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Abstract 

Introduction: Tacrolimus is among the most frequently used immunosuppressive drugs 

following solid organ transplantation. The drug exhibits high inter- and intraindividual 

pharmacokinetic (PK) variability and is classified as a narrow therapeutic index drug. 

Consequently, therapeutic drug monitoring is mandatory to personalize dosing. Population PK 

models may serve as a powerful tool in therapeutic drug monitoring of tacrolimus. There is a 

lack of such models in clinical use in the pediatric transplant population. The primary aim was 

to develop a population PK model that is suitable for therapeutic drug monitoring of 

tacrolimus in pediatric renal transplant recipients. A secondary aim was to evaluate the model 

applicability in pediatric liver transplant recipients.   

Method and materials: Two modeling approaches were evaluated and compared. In the main 

approach, rich data, i.e. three or more samples in a dose interval, from adult renal transplant 

recipients was used to improve an existing adult tacrolimus population PK model. The 

improved model was extrapolated to pediatric patient data to investigate whether the rich 

data-optimized model predicted tacrolimus concentrations adequately in children. In the 

second approach, the improved adult population PK model was trained and validated on data 

from both adults and children. A nonparametric modeling approach with Pmetrics version 

1.5.2 was applied.  

Results: In the improved adult population PK model, covariates found to explain PK 

variability of tacrolimus were CYP3A5 genotype, day after transplantation, type of tacrolimus 

formulation, body size and hematocrit. The model made adequate predictions in pediatric 

renal transplanted patients with known CYP3A5 genotype. A model without CYP3A5 

genotype was developed in order to make predictions in patients with unknown genotype. The 

model predicted concentrations adequately in pediatric renal and liver transplant recipients. 

When the two adult population PK models were trained on combined adult and pediatric 

patient data, the predictive power was reduced for both the model with and without CYP3A5 

genotype as a covariate, respectively. 

Conclusion: The improved adult population PK model was successfully extrapolated to 

pediatric renal transplant recipients with known CYP3A5 genotype. The alternative model, 

without CYP3A5 genotype as a covariate, made adequate predictions in both liver and renal 

transplanted pediatric patients. The results were superior to the results from the models 
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trained on combined adult and pediatric data. However, some refinement of the models is 

necessary prior to prospective testing on pediatric patients at the clinic. 
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Sammendrag 

Introduksjon: Takrolimus er blant de hyppigst brukte immunsuppressive legemidlene etter en 

organtransplantasjon. Legemidlet utviser stor inter- og intraindividuell farmakokinetisk 

variasjon og har et smalt terapeutisk vindu. Terapeutisk legemiddelmonitorering er derfor helt 

essensielt for å persontilpasse doseringen. Farmakokinetiske populasjonsmodeller kan være et 

nyttig verktøy for terapeutisk legemiddelmonitorering av takrolimus. Det er mangel på slike 

modeller som brukes klinisk i transplanterte barn. Hovedhensikten med denne oppgaven var å 

utvikle en farmakokinetisk populasjonsmodell som er egnet for terapeutisk 

legemiddelmonitorering av takrolimus i nyretransplanterte barn. Et sekundært mål var å 

evaluere hvor godt modellen var egnet for levertransplanterte barn.  

Materiale og metode: To modelleringstilnærminger ble evaluert og sammenlignet. I 

hovedtilnærmingen ble rike data, altså tre eller flere prøver fra samme doseringsinterval, fra 

voksne nyretransplanterte benyttet til å forbedre en tidligere utviklet farmakokinetisk 

populasjonsmodell for takrolimus i voksne. Den forbedrede modellen ble ekstrapolert til 

pasientdata fra barn for å undersøke om takrolimuskonsentrasjoner ble tilfredsstillende 

predikert i barn. Den andre tilnærmingen gikk ut på å trene og validere den forbedrede 

voksenmodellen på data fra både voksne og barn. En ikke-parametrisk 

modelleringstilnærming med Pmetrics versjon 1.5.2 ble benyttet i oppgaven.    

Resultater: For den forbedrede voksenmodellen ble CYP3A5 genotype, dager etter 

transplantasjon, type takrolimusformulering, kroppsstørrelse og hematokrit identifisert som 

kovariater som forklarte farmakokinetisk variasjon for takrolimus. Modellen gav 

tilfredsstillende prediksjoner i nyretransplanterte barn med kjent CYP3A5 genotype. En 

alternativ modell som ikke tok høyde for CYP3A5 genotype ble utviklet for bruk i pasienter 

med ukjent genotype. Modellen predikerte tilfredsstillende i nyre- og levertransplanterte barn. 

Da de to voksenmodellene ble trent på kombinerte voksen- og barnedata, viste begge 

modellene, henholdsvis med og uten CYP3A5 genotype som kovariat, nedsatte prediktive 

evner.  

Konklusjon: Den forbedrede farmakokinetiske populasjonsmodellen for voksne ble 

ekstrapolert til barn med gode resultater. Den alternative modellen uten CYP3A5 genotype 

predikerte tilfredsstillende i både nyre- og levertransplanterte barn. Resultatene var bedre enn 
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resultatene fra trening av modellene på kombinerte voksen- og barnedata. Modellene må 

likevel forbedres noe før de testes prospektivt i transplanterte barn.  
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1 Introduction 

1.1 Transplantation 

In the beginning of the 20th century, transplantations could not be performed routinely on a 

clinical basis due to lack of effective immunosuppressive methods (1). The first successful 

organ transplantation in human was performed in the United States in 1954 when a kidney 

was transplanted between two identical twins (2). Unless donor and recipient share the same 

DNA, i.e. are identical twins, the transplanted organ consists of proteins that are foreign to the 

immune system of the recipient. This leads to an activation of the immune system. 

Consequently, lifelong immunosuppression is necessary to promote both patient and allograft 

survival (3).  

Early immunosuppressive therapy included corticosteroids and the antiproliferative agent 

azathioprine. However, the success in preventing rejections was limited (4, 5). In the 1970`s, 

the potent calcineurin inhibitor cyclosporine was discovered by Borel (6). The drug entered 

the market in 1983 and lead to a dramatic increase in graft and patient survival following 

kidney transplantations. Transplantation of other solid organs became possible as well (4, 7). 

In the 1990`s, the antiproliferative agent mycophenolate and the calcineurin inhibitor 

tacrolimus were developed (4). Today, organ transplantation is a lifesaving option of 

treatment for terminal organ failure (3), and the ability to modulate the immune system 

effectively with drugs is an important contributor. 

1.1.1 Renal transplantation 

Renal replacement therapy is the only life-saving option following terminal renal failure. 

Even though dialysis is an option of treatment, transplantation is preferred (8). In Norway, 

between 250 and 300 patients receive a new kidney each year, where between five and ten of 

these are children (9, 10). The leading causes of terminal renal failure in adults are diabetes 

mellitus and hypertension (11), whereas in children, congenital anomalies in the kidney and 

urinary tract is the primary cause of kidney transplantation (12-14). 

The standard drug regimen following renal transplantation, both in adults and children, is a 

combination of corticosteroids, a calcineurin inhibitor and an antiproliferative drug (9, 15). 
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Mycophenolate has to a great degree replaced azathioprine as the antiproliferative drug of 

choice based on the pivotal trials performed in the 1990`s (16-18). The SYMPHONY study 

investigated different combinations with a mycophenolate based immunosuppression and 

showed that a regimen with low-dose tacrolimus was superior to regimens with low-dose 

sirolimus, low-dose cyclosporine or standard dose cyclosporine, respectively, resulting in 

better renal function and less acute rejections compared to the other treatments (19). 

Mycophenolate and tacrolimus, often in combination with corticosteroids, hence make up the 

standard immunosuppressive protocol in most centers around the world following renal 

transplantation (20).  

1.2 Basic pharmacokinetics 

Pharmacokinetics (PK) describes the relationship between amount of drug administered and 

the following concentrations in the body over a given period of time (21). Hence, PK is 

different from pharmacodynamics (PD), which describes how the drug interacts with and 

affects physiological processes. When there is a relationship between the systemic exposure 

and the effect of a drug, PK properties can be used to estimate the PD (21). 

A parameter is a characteristic that affects the outcome of what is studied, e.g. a number that 

describes a population (22, 23). Parameter values are estimated based on data from the 

population we want to study (22). PK parameters describe the PK in a population. Central PK 

parameters are listed below:  

 Bioavailability (F) is the fraction of the dose that reaches systemic circulation.  

 Volume of distribution (Vd) is a non-physiologic parameter describing the degree of 

distribution and is calculated by dividing the total amount of drug in the body by the 

observed plasma concentration.  

 Absorption and elimination rate constants (ka and kel, respectively) are relevant for 

drugs that exhibit first-order kinetics. The absorption and elimination rates are then 

proportional to the amount of drug. Zero-order kinetics results from saturation, and the 

absorption and elimination rates remain constant regardless of the amount of drug 

(21). 
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 Clearance (CL) can be defined as the volume of body fluid that is totally cleared for 

drug per unit of time. It is also described as the product between kel and Vd (24).  

A concentration versus time curve plots the measured plasma or whole blood drug 

concentration against time, as shown in Figure 1. This illustrates the different PK processes 

such as absorption, distribution and elimination of the drug. The drug concentration increases 

as the drug is absorbed. The maximum concentration (Cmax) is reached when the absorption 

rate equals the elimination rate. Unless a new dose of drug is administered, the concentration 

decreases until the drug is totally eliminated from the body. The area under the curve (AUC) 

represents the cumulative systemic exposure of a drug for the given period of time. The effect 

of a drug is typically associated with either AUC or Cmax (21). 

