19), and chromogranin A 

expression (2, 11, 13). CgA levels have been suggested to be a predictive factor of outcome 

notwithstanding, their validity still needs to be confirmed. 
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In the current investigation we aim to establish an integrated PK/PD model for the biomarker 

and clinical end-points effects of LA, using longitudinal patient data of CgA and progression 

free survival obtained from Phase III clinical trial CLARINET (3). That model can be used to 

evaluate outcome of alternative study designs (i.e., dose level, doing interval) in GEP-NETs 

patients. As a result from the modeling exercise, the prognostic and predictive factors of 

progression free survival in these type of patients are identified. 

To our knowledge, there is lack of quantitative models to describe the effects of somatostatin 

analogues in the treatment of GEP-NETs. This evaluation has especial relevance in the 

understanding and predicting LA drug effect due to the unique design properties where each 

patient in the trial contributed with complete serum LA concentration and biomarker profiles, 

and the presence of a group of GEP-NET patients receiving placebo and providing the 

information required to describe the disease progression of the tumor. 

METHODS  

Study population  

All patients provided written informed consent consistent with International Conference on 

Harmonization of Technical Requirements for Registration of Pharmaceuticals for Human Use – 

Good Clinical Practice (ICH–GCP) and local legislation, once the nature and the intention of the 

investigation were fully explained. The studies were performed in accordance with the 

Declaration of Helsinki and were approved by the institutional review board of the ethics 

committee at each study site.   

 

Clarinet is a phase III, randomized, double-blind, comparative, placebo-controlled, parallel-

group and multicenter study. More details about study design can be found in Caplin et al (8).  
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A total of 204 patients were included in the study (101 in the placebo group and 103 in the 

treatment group). Patients in the treated group received an extended-release aqueous-gel 

formulation of 120 mg LA every 28 days for a 2-years period. Study population included 

patients with non-functioning GEP-NETs located in the pancreas, midgut (i.e. small intestine 

and appendix), hindgut (i.e. large intestine, rectum, anal canal and anus) or unknown origin. 

Study population included 33% of patients with hepatic tumor loads greater than 25%. Table 1 

summarizes demographic and disease characteristics of the patients included in the analysis. 

 

Lanreotide, Chromogranin A (CgA) and tumor progression assessments 

Serum lanreotide levels were measured at (i) baseline, (ii) between the 1st and 2nd 

administrations (between week 1 and 4): either, two blood samples taken at 4 hr (range 2-12 

hr) and 7 days (range 6-8 days) after drug administration, or, two blood samples taken at 3 

days (range 2-4 days) and 14 days (range 12-16 days) after drug administration (half of the 

patients were randomly allocated to the first sampling schedule, and the other half to the 

second sampling schedule), (iii) at week 4 prior to drug administration, (iv) between the 6th and 

7th administrations (between weeks 20 and 24), using the same sampling schedule as the one 

established between the 1st and 2nd administrations,  and (v) at all the treatment period visits 

prior to study drug administration including completion or withdrawal visit.  

Levels were quantified using a radioimmunoassay (SGS Cephac, Saint Benoit, France), with a 

lower limit of quantification of 0.078 ng/milliliter, an intra-assay precision of 2.7–5.8%, and an 

inter-assay precision of 3.5–6.5%. 

Tumor progression and CgA levels were assessed every 12 weeks during the first study year 

and every 24 weeks during the second study year. In the case of elevated CgA levels at week 

48, levels were assessed every 12 weeks also during the second year. 
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 Serum CgA levels were determined from blood samples using a solid-phase two-site 

mmunoradiometric assay (Cisbio Bioassays, Codolet, France) with a lower limit of quantitation 

assessed by internal validation of 10 ng/milliliter, an intra-assay precision of 4.2%, and an 

inter-assay precision of 6.8–8.3%.   

Table I. Baseline demographic and disease characteristics of the patients 

 

Tumor assessments were performed using the RECIST v1.0 (20), where an increase (>20%) of 

the sum of longest tumor diameters or the appearance of a new lesion was deemed disease 

progression. Computed tomography (CT) scan was the preferred method of tumor 

Variable Lanreotide arm (n=101) Placebo arm  (n=103) 

Age – median years (range) 64 (30-83) 63(31-92) 

Male sex – no. (%) 53 (52.5) 54 (52.4) 

Weight – median Kg (range) 77(46-128) 75 (40-133) 

CgA levels (ng/mL) – median (range) 157.6 (14.1-32920) 187.7 (17.4-36110) 

Origin tumor location – no. (%) 

   Pancreas 

   Midgut 

   Hindgut 

   Unknown or other 

 

 

42 (41.6) 

33 (32.7) 

11 (10.9) 

15 (14.8) 

 

49 (47.6) 

39 (37.9) 

3 (2.9) 

12 (11.7) 

Hepatic load – no. (%) 

   <25% 

   >25% 

 

62 (61.4) 

39 (38.6) 

 

75 (72.8) 

28 (27.2) 

No. of target lesions – no. (%) 

  <2 

  3-4 

  5-6 

  >6 

 

33 

23 

37 

7 

 

36 

22 

34 

10 

Progressive status – no. (%) 4 (4.0) 4 (3.9) 
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measurement and was used whenever possible. Magnetic resonance imaging (MRI) was 

permitted but was considered as an alternative method where CT scans were not possible. 

 

Data analysis 

Base population model 

We used nonlinear mixed effect modeling (NLME), also known as the population approach 

(21), to analyze LA, CgA and PFS data. An NLME model consists of a structural model, a random 

effects model and a covariate model. Inter-patient variability was assumed to follow a log-

normal distribution. The SAEM algorithm, implemented in NONMEM v7.2 (22), was used to 

estimate model parameters. 

The analysis was performed sequentially: first, the pharmacokinetic (PK) model was selected 

and the corresponding empirical Bayes parameter estimates were used to describe the time 

course of CgA and PFS. 

i)  Lanreotide pharmacokinetics 

We used the previously reported LA PK model (23). Briefly, serum LA profiles were described 

with a one-compartment disposition model and with an absorption process characterized by 

two parallel absorption pathways, following first and zero order kinetics.  

ii) Disease progression model – CgA dynamics 

A total of 1298 CgA levels (n=632 in placebo arm and n=666 in LA arm) were included in the 

analysis, where each patient contributed a median of 7 samples (range 1-11).  

CgA measurements followed a heavily right skewed distribution and were Box-Cox 

transformed (24) for the analysis (leading to a more normal distribution-like) according to 

equation 1:   

 !\]
 ′ =  !\]
 ^ − 1
λ

 (1) 
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where !\]
 ′ are the individual box-cox transformed CgA measurements and λ is the power 

transform parameter, which was estimated to be -0.215 using the powertransform function of 

the car package in R (25).  

The first step on the model building process was to describe a disease progression model using 

only CgA levels from patients in the placebo arm. Disease progression models explored 

included i) empirical models where CgA levels increase either linearly, exponentially with time 

or following a Gompertz equation, ii) semi-mechanistic models where indirect response 

models (26) or an unobserved tumor mass driving CgA synthesis (27).  

Once the disease progression model was established, the effect of LA on the CgA. Several 

models (linear, EMAX, or sigmoid) were tested to describe the relationship between individual 

predicted LA levels and CgA dynamics. In addition, models including an effect compartment 

approach to account for any delays between LA concentrations and reduction in CgA levels 

(28) or considering the development of resistance mechanisms (27) were also explored.   

The base population model which was identifiable and better described CgA dynamics was 

characterized by a linear (in Box-Cox scale) increase of CgA levels over time, representing 

disease progression and an inhibitory EMAX model accounting for LA effects as represented by 

equation 2:  

 !\]� =  !\]@ +  � × � − �_,` × !,
!a@+ !,

 
(2) 

 

where !\]@ is the CgA plasma concentration at time of the start of the clinical trial,  �  is the 

rate constant describing the linear increase of CgA levels, EMAX is the maximum inhibitory drug 

effects (i.e. maximum decrease in CgA levels due to LA), !,  are the predicted individual LA 
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concentrations in serum, and  !a@ is the LA concentration required to obtain half of maximum 

CgA inhibition.  