Trough concentration (C0) is the concentration immediately before the next dose is 

administered, i.e. the lowest concentration in the dose interval. Trough concentrations are 

usually used in therapeutic drug monitoring (TDM) based on its association with the AUC of 

the drug, which most often is considered as the PK variable closest linked to drug effect (25). 

Some studies have, however, shown poor correlations between C0 and AUC, e.g. for 

vancomycin and tacrolimus (26-29). Theoretically, it is possible to obtain a wide range of 

different concentration versus time profiles that will end in the same C0 (24, 30). The AUC 

values are consequently more reliable than C0 in order to determine the systemic exposure a 

drug (20, 31). However, concentration versus time curves are impractical and expensive to 

Figure 1: A concentration versus time curve showing the time course of the plasma concentration of a drug 

following a single dose administered orally. Abbreviations: AUC: area under the curve, Conc: plasma 

concentration of a drug, Cmax: maximum concentration, Tmax: time to reach maximum concentration.  
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obtain and requires the patient to be available for blood sampling over an extended period. C0 

measurements are more convenient to obtain and are more widely used in clinical settings 

compared to AUC values.  

Steady state conditions are present when the amount of eliminated drug equals the amount of 

drug input within a dosing schedule. The patient will then have approximately the same C0 

measurements and AUC on several proceeding dosing intervals (21). Figure 2 shows a 

concentration versus time curve for a drug during steady state conditions. As a rule of thumb, 

steady state conditions are obtained after taking the same dose for a period of time 

corresponding to five times the drug`s half-life. Before steady state conditions are reached, 

the drug concentration is continuously changing, and it can be challenging to determine the 

PK properties of the drug.  

 

Figure 2: A concentration versus time curve showing the time course of the plasma concentration of a drug 

during steady state conditions when the same dose is administered on a fixed-time interval basis. The proceeding 

trough concentrations are approximately the same. Red dots represent time for drug administration. 

Abbreviations: Conc: plasma drug concentration. C0: trough concentration, i.e. drug concentration measured 

immediately before next drug administration. 
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1.3 Tacrolimus 

1.3.1 Mechanism of action 

Tacrolimus acts by binding to FK506-binding protein (FKBP) in T-cells. The resulting 

complex inhibits signal transduction via calcineurin and downstream transcription of several 

proinflammatory genes (32). Consequently, the secretion of proinflammatory cytokines such 

as interleukin-2, interferon-γ and tumor necrose factor-α are inhibited, as well as the 

proliferation of T-cells (33). The resulting immunosuppression prevents rejection of the 

transplanted organ (5).  

1.3.2 Adverse events  

The risk for experiencing adverse events increases with increasing systemic exposure of 

tacrolimus. Serious unwanted effects include nephrotoxicity, neurotoxicity, diabetogenesis, 

hypertension, infections and malignant complications (34, 35). Diarrhea, tremor, headache, 

insomnia, pruritus and nausea are among other adverse events that may occur (36).  

1.3.3 Formulations 

Several formulations of tacrolimus are available (37). The immediate-release hard capsules, 

Prograf®, are administered twice daily (36). Advagraf® is formulated as prolonged-release 

hard capsules administered once daily (38). Envarsus® is another prolonged-release 

formulation using a “solid-solution” delivery system and is also administered once daily (39). 

Modigraf® is formulated as granules for suspension and is taken twice daily (40). This 

formulation can be considered for patients having trouble with taking capsules and tablets, 

e.g. if the patient is a child. Before Modigraf® entered the market, the contents of Prograf® 

capsules were sometimes dissolved in water prior to oral administration for some patients. 

Tacrolimus can also be administered intravenously.  

1.3.4  Pharmacokinetic properties in adults 

Tacrolimus exhibits high PK inter- and intraindividual variability (41, 42). In order to achieve 

the target C0 range at 4-7 µg/L, one patient may need to administer a daily dose of 20 mg 

tacrolimus while another only needs 1 mg, according to observations in the clinic (43). In 
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addition, the PK in a single patient may vary over time, especially during the first post-

transplant year (42, 44).The drug is rapidly absorbed in most individuals following oral 

administration. The oral F is however highly variable, but mostly low with a mean of 

approximately 25% due to significant first pass metabolism (41, 45). Tacrolimus is a substrate 

for CYP3A enzymes in the small intestines and is transported back to the gastrointestinal 

lumen by P-glycoprotein (P-gp). Both of these processes contribute in restricting the F (45). 

In systemic circulation, the drug is highly distributed into and bound to erythrocytes. The 

blood-to-plasma drug concentration ratio is high, with the mean ratio being 15 (41). In 

plasma, tacrolimus is bound to α1-acid glycoprotein and albumin (46). Approximately 1 % of 

tacrolimus in plasma is unbound (42).  

The drug is extensively metabolized by CYP3A enzymes, and the metabolites are mainly 

excreted in the bile (41). On average, urinary excretion accounts for only 2.4% of tacrolimus 

elimination (42). Up to 15 different metabolites have been identified (41). The demethyl- and 

demethyl-hydroxy-metabolites are found to dominate in human (47). The main breakdown 

product seems to be 13-O-demethyl-tacrolimus (48), which has approximately 10% of the 

biological activity of tacrolimus (49). The less frequent 31-O-demethyl-tacrolimus is 

equipotent with tacrolimus and is the most active metabolite that has been identified (50). 

CYP3A4 and CYP3A5 are regarded as the most important metabolizing enzymes (42). 

CYP3A5 is a polymorphic enzyme. Only the CYP3A5 *1 genotype results in active CYP3A5 

enzymes, while the CYP3A5 *3 genotype do not produce functional CYP3A5 enzymes (51). 

Individuals expressing functional CYP3A5 enzymes will in general exhibit a higher 

tacrolimus CL and require, on average, a doubling of the dose compared to non-expressers  

(52, 53). Approximately 1 % of tacrolimus is excreted unchanged in the urine (54). 

Sources to tacrolimus pharmacokinetic variability 

Several factors are known sources to PK variability of tacrolimus, including body size (42, 

44, 55), concomitant administration of other drugs (56), different CYP3A genotypes (42, 44), 

hematocrit (42, 44, 54), postoperative day (42, 44) and type of formulation (42, 44, 57). Non-

compliance may also contribute to variability.  
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Time after transplantation 

Changes in the PK of tacrolimus with time after transplantation (txt) are believed to be caused 

by decreased CL and possibly by increased F. Dosage reduction with time is often required 

(42). Increased hematocrit and albumin levels as well as a reduction in prednisolone dose 

probably contribute to this (58).  

Higher hematocrit and albumin values increase the amount of bound tacrolimus, resulting in 

lower amounts that can be eliminated. Tacrolimus concentration measurements are performed 

in whole blood (20, 59), i.e. both unbound and bound tacrolimus will contribute to the 

measured concentration. Because of the extensive distribution into and binding to red blood 

cells (RBCs), high hematocrit values result in more tacrolimus distributed into RBCs. Only 

the unbound fraction of the drug outside RBCs is pharmacologically active, distributes from 

systemic circulation and can be eliminated. Consequently, a higher tacrolimus whole blood 

concentration does not necessarily lead to an increased therapeutic effect if the hematocrit is 

proportionally high. This is because the unbound tacrolimus concentration can remain 

unchanged (60). Hematocrit affects the PK of tacrolimus to a high degree and should be taken 

into account when interpreting whole blood concentrations (61).   

Corticosteroids are known inducers of CYP3A enzymes. The use of prednisolone together 

with tacrolimus will probably increase the CL of tacrolimus (56). A reduction in prednisolone 

dose with txt may therefore reduce the required dose in the individual patient (58). The F of 

tacrolimus can also be affected of corticosteroids because of induction of intestinal CYP 

enzymes, leading to an increased first-pass metabolism. Dosage reduction may increase the F 

of tacrolimus and contribute to the reduced required tacrolimus dose with increasing txt. Still, 

it must be admitted that the changes in PK with txt are not fully understood (42). 

CYP3A5 genotype 

As previously mentioned, CYP3A enzymes are responsible for tacrolimus metabolism, and 

increased metabolism is expected in individuals that express active CYP3A5 enzymes (52). 

Because these enzymes reside both in the gastrointestinal wall and in the liver, both the F and 

CL of tacrolimus can be affected by CYP3A5 genotype. Earlier population PK models have 

found CYP3A5 genotype as a significant covariate in describing the PK of tacrolimus, and it is 

recommended to include this genotype in population PK models if possible (20).   
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Formulation 

The PK of the immediate-release formulation Prograf® and the prolonged-release formulation 

Advagraf® may differ. Two studies reported of higher dosage requirements when the patients 

received Advagraf® compared to Prograf® (62, 63). Another study found ka to differ between 

the formulations (57). Because the drug is identical in both formulations, the observed 

differences are most likely due to alterations in the absorption phase, such as release of drug 

from the formulation, absorption rate and F. 

1.3.5 Pharmacokinetic properties in children 

The PK of tacrolimus in the pediatric population are extensively studied (64). Children are not 

just small adults, and differences in the PK of tacrolimus with respect to adults have been 

observed (65). According to Jain et al., Vd (L/kg) in pediatric liver transplant patients is 1.8 

times as high as in adult liver transplant patients during the first period after transplantation 

(66). Higher CL of tacrolimus per kg body weight is reported as well, resulting in a 

requirement of relatively larger doses in the younger recipients (66-68). The sources to 

tacrolimus PK variability in adults are also relevant for children. The interindividual 

variability is, however, even higher in children than in adults. Because of growth and 

development, the PK parameters will change during childhood, which contributes to 

intraindividual variability (64).  