Due to the study design characteristics (first CgA measurement was obtained after 12 weeks of 

the start of the study, and continuous treatment with LA along the study without off-drugs 

periods), identifiability of more mechanistic models (considering synthesis and degradation 

rates of CgA (29)) was not feasible. 

ii) Progression Free Survival (PFS) - informative dropout  

PFS was defined as the time from first study treatment administration to disease progression. 

Study withdraws due to disease progression were considered informative dropouts. Study 

withdraws occurred due to another reasons (e.g.: protocol violation, consent withdrawn, etc.) 

were analyzed as censored information. We modeled informative dropouts simultaneously 

with CgA to describe the link between CgA dynamics and probability of having disease 

progression.   

A parametric time-to-event model was used to describe PFS. A parametric model allows the 

identification of the underlying hazard function [h(t); i.e. instantaneous rate of event], from 

which the survivor function (i.e. probability of remaining in the study) can be easily obtained 

by integrating the hazard with respect to time (30). Different distributions (exponential, 

Weibull, log-logistic and Gompertz) were explored to describe the baseline hazard rate of 

time-to-progression.  Parametric time-to-event models allow predictors to be included directly 

in the hazard function (both categorical/continuous and time-constant or –variant variables). 

Different expressions of CgA were explored to relate the base hazard rate and CgA levels, 

which included: (i) full time course of CgA (CgAt), (ii) CgA levels at baseline (CgA0), (iii&iv) the 

difference and ratio between CgA levels at each time and CgA levels at baseline (CgAt - CgA0 

and CgAt/CgA0, respectively).  
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A Weibull distribution better described the underlying hazard. The Weibull model includes a 

scale parameter (b and a shape parameter (γ). If γ = 1  then the hazard is constant over time, 

whereas values different than 1 allow the hazard to change over time. The relationship 

between CgA dynamics and PFS that better predict PFS was the ratio between CgA levels and 

CgA0. Therefore, the base model for PFS followed equation 3: 

 ℎ(�) = (b × γ × �(γ*F)) × O!\]�
!\]@

U
c

 
(3) 

 

where b  and d are the base and shape parameters of a Weibull model, and the parameter α 

modulates the CgA effects. 

Model selection criteria 

Selection among models was based on the following: (i) the minimum value of the objective 

function provided by NONMEM, equal to -2 × Log(likelihood) (denoted -2LL); 2LL differences of 

3.84 and 6.67 are considered significant at the 5% and 1% levels, respectively, for nested 

models differing in one parameter; (ii) precision of parameter estimates; and (iii) results from 

model performance judged by visual exploration of goodness of fit plots and predictive checks 

(see below). 

Covariate selection 

Once the base population models for CgA and progression free survival were developed, a 

covariate analysis was performed. The following patient characteristics were considered for 

inclusion as covariates in the models: age, gender, weight, total number of target lesions at 

baseline, primary tumor location (categorized in pancreas vs. other locations), baseline hepatic 

load (categorized in means of <25% or ≥25%), and progressive status at baseline. The 

distribution of those covariates can be found in Table 1. 
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Covariate selection was performed using the stepwise covariate modeling implemented in the 

PsN software (31) by means of the -2LL ratio test with significance levels of 0.05 and 0.005 for 

the forward inclusion and for backward deletion approaches, respectively. 

Model evaluation  

Evaluation of the final model was based mainly on simulation-based diagnostics. A total of 500 

datasets with the same study design characteristics as the original one were simulated. For the 

evaluation of the CgA model, the 5th, 50th, and 95th percentiles of the simulated observations 

in each dataset were computed for the different time intervals. Informative dropout was 

included in model simulations. Then, the 90% confidence interval of each calculated percentile 

was obtained and plotted against the 5th, 50th, 95th percentiles of raw CgA levels. For the PFS 

model, simulated event (i.e. disease progression) times were obtained following the MTIME 

method (32) to create Kaplan-Meier visual predictive checks (VPC) (Kaplan-Meier draw from 

observed data overlaid with a 95% prediction interval calculated from 500 simulated Kaplan-

Meier). Precision of parameter estimates was obtained from the analysis of 200 bootstrap 

datasets. 

RESULTS 

Figure 1A shows the individual profiles of LA, CgA and the empirical Kaplan-Meier curves 

describing PFS for the two treatment arms. The model schematically represented in Figure 1B 

successfully described LA time profiles, CgA dynamics and disease progression (PFS).  

LA concentrations were adequately described by the population PK model (23), as shown by 

the VPC and individual fits included in Supplementary Figure 1. Two covariates were found to 

be statistically significant and therefore were kept in the final model: body weight was found 

to have an impact on clearance and gender effects were found to affect the fraction of the 

dose absorbed following a first order rate input process. 
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CgA dynamics were characterized by a linear disease progression (in Box-Cox scale) and an 

inhibitory EMAX model induced by LA concentrations. Supplementary figure shows the 

distributions of CgA levels under natural, logarithmic and Box-Cox scale. Data supported the 

estimation of inter-patient variability in CgA0, disease progression rate (λ) and EMAX. The EMAX 

and C50 parameters were estimated precisely, and therefore the re-parameterization 

consisting on defining C50 as the ratio between EMAX and a slope parameter was used instead 

(33). Values of η-shrinkage were found to be 14.7%, 25.6% and 42.7% for CgA0, λ and slope, 

respectively. The remaining parameters were constrained to have a small degree of inter-

patient variability to facilitate estimation via the SAEM algorithm. In addition, inter-patient 

variability was also included in the residual error variability, which resulted to be additive on 

the Box-Cox domain.  

Parameters were estimated with adequate precision as shown in Table 2 and in none of the 

cases the 95% confidence intervals (obtained by bootstrapping) include the zero. Inter-patient 

variability in disease progression rate (λ) and in slope was high (around 150%), 

notwithstanding that the precision of those parameters estimates was adequate.  
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Figure 1. A. Representation of available data included in the analysis: time profile of lanreotide 
concentrations (left panel), serum CgA biomarker profiles (middle panel) and Kaplan-Meier of PFS (right 
panel). Dots in left and middle panel correspond to individual observations. Blue and red lines in middle 
panel depict the median time profiles of the biomarker for placebo and lanreotide patients, respectively. 
B. Schematic representation of the pharmacokinetic-pharmacodynamic model for Lanreotide, 
Chromogranin A and PFS. 
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Table II. Population pharmacodynamic parameter estimates of CgA and PFS models 

Parameter/Covariate Model Estimates 5th – 95th 

CgA0 (ng/mL) † = θCgA0  x [1 + θBNLES x (NLES-4)] x  x [1 

+ θAGE x (AGE-63)]   

θCgA0 = 3.13 

θNLES = 2.4 x 10-2 

θAGE = 4.9 x10-3 

3.08 – 3.18 

(1.8 – 3.2) x 10-2 

(3.5 – 6.1) x 10-3 

λ (ng/mL/day)   †          1.7 x 10-4 (1.2 – 2.1) x 10-4 

EMAX (ng/mL) †  5.3 x 10-1 (4.6 – 6.7) x 10-1 

Slope   9.5 x 10-2 6.6 x 10-2 –1.5x 10-1 

C50 (ng/mL) º  5.53 4.39 – 7.00 

Residual error (ng/mL) †  6.5 x 10-2 (6.0 – 7.1) x 10-2 

IIV_ CGA0 † [CV(%)] 11.6 10.4 – 12.6 

IIV_ λ † [CV(%)] 127 106 – 151 

IIV_ Slope [CV(%)]  153 116 – 217 

IIV_ Res. error [CV(%)]  57.6 50.4 – 65.0 

β 7.6 x 10-4 (6.7 – 8.9) x 10-4 

γ 1.72 1.52 – 1.88 

α 16.0 12.4 – 18.1 

θHLOAD>25%  1.84 0.74 – 3.44 

θTLOC(PANCREAS)  1.21 0.34 – 2.36 

(*), 90% confidence intervals calculated from 200 bootstrap datasets. † Parameters in the box-cox 

domain. ºSecondary parameters (i.e. derived from C50 = EMAX/θC50).  

CgA0,  CgA levels at baseline; λλλλ, disease progression rate; EMAX, maximum effect on CgA decrease induced 
by LA concentrations; Slope,  parameter used to estimate C50 as the ratio between EMAX and Slope C50 , LA 

concentration required to exhibit half of maximum inhibitory effect; 

β, base parameter in Weibull model; γγγγ, shape parameter in Weibull model, α, parameter governing the 
link between CgA and PFS.  
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The covariate analysis identified the number of lesions at baseline (NLES) to be the most 

significant covariate in CgA0 (32 points reduction in -2LL; i.e. p<0.001) amongst all covariates 

tested in the population CgA model. On top of number of lesions affecting CgA0, patients’ age 

was also identified as significant on CgA0 (30 points reduction in -2LL; i.e. p<0.001). Although 

primary tumor location and age were found to be significant on disease progression rate (λ) 

initially (p<0.05), were removed during the backward deletion step (p<0.001) and therefore 

were not kept on the final model. The selected covariates were included in the model through 

linear functions as shown in equation 4:  

!\]@ = f. ,@ × g1 + f��� × (���� − 4)i × g1 + f,j� × (]k� − 63)i 
(4) 

 

where f. ,@  is the typical population estimate for CgA0, 4 is the median number of lesions at 

baseline and 63 is the median age in the studied population.  

As an example of individual model fits, Figure 2A shows the individual predictions of CgA 

dynamics in nine randomly selected patients receiving LA. In this same figure, we explored the 

underlying disease progression of those patients receiving LA in the hypothetical case they 

would have received only placebo. 

The selected model seemed to capture well the overall shape and dispersion of the data, as 

reflected in the VPCs shown in Figure 2B. CgA data was analyzed simultaneously with the 

informative dropouts and consequently they were included in the construction of the VPCs.  
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Figure 2. A. Individual CgA observations (points) and CgA model predictions (light lines) vs time from 
patients receiving lanreotide. Darker blue lines represent the simulated CgA profile for each patient 
assuming they did not receive lanreotide. B. Visual predictive check corresponding to the selected final 
population pharmacodynamic model for CGA effects (including the model for dropout). Dots depict 
observations, lines correspond to 2.5th, 50th and 97.5th percentiles of the observations and gray 
shaded areas represent the 95% prediction intervals of the 2.5th-50th-97.5th percentiles of five hundred 
simulated datasets.  

 

The inclusion of the relationship between CgA ratio and PFS in the base hazard equation (3) 

decreased the -2LL by 38 points (p<0.001) and was found to be a better predictor than the 

other expressions tested relating CgA and PFS. In addition, the inclusion of the CgAt/CgA ratio 

on the hazard significantly improved model diagnostics of both CgA (not shown) and PFS 

(figure 3A).  

Amongst all the covariates tested as potential predictors of the PFS, hepatic load and primary 

tumor location were found to be significant (p<0.001). Both covariates, hepatic load (>25%) 

and pancreatic tumor, were associated with a higher hazard rate, and were included in the 

hazard model according to equation 5: 

 ℎ(�) = (b × γ × �(γ*F)) × O!\]�
!\]@

U
c

× (1 � θ�n,�� � �1 � θopn.� 
(5) 
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where (b × γ × �(γ*F)) × q. ,r
. ,s

tc
 are explained in equation 3, θ�n,� and θopn.  represent 

the parameters accounting for the h(t) increase in patients with hepatic load >25%, and  

patients with pancreatic tumors, respectively (both parameters were set to 0 in case of  

baseline hepatic load lower than 25%, and primary tumor location outside pancreas).  

Table 2 also lists the parameters associated to the PFS models, which as in case of the model 

for CgA dynamics, were estimated with high precision. The observed Kaplan-Meier curve 

(stratified by significant covariates) was comprised within the 95% confidence intervals of the 

model-based simulated median Kaplan Meier, suggesting that the hazard model described in 

equation 5 successfully described the probabilities of disease progression observed in the 

studied population (Fig 3B). 

DISCUSSION 

We have developed a population model to describe the pharmacokinetic and 

pharmacodynamic properties of LA after subcutaneous injections to patients with non-

functioning GEP-NETS.  The pharmacodynamic model included the description of CgA profiles 

and the clinical endpoint PFS. Figure 4 explores the link between LA concentrations, CgA levels 

and PFS. Noteworthy, the difference of LA pharmacokinetic profiles (figure 4A) lead to a 

notable different CgA time profiles (figure 4B) and consequently a drastic change in PFS (figure 

4C). In the proposed quantitative framework the PK and biomarker models are considered 

dependent of drug characteristics, whereas the PFS model as predicted by CgA levels, hepatic 

load and tumor locations represents the system dependent part of the model. 
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Figure 3. A. Kaplan-Meier plot of observed progression free survival in placebo (blue) and lanreotide 
arms (red) and 95% prediction intervals (shaded areas) based on 500 simulations for base hazard 
following a Weibull distribution (left panel) and hazard influenced by the ratio of CgA levels from 
baseline (right panel). B. Kaplan-Meier plot of final population model for PFS, stratified by the two main 
prognostic factors found in the model: tumor hepatic load (left panel) and primary tumor location (right 
panel). Lines depict observed PFS and shaded areas represent 95% prediction intervals based on 500 
simulations.  

 
Figure 4. Simulated profiles to explain the link between lanreotide concentrations, CgA levels and PFS. 
A. Simulated lanreotide profiles after 120mg subcutaneous injections every 28 days. Gray arrows 
represent drug administration. Black line depicts LA concentrations in patients receiving placebo; red 
dashed line represents typical LA profile in the studied population; blue and yellow dashed lines depict 
95th and 5th percentiles of LA concentrations given inter-patient variability. Dots represent Ctrough 
concentrations, which were used to simulate CgA profiles. B. Simulated CgA time courses levels 
corresponding to LA concentrations showed in panel A. C Simulated PFS curves according to the pre-
dose CgA levelss showed in panel A for the main prognostic factors included in the final model 
(pancreatic tumors and hepatic load >25%). 
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According to parameter estimates listed in Table 2, the typical CgA0 level corresponds to 3.13 

ng/mL in Box-Cox scale, which translates to 181.5 ng/mL in linear scale. The predicted CgA0 for 

a 63 years old patient with one or seven target lesion at baseline (5th and 95th percentile of 

number of lesions in the studied population) corresponds to 96.4 or 382.9, respectively. A 

change of one year away from median age in the population (i.e. 63 years) tallies with a 5% 

change in CgA0.  CgA levels of an individual in absence of LA treatment after one year would be 

increased by 20%. The typical LA concentration required to produce half of the maximum 

effect was found to be 5.53 ng/mL. This concentration corresponds approximately to the 

typical pre-dose steady-state LA concentration achieved after 24 weeks in GEP-NET patients 

that had received 120mg subcutaneous LA injections every 4 weeks (figure 4a). The profiles 

shown in figure 4b indicates that the effects exerted by LA on CgA are protective after at least 

two years of treatment since LA concentrations slow down disease progression over the time 

period studied (34).  