1.3.6 Therapeutic drug monitoring of tacrolimus 

Personalized medicine tailors treatment to the individual patient based on variations in risk of 

adverse events and treatment response (69). TDM is a part of personalized medicine and may 

be necessary in order to achieve the desired outcome of drug therapy when there is not a “one 

dose fits all” (21). The treatment is adjusted according to measured drug concentrations as 

well as characteristics of the individual patient exemplified by age, body size, concomitant 

drug therapy and genotype (70).   

Tacrolimus is classified as a narrow index drug, i.e. the therapeutic window is narrow (71). 

Predicting the right dose in a new patient is further complicated by the high PK variability of 

the drug. Consequently, in order to achieve the target concentration, TDM of tacrolimus is 

mandatory following an organ transplantation (20). An optimal strategy of therapy is 
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especially important in the pediatric population, where the patients will be exposed to 

immunosuppressive drugs for the rest of their lives (20, 64).  

Whole blood C0 measurements is the most common method of TDM of tacrolimus. Factors 

such as other immunosuppressive drugs in use, the immunological risk of the patient, txt and 

the type of organ transplantation determine the target whole blood C0 (20). However, the 

AUC can be regarded as the best marker for therapeutic effect of the drug. Unfortunately, no 

strong recommendations of target AUC values exist (20). 

1.4 Population pharmacokinetic modeling 

1.4.1 Introduction 

Several methods are used to estimate PK parameters such as non-compartmental analysis 

(NCA) and compartmental analysis (CA). Population PK modeling is a more advanced 

approach to obtain information about PK parameters and their variability for different drugs. 

Because population PK modeling will be applied, it is outside the scope of this master thesis 

to give a detailed description of NCA and CA. For a thorough explanation of NCA, the 

interested reader is directed to Gurpide and Mann (72), while Rescigno (73) and Brown (74) 

describe the concepts of CA. Population PK models are widely used in drug development in 

order to predict the PK, PD, side effects and potential interactions of new drug candidates. In 

a clinical setting, such models can guide doctors in drug dosing by suggesting the optimal 

dosing regimen for a given individual based on population PK derived Bayesian estimates 

(71). With the use of predictive models that estimate the AUC rather than C0 measurements 

alone, the target achievement of therapy may increase, which in turn may improve patient 

outcome (71, 75). The blood sampling time is more flexible when a population PK model is 

applied, compared to e.g. NCA linear regression approaches for AUC estimates, as long as it 

is known when the last dose was administered in relation to the sampling time (76). Using 

population PK models and computer calculations, the interpretation of drug concentrations 

measured even before the patient has reached steady state conditions becomes practically 

achievable.  
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1.4.2 Model structure 

Population PK models normally consist of three components: a fixed structural component, a 

stochastic component and a covariate component (77). Covariates are characteristics that can 

vary between individuals such as body weight, gender, genotype, hematocrit, smoking and 

concomitant medication (77). The models use so called compartments in order to describe the 

drug transport in the body over time (24). A compartment is a restricted space, either 

chemical or spatial, wherein the drug is evenly distributed (74). Hence, a compartment can be 

regarded as an abstract representation, e.g. of a section in the human body, used for PK 

modeling purposes.   

The fixed structural component 

The fixed structural component describes the drug concentration over time and includes 

information about the number of compartments, transport between the compartments and the 

absorption- and elimination processes. The PK for most drugs can be represented by one, two 

or three compartmental models (78). Single compartment and two compartmental models are 

the most frequently used models for describing the PK of tacrolimus (79). The absorption 

process can be defined in different ways. Zero-order or first-order absorption kinetics are 

possible options when a drug is administered orally. In addition, the absorption process may 

be described either by adding a lag time, transition compartments or more advanced gamma 

distributions (24, 80, 81).  

The stochastic component 

The stochastic component describes parameter variation in the population due to variability 

between and within individuals, as well as residual error. Residual error is the variation that is 

not explained by the model, i.e. the difference between the individual predicted value and the 

corresponding observed value. Variation in the data can thus be divided into variation 

explained by the model and residual error:  

𝐷𝑎𝑡𝑎 = 𝑀𝑜𝑑𝑒𝑙 + 𝐸𝑟𝑟𝑜𝑟 

The PK parameters in a population PK model can be random or fixed. Random parameters 

differ between individuals, and their values are estimated by the model. Fixed parameters are 

set to a predetermined value, often derived from the population of interest as a whole (77). 
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The covariate component 

The covariate component establishes a quantitative relationship between a PK parameter and 

one or more covariates (77). Covariates aim to reduce interindividual variability of parameters 

and unexplained residual variability of estimated parameters in the model (82).  They may be 

categorical or continuous. Categorical covariates separate the population into two or more 

groups (83). Gender and CYP3A5 genotype are examples of categorical covariates. 

Continuous covariates, on the other hand, may take any numeric value, typically between a 

lower and an upper limit. Body weight and txt are both examples of this kind of covariates. 

Categorical and continuous covariates are implemented differently in the model. Categorical 

covariates are typically included by applying conditional (if/else) statements: If the covariate 

value is x, then do this, else, do that.  

𝐼𝑓(𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒 𝑣𝑎𝑙𝑢𝑒 = 𝑥) 

𝑌 = 𝐶𝐿 ∗ 𝑎 

𝐸𝑙𝑠𝑒 

𝑌 = 𝐶𝐿 ∗ 𝑏, 

where x is a defined value of the covariate, Y is the equation output. CL is the estimated value 

of CL. The constants a and b are either estimated by the model or predefined. Continuous 

covariates can be included by different mathematical functions, for example:   

𝑌 = 𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒 𝑣𝑎𝑙𝑢𝑒 ∗ 𝑎 

𝑌 = 𝑒𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒 𝑣𝑎𝑙𝑢𝑒 

Indeed, continuous covariates can also be categorized and implemented in conditional 

statements, and categorical covariates are sometimes used in mathematical functions (82).  

In order to identify and include important covariates, an empirical approach, a theoretical 

approach, or a combination of these can be used (84). One approach to identify relationships 

and potential patterns in the explorative and developmental stages is to plot potential 

covariates against a parameter to be estimated by the model. A drawback of this method is 

that marginally significant covariates are not necessarily detected. In addition, the technique 

does not take possible changes in the covariate over time into account, as only one value for 
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each individual is plotted against the PK parameter. An alternative approach is incorporation 

of the covariate directly into the model. To evaluate the effect of covariate inclusion, the 

resulting model and the original model without the covariate are then compared. Such an 

approach results in a lot of models to run and evaluate, which can be impractical when the 

number of possible covariates is large (82). A theoretical approach does not rely on the 

available data alone and includes covariates based on literature and an understanding of the 

PK processes (84).  

Allometric scaling 

Allometry is the science about how physical properties and processes change with body size. 

Allometric scaling relates PK parameters such as Vd and CL to body size in an empirical way 

(85). This is an advantage when the range of values that body size can take is large (86), and 

such scaling is typically applied in population PK models that aim to describe both adults and 

children. The general formula for allometric scaling follows:  

𝑦 = 𝑎 ∗ 𝑥𝑏, 

where y is the property to be scaled, x is body size, a is a constant and b is an exponent (87). 

Traditionally, the value of exponent b equals 1 for volume estimations, while the value is 0.75 

for CL estimations (87). These fixed values of b will result in sound predictions for most 

populations.  

Parametric versus nonparametric modeling 

Parametric models assume that the population parameters share a certain distribution, such as 

normal or log-normal. A parameter value is estimated by use of central tendency, which could 

be the median or mean. Measures for dispersion around the estimated parameter value, for 

example standard deviation (SD), are also given (88). Consequently, the expected precision of 

a predicted individual dosing regimen cannot be estimated. In turn, this usually results in 

prediction of a suboptimal regimen without the maximal precision (89). Parametric models 

are less able to give a realistic description of populations that are clearly not distributed 

according to the model assumptions (88). This is illustrated in Figure 3. A strength with 

parametric population models, however, is the ability to separate interindividual variability 

and intraindividual variability (82). 
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Nonparametric models make no prior assumptions about the parameter distributions in a 

population. This can be an advantage, especially when the data contains subpopulations or 

outliers (90). In a nonparametric population model, the maximum likelihood distribution of 

the parameters is discrete and has several peaks, also named support points. Each support 

point represents the parameter estimates for one or several individuals in the dataset (90). 

Posterior probabilities for each support point, given the prior data provided, are calculated. 

This is in contrast to parametric models, where one common value describes the central 

tendencies of a given parameter (24). The true parameter distribution can be more accurately 

described than with a parametric model (Figure 3). However, nonparametric models are not 

able to separate interindividual variability and intraindividual variability. In addition, 

confidence limits cannot be obtained without extensive bootstrapping methods (88).   

 

Figure 3: Illustration of the different outputs from a parametric and a nonparametric population pharmacokinetic 

model when the true distribution of the population pharmacokinetic parameters is non-normal. The true 

distribution of the pharmacokinetic parameters is shown in the upper part of the figure. The bottom left graph 

shows the parameter distribution that was estimated with a nonparametric model. The bottom right graph shows 

the parameter distribution that was estimated with an optimal parametric model. Figures are modified from 

Jelliffe et al. (88). 
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1.4.3 Model validation 

A good model is a model that is fit for its purpose, for example making predictions in new 

patients. This is checked by model validation (78). Model validation makes model 

comparisons possible as well, which is valuable when there are several model candidates to 

choose between. Models can be internally and externally validated. Internal validation 

examines the model performance on the same data as was used in the model development 

process. When a model is externally validated, the model predicts response values for a new 

and unknown dataset (82). You could argue that external validation gives more realistic 

estimates of how the model will perform on a new cohort of patients compared to if the model 

was tested on the same data as was used in the model development process. For a population 

PK model to be used routinely as a dose adjustment tool in a clinical setting, it should be 

externally validated (82). Prospective testing is relevant, as well, when the model is used to 

propose dosage regimens. Such testing checks how well the model predicts the next drug 

concentration as an increasing amount of information about the patient becomes available. As 

the time after initiation of therapy proceeds, increasing information about drug dosing and 

corresponding concentrations for the patient will be available. More information helps the 

model to make individualized parameter estimates. Prospective testing can be performed on 

already available patient data by gradually increasing the number of drug concentrations that 

is known to the model. Such testing is recommended before the model is used on real patients. 