During model development it was confirmed that inclusion of informative dropouts in the 

biomarker model significantly improved model diagnostics. Note that in figure 1A, CgA levels in 

placebo patients seem to be constant over time, giving the illusion of lack of disease 

progression. However, the flat tendency seen can be explained by informative dropout: 

patients with higher CgA levels (with respect to baseline CgA) are more likely to dropout and 

therefore, at latter times, tendency of individual profiles includes only those patients 

remaining in the study, which had lower increases of CgA levels. Additionally, it has been 

shown that ignoring informative dropout can potentially bias biomarker parameters (35).   

The probability to develop disease progression in GEP-NETs was successfully described by an 

underlying Weibull model modified by three predictors. The ratio between predicted CgA 

levels and individual CgA at baseline (CgA0) was found to be the most significant predictor for 

PFS and accounted for the difference in PFS curves observed between treatment and placebo 
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arm (Fig 3A). Interestingly, treatment arm was not included as a covariate on the hazard since 

that information was implicitly included in the link between the CgA ratio and the PFS: CgA 

levels were typically reduced respect to baseline in patients receiving LA whereas the main 

tendency in placebo patients was CgA levels increased from baseline. We found that PFS was 

significantly longer for LA patients compared with placebo patients, corroborating previous 

findings (8).  The other two predictors of PFS found were hepatic load higher than 25% at 

baseline and primary tumor located in pancreas. These results are consistent with previous 

knowledge, which correlate hepatic load and pancreatic tumors with worse prognosis in GEP-

NETs (2, 9, 11, 16, 18, 36). 

To visualize the effect of CgA ratio on PFS, we performed simulations of median expected time 

to event (MTTE) given the observed range of CgA ratios at steady state (figure 5) in the 

different subpopulations (hepatic load and pancreatic tumors). Assuming stable biomarker 

levels (i.e. CgAt/CgA0=1) hepatic load>25% is predicted to be associated with 44% lower MTTE 

relative to hepatic load<25%.  Similarly, pancreatic tumor MTTE is 38% relative to primary 

tumors in other locations without treatment or disease progression.  

The general trend in all populations is that increasing levels of biomarkers leads to a reduction 

in PFS.  The required level of biomarker inhibition to achieve a specified increase in MTTE is 

also dependent on the subpopulation.  However, when considering substantial increases of 

MTTE (e.g. of more than 100%), the required inhibition is similar between populations. For 

example, to increase median time to event by 100%, 48% and 65%  inhibition of CgA levels is 

required for patients with hepatic load<25% and hepatic load>25%, respectively. Similarly, 48% 

and 61% inhibition of CgA levels is required for increasing median time to event by 100% for 

patients with pancreatic tumors and non-pancreatic tumors, respectively.  This suggests that 

although hepatic load and tumor location significantly affect PFS, LA may be suitable for a 

broad population of patients if substantial biomarker inhibition can be achieved. 
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Figure 5. Relationship between CgAt/CgA0 ratio and median time to event (TTE, i.e. time to disease 
progression) for different hepatic load (left panel) and different tumor location (right panel), assuming 
constant CgA levels at steady state.  

 

Currently, CgA is the most common accepted biomarker to diagnose and monitor patients with 

GEP-NET. Although CgA has been evaluated previously as surrogate marker of response 

(previous studies found that early decrease of CgA levels is linked with favorable outcomes 

(37) and similarly, elevated CgA levels with poor overall prognosis (2, 11, 38)) it is deemed 

category 3 (i.e. “based upon any level of evidence, there is major disagreement”) by the 

National Comprehensive Cancer Network (NCCN) (39). However, none of these studies 

included neither longitudinal analysis of CgA levels nor a quantitative relationship integrating 

CgA time profiles with clinical outcome. In the present work, we used non-linear mixed effects 

(NLME) modelling to assess the putative use of CgA as a prognostic and predictive biomarker 

for PFS. NLME models allow to integrate different sources of knowledge to describe the 

underlying time course of the disease. Indeed, the use of mathematical models to assess the 

predictive performance of circulating biomarkers has been previously highlighted (40-43). 

Certainly, there are several recent examples where mathematical models have been used to 

describe the time course of tumor markers and their link with clinical outcome in different 

cancer indications. Some of them include the use of the kinetic modelling of human chorionic 

gonadotropin as an early predictor of methotrexate resistance in low-risk gestational 
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trophoblastic neoplasia patients (44), mathematical models to personalize vaccination 

regimens to stabilize prostate-specific antigen (PSA) levels (43, 45), the use of soluble VEGF 

receptor 3 to monitor adverse events and clinical response in patients with imatinib-resistant 

gastrointestinal stromal tumors (46, 47), a semi-mechanistic model involving lactate 

dehydrogenase (LDH) and neuron specific enolase (NSE) dynamics in small cell lung cancer 

patients (41), and the use of CA-125 as an early predictive biomarker of recurrent ovarian 

cancer (48). 

Circulating tumor markers such as CgA are easily measured in peripheral blood and do not 

present same limitations of imaging procedures regarding the frequency of the measurements 

and therefore, in conjunction of imaging techniques, provide a powerful strategy to monitor 

disease. Indeed, the search for emerging tumor markers that can be used as prognostic and 

predictive factors of clinical outcome has increased substantially in the last decades. This urge 

has been driven by the ultimate objective to attain personalized medicine. In order to achieve 

this personalized approach to cancer management, the identification of significant prognostic 

and predictive factors that allow us to reliably separate, for example, those patients with more 

aggressive diseases or more likely to respond to certain treatment, is strictly required. 

One additional strength of this investigation is the data availability (i.e. biomarker and clinical 

outcome) from untreated patients, which is not frequent in the oncology field. Published 

works where NLME models have been applied to data from randomized placebo-controlled 

clinical trials in oncology are rather scarce. A recent example which includes data from placebo 

patients is the mathematical model of tumor growth kinetics in renal cell carcinoma patients 

after treatment either with placebo or pazopanib (49). Modeling tumor growth or biomarker 

dynamics data from untreated patients provide additional knowledge of the underlying 

disease proliferation and therefore enables a more realistic description of the behavior of the 

disease.  
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In the current investigation, we demonstrated, by means of mathematical modelling, that the 

change in CgA over time is a relevant prognostic and predictive factor of progression free 

survival in GEP-NETs at the population level, in both untreated and treated patients.  In 

addition, we found that patients with primary tumor in pancreas and patients with a baseline 

hepatic load higher than 25% are correlated with worse prognosis. Nonetheless, further 

studies are required to identify how CgA levels affect clinical outcome at the individual level or, 

in other words, how much reduction of CgA levels is needed to achieve a certain increase in 

disease-free survival for any particular patient. 

 

Summary and conclusions  

Our results provide confirmatory evidence of the efficacy of LA in GEP-NETs. To the best of our 

knowledge, this is the first analysis which develops a framework linking pharmacokinetics of LA 

to biomarker dynamics and uses the latter to describe PFS in this type of patients.  This 

framework offers a better understanding of drug effect in the surrogate endpoint (i.e. CgA) 

and eventually the clinical endpoint (i.e. PFS). One of the main advantages of this type of 

model-based frameworks which combines LA, CgA and PFS is that models can be used to 

conduct simulations to predict PFS in new settings, predict long term clinical outcome in phase 

III, as for example (50), or explore different dosing schedules. In addition, the link between CgA 

dynamics and PFS is treatment independent, meaning that regardless type of treatment, the 

proposed model could provide the basis to develop a framework which enables disease 

monitoring in patients with GEP-NETs based on biomarker levels, as it has been recently 

applied to small cell lung cancer patients (51).  
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Supplementary Figure 1. A Results from the predicted-corrected visual predictive checks obtained from 
500 simulated profiles and corresponding to the selected population PK model. Points represent raw 
data. Lines correspond to the 2.5th, 50th, and 97.5th percentiles of the raw data. Shaded areas represent 
the 95% prediction intervals of the 2.5th-50th-97.5th percentiles of five hundred simulated datasets. B 

Individual observed (points) and individual model predicted (solid lines) vs time profiles of serum 
lanreotide corresponding to six patients selected at random.  