Models to be used as dose adjustment tools in the clinic should also be compared to current 

clinical practice to check if the patient outcome is improved.   

Goodness of fit plots and metrics  

Observed versus predicted plots 

In observed versus predicted plots, the observed values from the dataset are plotted against 

the values predicted by the model. An example of an observed versus predicted plot is 

provided in Figure 4. It gives an impression of how well the model estimates the values in the 

dataset, either based on population values or individual values. Ideally the plot forms a 



15 

 

straight line with a slope of 1, implicating a complete match between the predicted and 

observed values. 

   

Figure 4: Observed values are plotted against predicted values. R-squared: coefficient of determination. 

Abbreviations: Inter: intercept, CI: confidence interval. 

 

Plots of residual error 

Residual error is the difference between the value predicted by the model and the true 

observed value. 

𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑒𝑟𝑟𝑜𝑟 = (�̂�𝑖 − 𝑦𝑖), 

where �̂�𝑖 and yi are the predicted and observed values for individual i in the dataset. Ideally, 

the residual error is 0. Residual error can be plotted against the number of observation or a 

continuous variable to check for systematic deviations from 0. If a trend is observed in the 

plot, there is a pattern in the dataset that is not described by the model (22). The model then 

needs to be refined.  
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Coefficient of determination  

The coefficient of determination (R2) is the ratio between the model sum of squares (SSM) 

and the total sum of squares (SST). The former represents the variability explained by the 

model, and the latter represents the total variability in the data (22). Another way of looking at 

R2 is as the squared correlation between predicted and observed values. The R2 can be 

calculated as following: 

𝑅2 =
𝑆𝑆𝑀

𝑆𝑆𝑇
=

Σ(�̂�𝑖− �̅�)2

Σ(𝑦𝑖 − �̅�)2, 

where �̂�𝑖 and yi are the predicted and observed values for individual i, and �̅� is the mean of the 

observations. Further on, SSM and SST is as explained above (22). The R2 is reported as a 

value between 0 and 1 and should be as close to 1 as possible.  

Bias and imprecision 

Bias is defined as systematic deviations from the target value. With high bias, the predicted 

values are not centered about the observed value. Imprecision is random variability about a 

target (22). Root mean squared error of prediction (RMSE) is a measure of how far away the 

model predictions are from the observed values. RMSE is calculated as follows: 

𝑅𝑀𝑆𝐸 = √
Σ(�̂�𝑖−𝑦𝑖)2

𝑛
, 

where �̂�𝑖 and yi are the predicted and observed values, respectively, for individual i. The 

number of individuals included in the analysis is represented by n (83). The differences 

between predicted and observed values are squared to avoid positive and negative residuals to 

cancel each other out. Mean error of prediction (MEP) can be calculated as well.  

𝑀𝐸𝑃 =
∑(�̂�𝑖−𝑦𝑖)

𝑛
, 

where �̂�𝑖 and yi are the predicted and observed values, respectively, for individual i, and n is 

the number of individuals included in the analysis. The MEP can tell whether the model tends 

to over- or underestimate. A positive MEP indicates overestimation. A model should show 

low bias, imprecision, RMSE and MEP in order to provide useful predictions.   
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Akaike information criterion in model comparison 

Models are simplifications of reality, and when comparing model predictions to real 

observations, you typically lose some information. The objective function can reflect this loss 

of information. When a model estimates the parameter values, the function is minimized over 

a set of predefined constraints, searching for the lowest objective function value (OFV) (91). 

The OFV is a measure of how well the model fits the data, where the lowest value of OFV 

equals the best fit (78).  The OFV does not take into account the complexity of the model or 

the number of parameters the model estimates. When the number of parameters in a model 

increase, the model will in general be able to describe a dataset more accurately, resulting in a 

lower OFV. However, a low OFV alone does not equal a better model. This is because the 

model may be more complex than necessary, resulting in reduced generalizability to new data 

(82). The Akaike information criterion (AIC) builds on the minimum OFV of the model, but 

adds a penalty to models with many parameters. In the calculation of the AIC, the addition of 

more parameters is compensated for with an increase in the AIC value:  

𝐴𝐼𝐶 = 𝑂𝐵𝐽 + 𝑛𝑝 ∗ 2, 

where np is the number of parameters and OBJ is the minimum OFV (78). Nonparametric 

models search for the lowest -2 * log likelihood value (-2LL) (90), which is comparable to the 

minimum OFV in parametric models. AIC values for nonparametric models are obtained by 

using -2LL instead of the minimum OFV. AIC is only useful in comparing models, as the 

value for a model alone is meaningless. The model with the lowest value of AIC is often 

chosen (82). The difference in AIC values should be at least 2 in order to make a model 

comparison (78). 

Simulation-based evaluation tools 

A model can be used to simulate new individuals with their PK parameters for validation 

purposes. The final model estimates are used as a basis for the simulations. A good model will  

simulate data that resemble the true dataset (92). Typically, at least 1000 simulations per 

individual in the dataset are made (92, 93). Visual predictive checks (VPCs) and normalized 

prediction distribution errors (NPDE) are two simulation methods that are used to evaluate 

population PK models.     
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Visual predictive checks  

The VPCs are graphical comparisons of the values predicted by the model and the observed 

values in the dataset. The distribution of the observations and the predicted values can be 

plotted against any independent variable, such as time after drug administration. Usually, the 

observed percentiles and the predicted percentiles with corresponding predicted confidence 

intervals are highlighted to increase the interpretability of the plot. The predicted confidence 

intervals should overlap the observed percentiles (94). VPC plots are useful in detection of 

weaknesses of the model during the developmental stage, as well as being a method for 

internal and/or external validation of the final model. 

Ordinary VPCs are not always applicable. This is true when there is variation in covariate 

values, e.g. if the administered dose varies. Another problem with VPCs is when they are 

applied on so called adaptive data. This is the case when dosage adjustments are made in 

order to achieve a target drug concentration. The resulting plots may then be uninformative or 

misleading. Prediction corrected VPC (pcVPC) normalizes the predicted and observed values, 

and the variability from variations in covariates are removed (93). Consequently, pcVPCs 

should be chosen above the classic VPCs when a population PK model with covariates and/or 

adaptive data is evaluated. An example of a pcVPC plot is shown in Figure 5. The plot is from 

Størset et al. (84). The observed values are to a great degree covered by the 95% confidence 

intervals of the predicted values, indicating a good model.  

 

Figure 5: An example of a prediction corrected visual predictive check. Prediction corrected drug whole blood 

concentrations in µg/L are plotted against time after transplantation. The red solid line is the median prediction 
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corrected observed value, and red dashed lines are the 5th and 95th percentiles of prediction corrected observed 

values. The black solid line represents the median predicted value, and black dashed lines are the 5th and 95th 

percentiles of the predicted values. Grey areas are the 95% confidence intervals for the predicted percentiles. The 

figure is from Størset et al. (84).    

 

Normalized prediction distribution errors 

NPDE builds on the same simulations as VPCs and pcVPCs. The NPDE is approximately 

normally distributed if the model describes the data well. Histograms may be useful to 

examine the distribution of NPDE, which is illustrated in Figure 6. The NPDE  in the figure 

approximates a normal distribution, indicating a good model. The histogram is from Comets 

et al. (95). As for VPCs and pcVPCs, NPDE can be plotted against any independent variable 

in the dataset. No systematic trends should be observed in such plots (92).  

 

Figure 6: Histogram describing the distribution of normalized prediction distribution errors for a simulated 

dataset. The curve represents the standard normal distribution. The figure is from Comets et al. (95). 

Abbreviation: npde: normalized prediction distribution errors.  

 

In model evaluation, VPCs, pcVPCs and NPDE are all useful simulation-based diagnostic 

tools. While VPCs and pcVPCs plot observations and predicted observations against an 

independent variable, NPDE describes the prediction distribution error. The VPC and pcVPC 

plots may be interpreted more easily than NPDE plots. In some cases, they detect model 

deficiencies better, as well. NPDE, on the other hand, takes individual differences into 

account (92). You would typically make several diagnostic plots for the same model.   
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1.4.4 Tacrolimus population pharmacokinetic models 

Tacrolimus population pharmacokinetic models in adults 

Several population PK models have been developed in order to predict drug exposure for 

tacrolimus and other drugs (79, 96). Tacrolimus PK parameter values are reported to differ 

between patients with different types of organ transplants (42). Tacrolimus population PK 

models are often developed for a given patient population, focusing on a specific transplant 

type (79, 80). They are either parametric or nonparametric of nature.  

Two earlier clinical studies showed that the percentage of tacrolimus concentrations within 

the therapeutic window increased when a population PK model was used in order to develop 

personalized tacrolimus dosage regimens. The results were compared to standard TDM in 

both studies (71, 75). Indeed, population PK models may serve as a powerful tool in the TDM 

of tacrolimus (20). 

Tacrolimus population pharmacokinetic models in children  

Several pediatric tacrolimus population PK models have been proposed for renal, liver, heart 

and hematopoietic stem cell transplant recipients, respectively (97-124). These are parametric 

models (the modeling approach was unknown for one model (124)), and they are summarized 

in Appendix A. There is a lack of pediatric tacrolimus population PK models in clinical use. 