 

Supplementary Figure 2: 

Observed CgA levels 
distributions A histograms and B 

Q-Q plots for non-transformed 
(natural scale), log-transformed 
and box-cox transformed CgA 
levels. 
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Appendix I  

NONMEM estimation file 

$PROBLEM 

$INPUT ID EVID GRP CMT FLAG RATE AMT RCGA BHLOAD PTLOC BWEIGHT 

$DATA       DATASET_CGA_SURV_726_V2_LOG_BOXCOX_v11.csv IGNORE=@ 

$SUBROUTINE ADVAN13 TOL=12 

$MODEL      COMP(CGA) COMP(HAZ) COMP(DEPOT) COMP(CENTRAL) 

$PK 

;------------------PK MODEL-------------------------------------  

CL=CLFP 

V=VI 

S4=V/1000 

KA=KAI 

F3=F1I 

F4=F2I 

D4=D2I 

K40=CL/V 

K34=KA 

 

;------------------Cga PARAMETERS------------------------------- 

 

;;; CGA0NLES2-DEFINITION START 

IF(NLES2.EQ.-99) THEN 

CGA0NLES2 = 1 

ELSE 

CGA0NLES2 = ( 1 + THETA(10)*(NLES2 - 4.00)) 

ENDIF 

;;; CGA0NLES2-DEFINITION END 

 

 

;;; CGA0BAGE-DEFINITION START 

CGA0BAGE = ( 1 + THETA(9)*(BAGE - 63.00)) 

;;; CGA0BAGE-DEFINITION END 

 

;;; CGA0-RELATION START 

CGA0COV=CGA0BAGE*CGA0NLES2 

;;; CGA0-RELATION END 

 

TVCGA0 =  THETA(1) 

TVCGA0 = CGA0COV*TVCGA0 

MU_1 = LOG(TVCGA0) 

CGA0 = EXP(MU_1+ETA(1)) 

 

TVSLP =  THETA(2) 

TVSLP = SLPCOV*TVSLP 

MU_2 = LOG(TVSLP) 

SLP= EXP(MU_2+ETA(2)) 
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TVSLPE =  THETA(3) 

MU_3 = LOG(TVSLPE) 

SLPE= EXP(MU_3+ETA(3)) 

 

TVEFF =  THETA(4) 

MU_4 = LOG(TVEFF) 

EFF= EXP(MU_4+ETA(4)) 

 

EFF50 = EFF/SLPE 

 

;------------------PFS PARAMETERS-------------------------------

---- 

EBHLOAD = 0 

IF(BHLOAD.GT.1) EBHLOAD=THETA(12) 

 

EPTLOC = 0 

IF(PTLOC3.EQ.1) EPTLOC=THETA(13) 

 

TVBASE =  THETA(5) 

MU_5 = LOG(TVBASE) 

BASE= EXP(MU_5+ETA(5)) 

 

TVSHP  =  THETA(6) 

MU_6 = LOG(TVSHP) 

SHP = EXP(MU_6+ETA(6)) 

 

TVALFA  =  THETA(7) 

MU_7 = LOG(TVALFA) 

ALFA = EXP(MU_7+ETA(7)) 

 

 

$DES 

; -------------- CGA MODEL-------------------------------------- 

CGA = CGA0 + SLP  * T  - (EFF*CP/(CP+EFF50)) 

 

; -------------- PFS MODEL-------------------------------------- 

DEL = 1E-6 

DADT(2) = (BASE*SHP*(BASE*(T+DEL))**(SHP-

1))*(1+EBHLOAD)*(1+EPTLOC)*(CGA/CGA0)**ALFA 

 

; ------------ PK MODEL----------------------------------------- 

DADT(3)=-KA*A(3) 

DADT(4)=KA*A(3)-K40*A(4) 

CP=A(4)/S4 

 

 

$ERROR 

 

CPP = A(4)/S4 

; -------------- CGA MODEL--------------------------- 

CGAL = CGA0 + SLP  * TIME   - (EFF*CPP/(CPP+EFF50)) 

 

W=THETA(8)*EXP(ETA(8)) 

IPRED = CGAL 

IWRES=(DV-IPRED)/W 
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  IF(FLAG.EQ.0) THEN          ; CgA IS CONTINUOUS VARIABLE 

    F_FLAG= 0 

   Y  = IPRED+EPS(1)*W 

  ENDIF 

 

; -------------- PFS MODEL--------------------------- 

 

 CHZ = A(2)        ; cumulative hazard  

 SUR = EXP(-CHZ)           ;survival probability 

 

DELX = 1E-6 

 HAZNOW=(BASE*SHP*(BASE*(TIME+DELX))**(SHP-

1))*(1+EBHLOAD)*(1+EPTLOC)*(CGAL/CGA0)**ALFA 

 

 IF(FLAG.EQ.5.AND.DV.NE.0)   THEN 

     Y=SUR*HAZNOW           ;prob density function of event 

     DV1=1 

 ENDIF 

 

 IF(FLAG.EQ.5.AND.DV.EQ.0) THEN 

    Y=SUR                   ;censored event (prob of survival) 

    DV1 = 0 

 ENDIF 

 

 IF(FLAG.EQ.5) THEN 

     F_FLAG= 1           ; drop out and censoring events are 

categorical 

 ENDIF 

 

$THETA (0,3.1)  ; CgA0 (baseline CgA) 

$THETA (0,0.0002) ; SLP (disease progression) 

$THETA (0,0.09) ; SLPE (parameterisation EC50) 

$THETA (0,0.53) ; EFF (Emax) 

$THETA (0,0.00077) ; BASE WEIBULL 

$THETA (0,1.77) ; SHAPE WEIBULL 

$THETA (0,15) ; ALFA (link CgA and PFS) 

$THETA (0,0.05) ; SD ADDITIVE ERROR BOX-COX 

$THETA (0,0.0181) ; CgA0 - BAGE 

$THETA 0.0344 ; CgA0 - NLES 

$THETA (0,1.8) ; EBHLOAD - PFS 

$THETA (0,1.3) ; EPTLOC - PFS 

$OMEGA 0.01 ; IIV_CgA 

$OMEGA 1.6 ; IIV_SLP 

$OMEGA 1.7 ; IIV_SLPE 

$OMEGA 0.0225 FIX ; IIV_EFF 

$OMEGA 0.0225 FIX ; IIV_BASE 

$OMEGA 0.0225 FIX ; IIV_SHP 

$OMEGA 0.0225 FIX ; IIV_ALFA 

$OMEGA 0.5 ; IIV_ERROR 

$SIGMA 1 FIX  

 

$ESTIMATION METHOD=SAEM LAPLACIAN INTERATION NBURN=1000 

ISAMPLE=2 NITER=250 CTYPE=3 CITER=10 CALPHA=0.05 CINTERVAL =30  

$ESTIMATION METHOD=IMP LAPLACIAN EONLY=1 NITER=5 ISAMPLE=1000 

RANMETHOD=3S NOPRIOR=1 SIGL=87 

$COVARIANCE 
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Appendix II  

NONMEM dataset example 

- ID: patient identification 

- EVID: event identification  

• 0: observation record 

• 1: dosing record 

 
- CMT: compartment associated with dosing/observation records 

- FLAG: internal type of event identifier 

• 0: CgA observations 

• 2: LA administration 

• 5: Dropout observation (0=censored event, 1=disease progression) 

 

- RATE: rate at which LA is given  

- AMT: amount of LA adminsitired in mg  

- NLES: number of target lesions at baseline 

- BHL: hepatic tumor load at baseline  
• 1 : <25% 

•  2: ≥25% 

 

- LOC: primary tumor location  
• 1: pancreas 

• 2: midgut 

• 3: hindgut, foregut, other and unknwon origin 

 

- CLFP :  Empirical Bayes Estimate (EBE) for clearance (L/day) 

- VI : EBE for volume of distribution (L) 

- KAI : EBE for rate of absorption (day-1) 

- D2I : EBE for duration of the infusion in the second compartment (days) 

- F1I: EBE for the relative bioavailability in the first depot compartment 

- F2I: EBE for the relative bioavailability in the second compartment 

- TIME: time in days  

- LCGA2:Box-Cox transformation of CgA concentrations (ng/mL) 
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ID EVID CMT FLAG RATE AMT NLES BHL LOC CLFP VI KAI D2I F1I F2I TIME LCGA2 

99 0 1 0 . 0 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 0 a 

99 3 2 5 . 0 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 0 . 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 0.007 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 0.007 . 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 28.027 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 28.027 . 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 56.017 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 56.017 . 