An overview of the PK models developed for tacrolimus in pediatric renal transplanted 

patients is provided in Table 1. Significant covariates identified on apparent clearance (CL/F) 

were body weight, hematocrit, CYP3A5 genotype, serum creatinine, estimated glomerular 

filtration rate (eGFR) and whether a living or deceased donor was used (100, 106, 107, 121-

123). Age, CYP3A5 genotype and concomitant administration of azoles (inhibitors of CYP3A 

enzymes) or corticosteroids (inducers of CYP3A enzymes) were identified as significant 

covariates on dose adjusted C0 (103). Jacobo-Cabral et al. found type of tacrolimus 

formulation as a significant covariate on F and ka and that tacrolimus dose affected F (122). 

Another study reported CYP3A5 genotype to be an important covariate in order to estimate 

the risk of experiencing adverse events (105).   
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Table 1: Overview of tacrolimus population pharmacokinetic models developed in pediatric renal transplant 

patients. 

Study 

(reference) 

Covariates affecting 

CL/F 

Covariates affecting 

dose corrected 

tacrolimus C0  

Covariates affecting F Covariates 

affecting ka 

Covariates 

affecting risk of 

adverse events 

Andrews et al. 

(121) 

Increasing body weight 

(↑), CYP3A5 expression 

(↑), increasing hematocrit  

(↓), increasing serum 

creatinine  (↓) 

    

Andrews et al. 

(100) 

Increasing body weight 

(↓), increasing hematocrit 

(↓), decreasing eGFR (↓), 

CYP3A5 expression (↑), 

deceased donor (↑) 

 

    

Jacobo-Cabral 

et al. (122) 

CYP3A5 expression (↑)  Tacrolimus formulation 

(↓)*, increasing 

tacrolimus dose (↓) 

Tacrolimus 

formulation (↓)*  

 

Lalan et al. 

(103) 

 Increasing age (↑), 

CYP3A5 expression (↓), 

azole administration (↑), 

steroid administration (↓) 

   

Prytula et al. 

(123) 

Increasing body weight 

(↓), increasing hematocrit 

(↓), CYP3A5 expression 

(↑), increasing GGT (↓)  

    

Sherwin et al. 

(105)  

    CYP3A5 

expression (↓) 

Zhao et al. 

(106) 

Increasing body weight 

(↑), increasing hematocrit 

(↓), CYP3A5 expression 

(↑)  

    

Zhao et al. 

(107) 

Increasing body weight 

(↑), CYP3A5 expression 

(↑) 

    

↑: Increase of the pharmacokinetic property. ↓: Reduction of the pharmacokinetic property or reduced risk of 

adverse effect. Abbreviations: CL/F: apparent clearance, F: bioavailability, ka: absorption rate constant, C0: 

trough concentration, i.e. concentration measured immediately before the next dose is administered, eGFR: 

estimated glomerular filtration rate, CYP: cytochrome P450 enzyme, GGT: gamma-glutamyl transferase. 

*Generic brand exhibited reduced bioavailability and absorption rate constant compared to Prograf®. 

There were six tacrolimus population PK models based on data from both adult and pediatric 

transplant recipients that were identified in addition to the pediatric population PK models 

(125-129). Table 2 summarizes the six models. All of them were parametric of nature. Some 

of the models included data from several types of organ transplant recipients. To the author`s 

knowledge, no adult tacrolimus population PK models have been extrapolated to children 

before.  
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Table 2: Overview of tacrolimus population pharmacokinetic models developed in both adult and pediatric transplant recipients.  

Study 

(reference) 

Transplanted 

organ 

N Age 

(years) 

median 

(range) 

Weight 

(kg) 

median 

(range) 

Txt 

(days) 

range 

Structural model Sample type Covariates included Modeling 

software 

Jacobson 

et al. (125) 

Hematopoietic 

stem cell 

122 43 (13-

60) 

NA 6-122 NA Trough (majority) Serum creatinine, total bilirubin, 

GVHD, VOD 

NONMEM® 

Lu et al. 

(128) 

Kidney, liver, 

heart 

408 48 (5-

71) 

74(18.5-

148.5) 

1 day-12 

years 

(128, 

130-133) 

2 compartments, 1st order 

absorption, 1st order 

elimination 

Rich and trough  Formulation type, ASAT, sex, race, 

serum albumin 

NONMEM® 

Nanga et 

al. (127) 

Kidney, liver 281 2.3 (0.3-

68) 

50 (5-

128) 

1-394 2 compartments, 1st order 

absorption with lag time, 1st 

order elimination 

Rich and trough Body weight, txt, type of transplanted 

organ  

NONMEM® 

Sam et al. 

(126) 

Liver 31 40.5 

(1.4-67) 

55 (6.5-

127) 

NA 1 compartment, 1st order 

absorption 

Rich* and trough Body weight, height, hematocrit, 

alkaline phosphatase, serum creatinine 

NONMEM® 

Sam et al. 

(126) 

Liver 29 40.5 

(1.4-

65.6) 

55 (9.2-

127) 

NA 1 compartment, 1st order 

absorption 

Rich* and trough Body weight, erythrocyte-to-plasma 

concentration ratio 

NONMEM® 

Yang et al. 

(129) 

Liver NA NA NA NA 1 compartment, 1st order 

absorption, 1st order 

elimination 

Trough NA NONMEM® 

Rich sampling is defined as three or more tacrolimus concentration measurements drawn within a dosing interval. Trough sampling is tacrolimus concentrations measured 

immediately before the next dose is administered. N: number of patients, race: White, Black or Asian. Abbreviations: txt: time after transplantation, NA: not available, 

GVHD: graft versus host disease, VOD: veno-occlusive disease, formulation type: Prograf® or Advagraf®, ASAT: aspartate aminotransferase. *The number of samples 

during the same dose interval was not reported. 
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1.4.5 Rationale for population pharmacokinetic modeling in children 

Children differ from adults when it comes to body size and maturity of organs. As a result, 

drugs will in general exhibit different PK properties in the two populations (134), and adult 

population PK models will not necessarily predict accurately in children. Pediatric population 

PK models may be necessary to estimate PK parameters and systemic exposure of drugs in 

children. PK properties that are special in this group of patients can then be implemented in 

the model and result in more accurate predictions (135). 

1.5 Pmetrics: A modeling software 

Pmetrics (derived from “pharmacometrics”) is a package in R for parametric and 

nonparametric population PK and PD modeling as well as for simulation purposes (90). R is a 

free programming software designed for statistical and mathematical operations and graphical 

outputs of these operations (136).   

1.5.1 The nonparametric adaptive grid 

Pmetrics uses a nonparametric adaptive grid (NPAG) in order to make nonparametric 

estimates of PK parameter values in a given dataset. NPAG is an algorithm written in Fortran 

code, which is a programming language (90). The algorithm searches for the optimal 

parameter values in a grid and calculates probability values for each point in the grid. All but 

the most probable grid points are removed. New grid points are added around the support grid 

points that were not removed, and a new search is initiated. Again, only the most probable 

points are kept, and new grid points are added around those points, as illustrated in Figure 7. 

In this way, NPAG determines the maximum likelihood matrix by searching the grid for the 

most likely parameter values given the observed data provided such as the drug dose and the 

measured drug concentration. The iterations continue until a predefined convergence criterion 

is reached. Briefly, convergence is reached when the increase of the probability of the 

estimated parameters in the last cycle and the previous cycle approaches 0. This indicates that 

the highest probability is reached and that optimal parameter values are found (137). The 

starting number of grid points for NPAG to use is determined by the user and equals the 

number of initial support points. Higher numbers of starting grid points may increase the 
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accuracy of the parameter estimates. If the number is changed, the model output will be 

affected (90).  

 

Figure 7: A schematic presentation of the nonparametric adaptive grid algorithm. The algorithm searches in a 

grid including several combinations of pharmacokinetic parameter values (Box 1). The most probable 

combination of parameter values are retained as support points (Box 2), and new support points are added closer 

to the remaining support points (Box 3). Again, only the support points with the highest probabilities are left 

behind (Box 4), and new support points are added in the same manner as before (Box 5). Only the most probable 

support point are kept (Box 6). The model keeps iterating until a convergence criterion is reached and the most 

probable parameter values are identified. X: Support point. O: Highlight of the most probable support points. 

The figure is modified from Yu, L.M. (138). 

1.5.2 The model components 

The NPAG algorithm creates nonparametric models with random and fixed parameters. The 

random effects are the PK parameters to be estimated in the population, such as CL and Vd. 

The error term consists of two components representing the analytical error and extra noise, 

respectively (90).The analytical error term is a polynomial of up to four terms that estimates 

the SD of the analytical method applied:  

𝑆𝐷 = 𝐶0 + 𝐶1 ∗ (𝑜𝑏𝑠) + 𝐶2 ∗ (𝑜𝑏𝑠)2 + 𝐶3 ∗ (𝑜𝑏𝑠)3, 

where obs is the observed tacrolimus concentration. The values of C0, C1, C2 and C3 are 

determined according to analytical error at the local laboratory and are fixed in the model. A 

gamma or lambda function is then included as follows: 
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𝐸𝑟𝑟𝑜𝑟 = 𝑆𝐷 ∗ 𝑔𝑎𝑚𝑚𝑎 

or 

𝐸𝑟𝑟𝑜𝑟 = √(𝑆𝐷2 + 𝑙𝑎𝑚𝑏𝑑𝑎2) 

The gamma function is multiplicative, while the lambda function is additive. Gamma and 

lambda functions are included to describe noise in the dataset that is not a result of the 

analytical technique. High quality data will have low gamma and lambda values that 

approximate 1. Poor quality data is assigned high values, such as 5 or higher. The initial value 

for gamma or lambda, respectively, is determined by the user, and the program will optimize 

the value (90). This extra noise component is consequently not fixed.  

Pmetrics requires a model file and an input file as a minimum (90). The model file includes 

information about the structural component of the model, the random parameters with 

corresponding intervals for parameter values, the error term and the covariate component. 

Details about the model file are provided in Appendix B. The observed individual data 

including the individual covariate values are provided from the input file. When a 

nonparametric run is executed, the model and input file enter NPAG and run via Fortran (90). 

The intervals for the parameter values in the model file are defined by the developer. NPAG 

searches for optimal values within these boundaries. In order to find the optimal estimated 

parameter values, several combinations of different parameter boundaries should be tested for 

each model candidate. The model must be run again every time a change is made. This makes 

model development a time consuming process.  

1.6 Aim 

The primary aim of this master thesis was to develop a population PK model suitable for 

TDM of tacrolimus in pediatric renal transplant recipients. Another important objective was 

to investigate whether extrapolation of an optimized adult tacrolimus population PK model to 

children was successful or if a pediatric model should be developed in pediatric patients only. 

A secondary aim was to evaluate the performance of the adult model in pediatric liver 

transplant recipients.  
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2 Method and materials 

2.1 Overview 

Two modeling approaches were compared and evaluated. They are outlined in Figure 8. The 

first approach, also being the main approach, was to extrapolate a model developed in adult 

renal transplant recipients to children. The starting point for this model was an earlier 

developed adult tacrolimus population PK model (30), hereafter referred to as the “Base 

Model”. The Base Model was improved by training it on rich adult data, where rich data is 

defined as three or more tacrolimus concentration measurement drawn within the same dosing 

interval. Tacrolimus formulation type was explored as an additional covariate. The resulting 

improved model is hereafter referred to as the “Improved Model”. Genotyping is not 

performed in all patients, and some patients hence have unknown CYP3A5 genotype. If the 

Improved Model retained CYP3A5 genotype as a significant covariate, a second model 

without CYP3A5 genotype as a covariate was developed in order to make predictions in 

patients with unknown CYP genotype. The model without CYP3A5 genotype is hereafter 

referred to as the “Improved Model without CYP3A5”. The improved models were further 

extrapolated to pediatric transplanted patients and tested for predictability. The second 

modeling approach was to train and validate the improved models from the first approach on 

combined adult and pediatric patient data. The model structures remained unchanged. The 

resulting models are referred to as the “Combined Model” and the “Combined Model without 

CYP3A5”, respectively.  
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Figure 8: Overview of the modeling approaches applied in the master thesis. 1. The first modeling approach was 

to extrapolate an adult population pharmacokinetic model to children. An earlier developed model was used as 

the Base Model (30), and it was improved on adult patient data. If CYP3A5 genotype was retained as a covariate 

in the Improved Model, a second model without CYP3A5 genotype was also developed. The improved models 

were trained and validated on adult patient data before extrapolation to pediatric data. 2. The second modeling 

approach was to train the improved models from 1. on combined adult and pediatric data. The combined models 

were then validated on combined adult and pediatric data. Results from the two modeling approaches were 

compared. †: The Improved Model without CYP3A5 genotype as a covariate was developed in order to make 

predictions in patients with unknown CYP genotype. Both models are included in the figure for later reference in 

the thesis.  

2.2 Hardware and software 

Model development and validation was performed on two computers (Computer 1: MacBook 

Air, 1.6 GHz Intel Core i5 processor, 4 GB 1600 MHz DDR3 memory and running OS 

Mojave, version 10.14.6, Apple Inc CA, USA. Computer 2: iMac, 3.5 GHz Intel Core i7, 24 

GB 1600 MHz DDR3 memory and running OS Mojave, version 10.14.5, Apple Inc CA, 

USA). The computers were run in parallel due to the time consuming activities of running 

models. A nonparametric modeling approach with NPAG was used by applying R version 

3.5.2 and Pmetrics version 1.5.2. The highest possible number of initial grid points was 

chosen, limited by the hardware used and with uniform initial grid distribution. 
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2.3 Patient population 

Adults 

The adult patient population consisted of renal transplant recipients from five clinical studies 

performed at Oslo University Hospital, Rikshospitalet in the period 2011-2018 (139-143). 

The patient data had been collected during fasting conditions for all the studies. In this master 

thesis, rich data is defined as three or more drug concentration measurements drawn within 

the same dose interval. Data that only includes C0 measurements is referred to as sparse data. 

Rich data from 85 patients was used for model development and validation. The preceding C0 

was included when available. The Base Model applied patient data that arrived from clinical 

studies performed at Oslo University Hospital, Rikshospitalet between 2007 and 2012. The 

data used to make the Base Model consisted of rich data from 29 patients, while 44 patients 

contributed sparse data from standard of care follow-up (30). There were 18 patients that 

contributed rich data to both the Base Model and the datasets applied in this master thesis. 

Some of the rich data applied in the Base Model was not included this thesis because of 

deviations regarding the assay methods used to analyze the tacrolimus samples. All the 

patients had given written informed consent to respective clinical trial and that the data may 

be used for population PK modeling.    

Children 

The pediatric patient data arrived from the PedTac study at Oslo University Hospital, 

Rikshospitalet. The study started in 2013 with the aim of developing a pediatric population 

PK model for personalized dosing of tacrolimus (144). The PedTac study was approved by 

the Norwegian Regional Committee for Medical and Health Research Ethics South-East. The 

study protocol is provided in Appendix C, and the approval from the committee is in 

Appendix D. Information on 64 pediatric transplant patients was applied in the master thesis. 

Data from early after transplantation, other hospitalization episodes and from annually follow-

ups was available. The number of kidney transplanted patients was 43, 17 patients were liver 

transplanted and four patients received a combined kidney and liver transplantation. The age 

ranged from eight months to 18 years. Both sparse data and data from individuals with two or 

more tacrolimus concentrations measured at the same day were available. Rich data was not 

applied in the same way as for the adult data due to lack of rich pediatric data. Consequently, 
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more pediatric patients could be included in the analyses. Written informed consent was 

obtained for all patients included in the PedTac study. Patients between 16 and 18 years 

signed their own consent, while patients younger than 16 years had the consent signed by next 

of kin (144).   

2.4 Data preparation 

Adult renal transplant recipients 

The adult data was examined in detail and processed ahead of modeling. Rich data and the 

preceding C0 was included in the dataset. Due to a nonparametric modeling approach, the 

data distribution was not important for the model assumptions. Patient characteristics such as 

body weight, height and dosage intervals were cross checked with patient charts. Drug 

concentrations measured under non-fasting conditions or following periods of non-

compliance were removed from the dataset. Tacrolimus concentrations measured during the 

48 first hours after transplantation were excluded due to unexplainable large PK variations in 

this period compared to the rest of the observations, as presented previously in (84). When a 

patient was in steady state for tacrolimus therapy, this information was included in the dataset 

and registered by the modeling software. For patients that were in steady state from the first 

registered tacrolimus concentration, steady state conditions were flagged in a column called 

“ADDL”. However, if steady state conditions were obtained later on, ten tacrolimus doses at 

equal strength administered at a fixed-time interval basis were added manually to the dataset 

before the registered tacrolimus concentration of interest. Each visit for each patient got its 

unique identification key (id), resulting in the model treating each visit as a unique patient. 

Consequently, one patient could have several pseudo-ids, given he or she had visited the 

transplantation clinic several times. The number of pseudo-patients for the model to work on 

increased.  

In this thesis, the term development dataset is used to refer to datasets that are applied for 

training and development of models. Validation datasets, on the other hand, is data used for 

testing and validation of model performance. Validation datasets are not used for training, and 

are hence not previously seen by the model. The adult dataset was split randomly into a 

development dataset and a validation dataset by the sample() function provided by the dplyr 

package in R (145). The development set consisted of 75% of the patients, while the 
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remaining 25% were making the validation set. In order to avoid missing values, patients with 

unknown CYP3A5 genotype had their registered genotype as *3/*3, i.e. no expression of 

active CYP3A5 enzymes. Both adult datasets were modified this way. The development 

dataset and the validation dataset are hereafter referred to as the “Adult Development 

Dataset”, and the “Adult Validation Dataset”, respectively. The model file from the Base 

Model was applied on the Adult Development Dataset in order to improve the Base Model. 

The improved models were then validated on the Adult Validation Dataset, which had not 

been used for model development. Regarding the patients with pseudo-ids, all the ids that 

belonged to the same physical patient were placed in the same dataset, either for development 

or validation. The Adult Development Dataset consisted of 64 patients, creating a total of 101 

unique ids for the model to work with. The Adult Validation Dataset consisted of 21 patients 

and 36 unique ids.   

Children 

The pediatric data was examined in detail and preprocessed. As for the adult patient data, it 

was not necessary to check the data distribution thoroughly. Each patient got a unique id. 

Administered tacrolimus dose, dosing intervals and the age of the patients were cross checked 

with patient charts and corrected if necessary. Tacrolimus concentrations measured under 

verified non-fasting conditions were excluded. Concentrations measured during the 48 first 

hours after transplantation were left out as well. When a patient was in steady state for 

tacrolimus therapy, this was included in the dataset and registered by the modeling software 

in the same way as for the adults. The registered formulation was changed from Prograf® to a 

formulation called “dissolved Prograf®” for eight of the patients. For these patients, Prograf® 

had been dissolved in water prior to oral administration. The age was registered in whole 

years. However, if the patient was younger than four years, the age was registered with one 

decimal in order to avoid ages equal to zero and to better separate the ages for the younger 

children.  