99 0 1 0 . 0 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 83.987 b 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 83.997 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 83.997 . 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 112.047 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 112.047 . 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 140.027 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 140.027 . 

99 0 1 0 . 0 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 167.997 c 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 168.057 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 168.057 . 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 197.037 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 197.037 . 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 226.027 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 226.027 . 

99 0 1 0 . 0 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 251.977 d 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 252.087 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 252.087 . 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 280.017 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 280.017 . 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 308.027 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 308.027 . 

99 0 1 0 . 0 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 336.017 e 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 336.117 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 336.117 . 

99 1 3 2 0 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 363.997 . 

99 1 4 2 -2 120 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 363.997 . 

99 . 2 5 . . 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 392.007 1 

99 0 1 0 . 0 3 1 3 409.4 17.4 0.014 2.96 0.997 0.003 392.017 f 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 0 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 0 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 27.94 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 27.94 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 54.94 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 54.94 . 

102 0 1 0 . 0 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 83.88 g 

102 3 2 5 . 0 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 83.88 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 83.95 . 
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ID EVID CMT FLAG RATE AMT NLES BHL LOC CLFP VI KAI D2I F1I F2I TIME LCGA2 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 83.95 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 111.91 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 111.91 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 139.91 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 139.91 . 

102 0 1 0 . 0 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 167.92 h 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 167.93 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 167.93 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 195.91 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 195.91 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 223.96 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 223.96 . 

102 0 1 0 . 0 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 251.93 i 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 251.94 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 251.94 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 279.98 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 279.98 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 307.9 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 307.9 . 

102 0 1 0 . 0 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 335.96 j 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 335.97 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 335.97 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 363.93 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 363.93 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 391.9 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 391.9 . 

102 0 1 0 . 0 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 419.93 k 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 419.93 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 419.93 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 447.92 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 447.92 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 475.92 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 475.92 . 

102 0 1 0 . 0 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 503.9 l 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 503.9 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 503.9 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 531.92 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 531.92 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 559.9 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 559.9 . 

102 0 1 0 . 0 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 587.92 m 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 587.92 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 587.92 . 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 615.94 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 615.94 . 
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ID EVID CMT FLAG RATE AMT NLES BHL LOC CLFP VI KAI D2I F1I F2I TIME LCGA2 

102 1 3 2 0 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 643.92 . 

102 1 4 2 -2 120 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 643.92 . 

102 0 1 0 . 0 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 671.91 n 

102 . 2 5 . . 8 2 2 605.4 16.5 0.015 2.96 0.984 0.016 672 0 

1001 0 1 0 . 0 6 2 1 . . . . . . 0 o 

1001 3 2 5 . 0 6 2 1 . . . . . . 0 . 

1001 0 1 0 . 0 6 2 1 . . . . . . 83.943 p 

1001 0 1 0 . 0 6 2 1 . . . . . . 167.943 q 

1001 0 1 0 . 0 6 2 1 . . . . . . 258.973 r 

1001 0 1 0 . 0 6 2 1 . . . . . . 335.973 s 

1001 0 1 0 . 0 6 2 1 . . . . . . 419.953 t 

1001 0 1 0 . 0 6 2 1 . . . . . . 503.993 u 

1001 0 1 0 . 0 6 2 1 . . . . . . 671.973 v 

1001 . 2 5 . . 6 2 1 . . . . . . 672.003 0 

1007 3 2 5 . 0 4 2 3 . . . . . . 0 . 

1007 0 1 0 . 0 4 2 3 . . . . . . 84.928 w 

1007 0 1 0 . 0 4 2 3 . . . . . . 168.018 x 

1007 0 1 0 . 0 4 2 3 . . . . . . 335.968 y 

1007 0 1 0 . 0 4 2 3 . . . . . . 419.948 z 

1007 0 1 0 . 0 4 2 3 . . . . . . 502.978 a 

1007 . 2 5 . . 4 2 3 . . . . . . 524.028 1 

1007 0 1 0 . 0 4 2 3 . . . . . . 531.968 b 
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The current approach defining therapeutic strategy to patients with most solid tumours is to 

apply specific regimens that have been empirically tested in representative populations. 

Patients are therefore generally exposed to the same therapy regardless any intrinsic factors 

that may influence outcome. Given the heterogeneity in response between patients and the 

narrow therapeutic windows of many therapies, this approach can potentially lead to patients 

with indolent diseases being put at unnecessary risk of adverse drug reactions and patients 

with aggressive tumours being put at risk of being undertreated. Individualised dosing to 

target specific outcomes is therefore a key aspect of risk-benefit management.  

Another key aspect of oncology management is the need to administer the right therapy at 

early stages of disease and to provide alternative therapeutic strategies (e.g. second line 

treatment) before drug resistance is formed. Current practice to detect disease progression is 

via imaging techniques following the RECIST criteria (1). When disease progression is detected 

(i.e. more than 20% increase in the sum of longest diameters of target lesions or appearance of 

new metastases), clinicians react by implementing an appropriate therapeutic strategy. The 

primary weakness of this empirical approach is that typically monitoring strategies consist of 

scans every 6-8 weeks, and significant disease progression can occur during this time frame. 

More proactive strategies to determine when a patient should receive treatment require 

individual prediction of expected outcome to identify those patients at high risk of relapse. 

Selection of therapeutic strategy should therefore account for the expected time course of 

disease. Individualised therapies which optimise expected individual risk-benefit are 

potentially of great value in current and prospective therapies. The technical challenge lies in 

predicting individual outcomes and the effect of therapy on those outcomes. This requires the 

use of inferential statistics rather than the descriptive, empirical statistics currently in 

widespread use. 
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To inform individual prediction of outcome, the use of circulating biomarkers has been 

proposed to provide early indications of clinical efficacy. They present several advantages 

respect to standard imaging techniques: i) easily collected (i.e. usually blood test), ii) little 

restriction on frequency of collection (compared to limitation of 6-8 weeks between two CT 

scans), and iii) may be more representative of total tumour burden than sum of longest 

diameters of target lesions. However, despite investments and advances in identifying 

potentially useful biomarkers, the number of markers that have been validated and 

determined to be clinically useful remains scarce. One of the reasons suggested to explain the 

lack of widespread use of biomarkers include methodological limitations in their assessment 

(e.g. poor study design, inappropriate statistical analysis, non-standardised designs, lack of 

reproducibility, small study sample sizes, etc.) (2).  

 

In this thesis we have focused on advancing the use of individualised medicine and prediction 

of outcome by making use of biomarkers and population PK/PD modelling with the overall 

purpose of giving the right drug at the right dose to the right patient at the right time. The 

results obtained in this thesis have already been extensively discussed in each chapter. Thus, in 

this section we will summarise the main findings and consider future perspectives. 