Two datasets were made. The first dataset was prepared in order to test the improved models 

for extrapolation to children and is hereafter referred to as the “Pediatric Dataset for 

Extrapolation”. The second dataset was designed for prospective testing of the same models 

and will be referred to as the “Pediatric Dataset for Prospective Testing”. The Pediatric 

Dataset for Extrapolation contained tacrolimus concentrations from sampling days with at 
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least two concentrations. The preceding C0 was also included when available. Data from 62 

patients was included in the Pediatric Dataset for Extrapolation. The Pediatric Dataset for 

Prospective Testing was designed to reflect TDM of tacrolimus in the early post-transplant 

phase. Consequently, the dataset consisted of sparse data only, and the first C0 had been taken 

during the first week after transplantation. In order to reflect the increasing information 

available when time after initiation of therapy proceeds, input files with increasing number of 

known concentrations were prepared based on the dataset. Seven input files including zero to 

six tacrolimus concentrations per patient, respectively, were created. There were ten children 

that contributed data to the Pediatric Dataset for Prospective Testing, and eight patients 

contributed data to both extrapolation and prospective testing. Because two of the patients in 

the Pediatric Dataset for Prospective Testing were registered with sparse data only, they were 

not included in the Pediatric Dataset for Extrapolation. Figure 9 shows a Venn diagram of the 

two pediatric datasets.  

 

Figure 9: The pediatric datasets presented by a Venn diagram. There were 62 children contributing data to the 

Pediatric Dataset for Extrapolation, and ten children contributed data to the Pediatric Dataset for Prospective 

Testing. There were eight patients that contributed data to both datasets. N: number of children.   

Combined adult and pediatric data 

Development and validation datasets were also prepared for the second modeling approach of 

training a model on combined adult and pediatric data. In order to train and validate the 

Combined Model, which could include CYP3A5 genotype as a covariate, datasets consisting 
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of patients with known CYP genotype were prepared. This is in contrast to the adult 

development and validation datasets, where patients with unknown CYP3A5 genotype got 

their genotype registered as *3/*3. Data from patients with known and unknown CYP 

genotype were applied for training and validation of the Combined Model without CYP3A5. 

Preparation of the datasets for the two combined models is described in this section for 

convenience to the reader.  

The development and validation datasets were made for the Combined Model without 

CYP3A5 and are hereafter referred to as the “Combined Development Dataset without 

CYP3A5” and the “Combined Validation Dataset without CYP3A5”, respectively. The Adult 

Development Dataset and the Pediatric Dataset for Extrapolation were merged into one 

common dataset. The combined dataset was then split into one development dataset and one 

validation dataset. Patients were randomly chosen to the development dataset by applying the 

sample() function in the “dplyr” package in R (145). The Combined Development Dataset 

without CYP3A5 consisted of 75% of the patients. The Combined Validation Dataset without 

CYP3A5 consisted of the remaining patients. As in the Adult Development Dataset and the 

Adult Validation Dataset, some of the adult patients had several pseudo-ids due to several 

visits to the clinic. All ids that belonged to the same physical patient were placed in the same 

dataset, either for training or validation. Because all the children in the combined validation 

dataset were six years or older, it was decided to move two younger patients from the 

development set to the validation set. The Combined Development without CYP3A5 

consisted of 90 patients, including 43 children. The number of unique ids for the model to 

train on was 117. The combined validation dataset for the Combined Validation Dataset 

without CYP3A5 consisted of 36 patients wherein 19 of these were children. The number of 

unique ids in the validation set was 46. 

Datasets for training and validation of the Combined Model were created as well. They will 

hereafter be referred to as the “Combined Development Dataset with CYP3A5” and the 

“Combined Validation Dataset with CYP3A5”, respectively. The merged adult and pediatric 

dataset described above was modified as follows: Only renal transplanted patients with known 

CYP3A5 genotype were included. All liver transplant recipients were excluded because the 

CYP genotypes of the liver donors were unavailable. Further on, 75% of the patients were 

randomly taken out for training of the model in the same way as for the development dataset 

for the Combined Model without CYP3A5, The remaining 25% of the patients were used for 
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model validation. All ids belonging to the same physical patient were then placed either in the 

development dataset or in the validation dataset. The number of patients in the Combined 

Development Dataset with CYP3A5 was 64, including 18 children, and the model had 91 

unique ids to train on. The Combined Validation Dataset with CYP3A5 consisted of 20 

patients where four of these were children. The total number of unique ids was 29.  

Overview of the datasets 

Table 3 summarizes all the datasets applied in this master thesis, their purposes and whether 

they belonged to the first modeling approach (i.e. improvement of the Base Model for 

extrapolation to children) or the second approach (i.e. training the improved models on 

combined adult and pediatric data).  

Table 3: Overview of the datasets applied in the master thesis. Which modeling approach each dataset belonged 

to is given in the column to the right.  

Dataset N Purpose Approach no 

Adult Development Dataset 64 Improve Base Model 1 

Adult Validation Dataset 21 Validate improved models 1 

Pediatric Dataset for 

Extrapolation  

62 Validate improved models in 

children 

1 

Pediatric Dataset for 

Prospective Testing* 

10 Validate improved models in 

children 

1 

Combined Development 

Dataset with CYP3A5 

64 Train Combined Model 2 

Combined Development 

Dataset without CYP3A5 

90 Train Combined Model without 

CYP3A5 

2 

Combined Validation Dataset 

with CYP3A5 

20 Validate Combined Model 2 

Combined Validation Dataset 

without CYP3A5 

36 Validate Combined Model without 

CYP3A5 

2 

The first modeling approach was to improve the Base Model for extrapolation to children. The second modeling 

approach was to train the improved models on combined adult and pediatric data. The number of unique ids in 

the Adult Development Dataset and adult validation set were 101 and 36, respectively. The number of unique ids 

in the pediatric datasets equaled the number of patients in the datasets. The number of unique ids in the 

Combined Development Dataset with CYP3A5 and in the Combined Development Dataset without CYP3A5 

were 91 and 117, respectively. The number of unique ids in the Combined Validation Dataset with and without 

CYP3A5, respectively, were 29 and 46, respectively. N: number of patients. *Seven input files with zero-six 

tacrolimus concentrations per patient were prepared based on the dataset. 

2.5 Improvement of the Base Model 

The structural model of the Base Model to be improved was a two compartmental model with 

1st order absorption and a lag time. It was parameterized with CL/F, apparent 
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intercompartmental clearance (Q/F), apparent central volume of distribution (Vd/F) and 

apparent peripheral volume of distribution (Vp/F). The model was adjusted for hematocrit. 

CL/F, Q/F and Vp/F were allometrically scaled to fat-free mass (FFM), and Vd/F was 

allometrically scaled to body mass index (BMI). CYP3A5 genotype described variability in 

CL and F, while txt described variation in absorption lag time (30). The structural component 

and the disposition parameters in the Base Model were retained during model improvement. 

All covariates, however, were removed from the model, and the model was run on the Adult 

Development Dataset. In order to find the optimal parameter estimates, several combinations 

of parameter boundaries were tested. The model showing best model performance was used 

for further model improvement. Evaluation of model performance is outlined in the next 

section under “Rules for covariate inclusion”. Covariates were then included in the model as 

described below. 

2.5.1 Covariate inclusion 

A forward inclusion stepwise deletion method was used as a guide to decide which covariates 

to include in the model. First, the Base Model was stripped down by removing all covariates. 

It was then built up step by step by adding one covariate at a time. The PMstep() function in 

Pmetrics was used as an initial screening for potential covariates that could have significant 

influence on the different model parameters. The PMstep() function performs a linear 

regression analysis between all covariates and parameters in the model and reports the 

multivariate p-values for the regression coefficients (90). Plotting of potential covariates 

against the estimated parameters were done in order to investigate the relationship pattern 

more closely. All covariates included in the Base Model were tested. In addition, tacrolimus 

formulation type, steroid dose and allometric scaling to body surface area (BSA) were 

examined as potential covariates.   

The covariates were added progressively to the model, in contrast of testing each covariate on 

the model one at a time. The covariates that were assumed to have the greatest influence of 

the PK of tacrolimus were tested first. For convenience, the model with and without a 

covariate of interest was first tested with a limited number (300) of cycles. If the model 

performance increased or the covariate was plausible to include, the covariate was then tested 

with the number of cycles necessary to reach the convergence criteria. A covariate can be 

included in a model in several ways by applying different mathematical functions and if/else 
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statements, as discussed in section 1.4.2. Consequently, different functions were tested for the 

same covariate where appropriate. Several combinations of parameter boundaries were tested 

for each function in order to find the optimal parameter estimates. The results from the 

models with different functions were then compared pairwise, and the best function was 

retained. Figure 10 shows the overall workflow for covariate inclusion. Table 4 provides an 

overview of the different functions for covariate inclusion that were tested during 

improvement of the Base Model. The different combinations of parameter boundaries tested 

for each option are not shown in the table.    

A stepwise deletion process was then performed on the full model, i.e. the model that 

included all retained covariates from the covariate inclusion process. Covariates were 

removed one at a time. If the model performance decreased significantly when a covariate 

was removed, the covariate was retained. Covariates that did not show a significant decrease 

in performance after removal were not included in the final model. 

 

Figure 10: The workflow for inclusion of covariates in the population pharmacokinetic model is shown. 1. A 

new covariate is added to the model. 2. The boundaries for the parameter values are adjusted several times to 

find the best combination of boundaries. Each adjustment requires a new run of the model. 3. The best model 

with the covariate included is compared to the corresponding model without the new covariate. 4. The best 

model after model comparison is kept for further development. Covariates could also be included based on 
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plausibility. Steps 1-4 are repeated each time a new covariate is tested for inclusion in the model. Abbreviation: 

F: bioavailability.  

Rules for covariate inclusion 

Covariate inclusion was based on increased model performance and theoretical plausibility. 