 

In Chapter 1 we developed a population K-PD model for small cell lung cancer (SCLC) using two 

circulating biomarkers, namely lactate dehydrogenase (LDH) and neuron specific enolase 

(NSE). Although these two biomarkers are not currently used to assess clinical efficacy (i.e. not 

validated) due to their supposed low specificity and sensitivity, we showed that when 

integrated in a semi-mechanistic disease model they can be used to predict underlying disease 

time course. In addition, we showed that the specificity and sensitivity of the model-derived 

disease predictions (i.e. unobserved variable representing total tumour burden informed by 
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the two biomarkers) was high and higher than either biomarker on its own. The model based 

approach, therefore, allowed us to efficiently combine the information content from two 

separate biomarker endpoints into a single, more predictive, (model-based) endpoint. This 

finding illustrated how the use of traditional statistical tools (i.e. uni-/multi-variate analysis) to 

assess the correlation of biomarker and disease levels can misrepresent the performance of a 

biomarker. Therefore we recommend assessing biomarkers with the use of mechanistic 

mathematical models to account for the nonlinear, time-dependent biological processes 

between biomarker modulation and change in disease.  

 

Once we had demonstrated that LDH and NSE dynamics are predictive biomarkers for SCLC 

when considered through the proposed modelling framework, we extended the model in 

Chapter 2 by modelling clinical efficacy assessments (i.e. RECIST categories) with predicted 

change in disease.  

The traditional approach for using an established biomarker in predicting outcome is generally 

to derive optimum cut-off values to classify biomarker response by outcome (response/stable 

disease vs. disease progression). With such an approach, the consequence of inaccurate or 

unreliable predictions is the potential for inappropriate treatment decisions for individuals 

since individuals with similar biomarker response may have very different predictions of 

outcome if they lie close to the cut-off value. Similarly, same outcome predictions may be 

obtained for individuals above/below the threshold even if their biomarker levels differ 

noticeably. In contrast, our framework consists of using model-derived biomarker (predicted 

change in disease) to compute individual predictions of outcome together with estimates of 

individual uncertainty in outcome. This provided us with a measure of confidence in the 

predictions that is not possible with a cut off approach, so that individuals with high 

uncertainty predictions could be identified a priori, avoiding inappropriate decision making. 

For example, patients with high uncertainty in predicted outcome can be identified as “at risk” 
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and would benefit from an increased monitoring strategy so more reliable predictions can be 

made for these individuals in the future. An interesting extension of this work is the use of 

optimal design methods (3) to identify the optimum number and time of biomarker 

observations for each patient to minimize the uncertainty around predictions.  

 

The main finding in Chapter 2 was that at the end of first line treatment, the framework could 

predict with high confidence the outcome of a majority of patients in follow up visits in an 

external dataset used as validation purposes. The early identification of patients with high risk 

to relapse allows the early commencement of second line therapy. However, the current 

findings cannot determine the expected increase in survival associated with second line 

therapy. Addressing this question was unfortunately beyond the scope of the work in this 

thesis; however, the methods required to perform this are standard practice within the field of 

pharmacometrics. Firstly, the predictive capability of LDH and NSE obtained using biomarker 

levels from first line treatment should be assessed in later stages of the disease. Secondly, 

model-based assessment needs to be performed of the disease modifying effects (and toxicity) 

associated with extended first line therapy and/or second line therapies. Since the present 

model already describes system specific processes related to SCLC and biomarker modulation, 

incorporation of second line therapy would only require the therapy-specific model 

components to be estimated. This would entail similar datasets to the one used in Chapter 2 

with biomarker and RECIST data. Individualised therapy could then be derived in silico by 

investigating the probability of positive outcome with various therapeutic strategies. We 

recommend this to be investigated as an extension of the present work. 

 

The work in these two chapters was developed using medical records of patients diagnosed in 

the University Clinic of Navarra between 2002 and 2014. We showed that only using routinely 

collected medical record data, and without commissioning a new study, modelling techniques 
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allowed to establish the relationship between circulating biomarkers and to predict disease 

progression early in SCLC patients. In line with the introduction of this thesis, we encourage 

collaborations between hospitals and pharmacometricians to assess the feasibility of the 

approach in this thesis with other cancers. Given the complexity of pharmacometric software 

(primarily R and NONMEM) used in Chapter 2, a user friendly web-interface would enable 

physicians to use the framework on a routine basis to predict outcome and potentially 

optimise therapy.  

 

Chapter 3 illustrated the potential benefit of also applying pharmacometric strategies to 

therapies currently in development as opposed to therapies already on the market. In contrast 

to the lack of PK data in Chapters 1 and 2, here we developed a population PK model for 

Lanreotide Autogel® using PK observations from 290 patients involved in four different clinical 

trials.  

This chapter represents the paradigm of the advantages of the population approach. Three of 

the studies included subjects with only pre-dose PK samples. Such sampling study designs 

impede the characterisation of the drug concentration time profile if no other information is 

available. However, the fourth study incorporated up to four drug concentrations per patient 

between drug administrations in two different occasions. The population approach enables the 

merge of imbalance and/or sparse data so that the drug concentration time profiles can be 

adequately characterised and PK model parameters can be accurately estimated. Data pooling 

from the four clinical trials allowed us to identify a detailed PK model comprised of a one-

compartment disposition with a complex absorption process characterized by two parallel 

absorption pathways following first and zero order kinetics.  

Although of the significance of some covariates (e.g. RACE and anti-lanreotide antibodies) 

could not be assessed due to the imbalanced design, we use model-based simulations to 
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evaluate visually their potential impact on the serum concentrations vs time profiles as shown 

in Figure 7 on this chapter. 

 

In Chapter 4 we used the Empirical Bayes Estimates (EBEs) of the PK individual model 

parameters obtained for the CLARINET study from Chapter 3 to establish the link between 

Lanreotide concentrations, the circulating biomarker chromogranin A (CgA) and the clinical 

outcome (i.e. progression free survival (PFS)). The proposed PK/PD/PFS model presents a quite 

unique feature since drug exposure measurements are available. Generally, literature 

examples of model-based approaches applied to describe an oncologic response lack of PK 

measurements. In those cases, a K-PD model (4) or a previously published PK model (if 

available) can be used as we had discussed in the introduction of this thesis.  

 

We estimated CgA biomarker dynamics and time-to-event rates simultaneously, accounting for 

dropout due to disease progression in the biomarker model, avoiding potential bias in 

parameter estimates. This chapter illustrated many methodological considerations for 

modellers. For example, how to discriminate the presence of dropout i) completely at random 

(“the dropout and measurement processes are independent), ii) at random (“the dropout 

process depends on the observed measurements, i.e. those preceding dropout”), and iii) 

informative (“the dropout process depends on the unobserved measurements, i.e. those that 

would have been observed if the unit had not dropped out”) information according to Diggle 

and Kenward’s definitions (5). We also showed that newly developed estimation methods in 

NONMEM 7 provided more robust models than were previously possible in previous versions 

of NONMEM. Specifically, expectation maximisation methods outperformed Laplacian 

estimation when simultaneously modelling continuous and categorical data. We therefore 

recommend to modellers to make use of these methods, however, care must be taken to 

ensure model convergence has been achieved. We recommend visual inspection of the 
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parameters and OFV vs. ITERATION to diagnose numerical problems. Additionally, regarding 

time to event (TTE) model diagnostics, specifically simulation based Kaplan-Meier VPCs, we 

have determined that the standard approach of using a dense grid dataset is computationally 

and time expensive, especially when dealing with high number of patients. More importantly, 

the predictions can be biased depending on the time intervals included in the dense grid 

created for simulation. We therefore recommend the approach used in Chapter 4, which was 

the recently proposed RTTE MTIME implementation (6). This approach improved drastically 

simulation and post-processing times as well as predictive accuracy.  

 

Chapter 4 presents some features to be considered. First, the biomarker model comprises 

disease progression and drug effects modifying the evolution of the disease. This feature 

hampers the prediction of the time course of CgA in patients without CgA baseline or recorded 

time of diagnosis and start of treatment. Also, time-varying CgA serum levels are used to 

predict the underlying Weibull hazard responsible of PFS. Since the cumulative hazard drives 

PFS depends on time from diagnosis, it is difficult to provide a CgA concentration associated 

with a particular PFS probability. Finally, in cases where biomarker observations are highly 

skewed, data transformation techniques can be applied to analyse the data. In this chapter, 

the CgA serum observations were Box-Cox transformed prior to modelling, requiring an extra 

parameter data-dependent to perform such transformation. Caution should be therefore 

taken when analysing the same response variable in other studies or different settings. The 

aforementioned points challenge the pharmacometrician when communicating results and 

when applying the quantitative framework for different purposes.  

 

Ultimately, the work presented in Chapter 4 demonstrated that the time dependent 

relationship between circulating biomarker levels and clinical outcome in terms of time-to-

event could be assessed. Once these relationships have been established (similarly to Chapter 
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1 with NSE and LDH for SCLC), the individualised prediction framework applied in Chapter 2 

can be applied here. Future work includes the development of such a framework together with 

an assessment of its predictive accuracy in an external dataset. This will allow the identification 

of patients responding to Lanreotide Autogel® and patients who are at risk of relapse during or 

after treatment. In addition, since the population PK model is fully integrated, the dosing 

regimen can be individually selected to maximise the probability of positive outcomes. Ideally, 

in the future CgA could be used as a surrogate endpoint in clinical trials to predict clinical 

outcome without the restriction of long clinical endpoint usually required (i.e. PFS or overall 

survival).  

In summary, the work presented in this thesis is an example of the application of 

pharmacometrics to enable model based personalised medicine and drug development in 

oncology. The use of circulating biomarkers within mechanistic population models and its 

capability to predict individual outcomes (allowing the development of personalised treatment 

and monitoring strategies to maximise positive outcomes) is with no doubts the main 

contribution of this thesis. 
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(1) A kinetic-pharmacodynamic (K-PD) model was developed that successfully describes the 

dynamics of lactate dehydrogenase (LDH) and neuron specific enolase (NSE) 

concentrations in plasma over time in first-line treated small cell lung cancer (SCLC) 

patients. 

  

(2) The biomarker model is based on an unobserved variable (disease) inferred from the two 

biomarkers and represents the underlying tumor size dynamics. The model predicted 

disease variable was found to be highly correlated with disease progression determined by 

imaging techniques, suggesting that LDH and NSE have predictive value for SCLC . 

 

(3) A quantitative framework integrating biomarker and RECIST observations was developed 

to predict clinical outcome in SCLC patients. Using a new set of patients, the framework 

could accurately predict the outcome in follow-up visits for a majority of patients using 

data up to the end of first line treatment. Therefore, the proposed framework enables 

proactive personalised medicine in SCLC patients. 

 

(4) The PK of Lanreotide Autogel® (LA) was successfully characterised by a one-compartment 

disposition model and two absorption processes in patients with gastroenteropancreatic 

tumours (GEP-NETs). Although body weight was significantly associated with total serum 

clearance, none of the measured patients’ characteristics were found to be clinically 

relevant to require a potential dose adjustment in clinical practice, 

 

(5) A semi-mechanistic model integrating LA exposure, Chromogranin A (CgA) and progression 

free survival (PFS) in a sequential manner was successfully developed in patients with non-

functioning GEP-NETs. Model results provided confirmatory evidence of the efficacy of LA 

in GEP-NETs.  
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(6) The final PK/PD model described the relationship between CgA and PFS in patients with 

non-functioning GEP-NETs receiving either placebo or LA. Change in CgA levels respect to 

baseline CgA levels was found to be correlated with PFS. This model could provide the 

basis for individualised disease monitoring in patients with GEP-NETs through monitoring 

circulating levels of CgA. 
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(1) Se ha desarrollado un modelo cinético-farmacodinámico que describe adecuadamente el 

perfil temporal de los marcadores lactato deshidrogenasa (LDH) y enolasa neuronal 

específica (NSE) en pacientes con cáncer de pulmón de células pequeñas (SCLC) tratados 

con primera línea de quimioterapia.  

 

(2) El modelo anteriormente citado se basa en una variable latente (disease) la cual es inferida 

por los dos marcadores y representa la dinamia subyacente del tamaño tumoral. Se 

observó que dicha variable predicha por el modelo correlacionaba con la progresión de la 

enfermedad diagnosticada con técnicas de imagen, sugiriendo que la LDH y la NSE 

presentan valor predictivo para SCLC.  

 

(3) Se ha desarrollado una herramienta que integra observaciones de marcadores tumorales y 

datos de RECIST y permite predecir resultados clínicos en pacientes con SCLC. Esta 

herramienta pudo predecir con éxito la mayoría de resultados clínicos de nuevos pacientes 

obtenidos durante las visitas de seguimiento en base únicamente a información recogida 

durante el periodo de primera línea de tratamiento. Por lo tanto, la herramienta propuesta 

posibilita una medicina personalizada con carácter proactivo para pacientes con SCLC.  

 

(4) Las propiedades farmacocinéticas de Lanreotide Autogel® (LA) fueron caracterizadas con 

un modelo de disposición de un compartimento y dos mecanismos de absorción en 

pacientes con tumores neuroendocrinos gastroenteropancreáticos (GEP-NETs). No se 

encontró ninguna característica de los pacientes clínicamente relevante para requerir un 

ajuste potencial de la dosis en la práctica clínica, si bien el aclaramiento total del fármaco 

estaba asociado con el peso corporal de los pacientes. 
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(5) Se ha propuesto un modelo semi-mecanístico integrando exposición al LA, Cromogranina A 

(CgA) y supervivencia libre de progresión (PFS) en pacientes con GEP-NETs. Los resultados 

del modelado proporcionan evidencia confirmatoria de la eficacia del LA en GEP-NETs. 

 

(6) El modelo seleccionado describe la relación entre CgA y la variable PFS en pacientes con 

GEP-NETs que recibieron  placebo o lanreotide. Se observó que el cambio en los niveles de 

CgA con respecto al nivel basal estaba correlacionado de manera significativa con la 

variable PFS. Este modelo podría aportar la base para facilitar el seguimiento 

individualizado de la enfermedad en pacientes con GEP-NETs, monitorizando los niveles 

circulantes del marcador CgA. 
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Abstract 

The current work integrates cell-cycle dynamics occurring in the bone marrow compartment as 

a key element in the structure of a semi-mechanistic 

pharmacokinetic/pharmacodynamic(PK/PD) model for neutropenic effects, aiming to describe 

with the same set of system and drug related parameters, longitudinal data of neutropenia 

gathered after the administration of the anticancer drug diflomotecan (9,10-

difluorohomocamptothecin) under different dosing schedules to patients (n=111) with 

advanced solid tumours. To achieve such objective the general framework of the neutropenia 

models was expanded including one additional physiological process resembling cell cycle 

dynamics. The main assumptions of the proposed model are: (i) within the stem cell 

compartment proliferative and quiescent cells coexist and (ii & iii) only cells in the proliferative 

condition are sensitive to drug effects, and capable to follow the maturation chain. Cell cycle 

dynamics were characterized by the following two new parameters, FProl, and kcycle, the first 

accounting for the fraction of proliferative cells that enter into the maturation chain, and the 

latter quantifying the dynamic of the transit between the different cells status. Both model 

parameters resulted identifiable as indicated by the results from a bootstrap analysis, and their 

estimates were supported by literature data. The estimates of FProl and kcycle were 0.58 and 

1.94 day-1, respectively. The new model could describe properly the neutropenic effects of 

diflomotecan after very different dosing scenarios, and can be used to explore the potential 

impact of dosing schedule dependencies on neutropenia prediction. 
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