The model performance was evaluated based on AIC, R2, RMSE, bias and imprecision 

values. Observed versus predicted plots were studied as well. The highest R2 values were 

searched for, while AIC, RMSE, bias and imprecision should be as low as possible. The 

observed versus predicted plots should be close to a straight line, ideally with a slope equal to 

1. The RMSE value was thought of as the most important metric, but in the end the overall 

model performance was taken into account when the decision of retaining a covariate in the 

model was made. If no significant differences were observed, the covariate was not included 

unless earlier literature had proven the covariate to be important in describing the PK of 

tacrolimus. Both population and individual values of AIC, bias, imprecision and RMSE were 

evaluated.  

Covariates that in theory should affect the PK of tacrolimus were tested for inclusion in the 

model. Literature and former tacrolimus population PK models were used as references. 

Unless the overall model performance got significantly worse, the covariate was included.    

Body size 

Total body weight, BSA, BMI and FFM were investigated as different measures on body size. 

The equations applied in the calculations of BSA, BMI and FFM are provided in Appendix E. 

The body size measures were centralized in the model file. Centralization avoids instability 

that may arise when the absolute values of a covariate covers a large range (82). The 

following formula was used for centralization: 

𝑆𝐼𝑍𝐸𝑐𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑧𝑒𝑑 =
𝑆𝐼𝑍𝐸𝑖𝑛𝑑

𝑆𝐼𝑍𝐸𝑚𝑒𝑑𝑖𝑎𝑛
, 

where SIZEcentralized is the centralized body size measure, SIZEind is the body size measure for 

a given individual, e.g. BMI, and SIZEmedian is the population median body size measure. 

Allometric scaling was investigated with fixed values of exponent b. For the estimations of Vd 

and peripheral volume of distribution (Vp), b was set to 1, while b was set to 0.75 for the 

estimations of CL and intercompartmental clearance (Q).  
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𝑉𝑑 = 𝑉0 ∗ 𝑆𝐼𝑍𝐸𝑐𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑧𝑒𝑑
1
 

𝐶𝐿 = 𝐶𝐿0 ∗ 𝑆𝐼𝑍𝐸𝑐𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑧𝑒𝑑
0.75

, 

where V0 and CL0 are the estimated values of Vd and CL, respectively, for a patient with body 

size equal the median value. SIZEcentralized is the centralized body size measure calculated as 

previously described. 

Hematocrit  

The following equations derived from earlier modeling of tacrolimus in adult renal transplant 

recipients were applied for hematocrit inclusion (30, 84):    

𝐶𝑝  =  
𝑋(2)

𝑉
 

𝐶𝑏 =
𝐶𝑝 ∗ 𝐻𝑐𝑡 ∗  𝐵𝑚𝑎𝑥

(𝐶𝑝 +  𝐾𝐷)
 

𝐶𝑡𝑜𝑡𝑎𝑙 = 𝐶𝑝 + 𝐶𝑏, 

where Cp, Cb and Ctotal are the plasma, erythrocyte-bound and whole blood concentrations of 

tacrolimus, respectively. The amount of tacrolimus in compartment two is represented by 

X(2), and V is the apparent volume of distribution of the same compartment (84). The 

hematocrit value in percent for the individual patient is called Hct, and Bmax is the maximal 

erythrocyte binding concentration, which was set to 4.18 (418 µg/L). The equilibrium 

dissociation constant is represented by KD and is a measure of the binding affinity of 

tacrolimus to RBCs. The value of KD was set to 3.8 µg/L (84). Literature values were used to 

define Bmax and KD (54). The disposition parameters were multiplied with the total/plasma 

ratio, as exemplified in the model file in Appendix B. From literature, the ratio is 

approximately 50 when the hematocrit is 45% (54). The total/plasma ratio was adjusted to the 

median hematocrit value observed in the Adult Development Dataset, which was 36%. When 

the functions above are applied, the estimation of the disposition parameters will be made 

with respect to the predicted plasma concentrations instead of the whole blood concentrations 

of tacrolimus. The plasma concentration and the hematocrit is used to obtain the whole blood 

concentration (84). 
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Modeling pharmacokinetic variation over time 

Prednisolone dose was explored as a covariate describing F. Functions describing increasing 

CL with increasing prednisolone dose were investigated as well. Txt was applied as a more 

general covariate. Txt will take several unknown factors that contribute to the change in 

tacrolimus PK over time into account. Theoretically, txt may affect F, CL and the lag time for 

tacrolimus absorption (Tlag). Txt describing variations in F, CL and Tlag was consequently 

investigated. Different solutions for implementation of txt in the model were explored. Details 

are provided in Table 4.  

CYP3A5 genotype 

Because CYP3A5 enzymes reside both in the gastrointestinal wall and in the liver, decreased 

F and increased CL are expected to be observed in subjects expressing the genotype for active 

CYP3A5 enzymes. CYP3A5 genotype was investigated as a covariate describing variability in 

both F and CL.  

Tacrolimus formulation type 

The adult patients received either the immediate-release formulation Prograf® or the 

prolonged-release formulation Advagraf®. Tacrolimus formulation as a covariate on ka was 

included in the model. The effects of formulation as a covariate on Tlag and F, respectively, 

were investigated.
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Table 4: Overview of covariate implementation that was tested in order to obtain a full model.  

Parameter(s) 

described 

Covariate(s) 

tested 

Implemented as Detailed function Description 

CL, Q, Vd, Vp BSA Centralized BSA See text for details Allometric scaling 

CL, Q, Vd, Vp Hematocrit Median value of 

hematocrit 

See text for details Hematocrit adjustment 

F Steroid Linear function 𝐹 =  𝐹 ∗ (1 − 𝑆𝑇𝐹 ∗ 𝑠𝑡𝑒𝑟𝑜𝑖𝑑) Effect of steroid on F 

F, CL and ka CYP3A5 

genotype and 

formulation 

Power functions and 

conditional function 

𝐶𝐿 = 𝐶𝐿 ∗ 𝑒(𝐶𝑌𝑃∗𝐶𝑦𝑝𝐶𝐿) 

𝐹 = 𝐹 ∗
1

𝑒(𝐶𝑌𝑃∗𝐶𝑦𝑝𝐹)
 

𝐼𝐹(𝐹𝑂𝑅𝑀. 𝐸𝑄. 2)𝐾𝑎 = 𝐾𝑎2 
 

Effect of CYP3A5 genotype on CL and F, formulation effect on ka. Unique 

parameter for ka if formulation equals Advagraf®. 

F, CL and ka CYP3A5 

genotype and 

formulation 

Conditional functions 𝐼𝐹(𝐶𝑌𝑃. 𝐸𝑄. 1)𝐶𝐿 = 𝐶𝐿 ∗ 𝐶𝑦𝑝𝐶𝑙 
𝐼𝐹(𝐶𝑌𝑃. 𝐸𝑄. 1)𝐹 = 𝐹 ∗ 𝐶𝑦𝑝𝐹 

𝐼𝐹(𝐹𝑂𝑅𝑀. 𝐸𝑄. 2)𝐾𝑎 = 𝐾𝑎2 

Effect of CYP3A5 genotype on CL and F, formulation effect on ka. If expressor 

of active CYP3A5 genotype, CL and F is affected. Unique parameter for ka if 

formulation equals Advagraf®. 

F, CL and ka CYP3A5 

genotype and 

formulation 

Conditional functions 𝐼𝐹(𝐶𝑌𝑃. 𝐸𝑄. 1)𝐶𝐿 = 𝐶𝐿 ∗ 𝐶𝑦𝑝𝐶𝑙 

𝐼𝐹(𝐶𝑌𝑃. 𝐸𝑄. 1)𝐹 = 𝐹 ∗ (
1

𝐶𝑦𝑝𝐶𝑙
) 

𝐼𝐹(𝐹𝑂𝑅𝑀. 𝐸𝑄. 2)𝐾𝑎 = 𝐾𝑎2 

Effect of formulation on ka, effect of CYP3A5 genotype on CL and F described 

by one common parameter. If expressor of active CYP3A5 genotype, CL and F is 

affected. Unique parameter for ka if formulation equals Advagraf®. 

CL Steroid Linear function  𝐶𝐿 = 𝐶𝐿 ∗ (𝑠𝑡𝑒𝑟𝑜𝑖𝑑 ∗ 𝑆𝑇𝐶𝑙) Effect of steroid on CL.  

CL Steroid Power function 𝐶𝐿 = 𝐶𝐿 ∗ 𝑒(𝑠𝑡𝑒𝑟𝑜𝑖𝑑∗𝑆𝑇𝐶𝑙) Effect of steroid on CL. 

F  Formulation Conditional function 𝐼𝐹(𝐹𝑂𝑅𝑀. 𝐸𝑄. 2)𝐹 = 𝐹2 ∗ (1 − (𝑠𝑡𝑒𝑟𝑜𝑖𝑑 ∗ 𝑆𝑇𝐹) Effect of formulation on F. Unique parameter for F if formulation equals 

Advagraf®. 

F  Txt  Conditional functions: 

txt <14, 13< txt <43, 

txt >42 

𝐹 = 𝐹 

𝐼𝐹(𝑡𝑥𝑡 < 14)𝐹 = 𝐹1 

𝐼𝐹(𝑡𝑥𝑡 > 42)𝐹 = 𝐹3 

Effect of txt on F. Unique parameters for F if txt <14 and txt >42. 

CL Txt Conditional functions: 

txt <14, 13< txt <43, 

txt >42 

𝐶𝐿 = 𝐶𝐿 

𝐼𝐹(𝑡𝑥𝑡 < 14)𝐶𝐿 = 𝐶𝐿1 

𝐼𝐹(𝑡𝑥𝑡 > 42)𝐶𝐿 = 𝐶𝐿3 

Effect of txt on CL. Unique parameters for CL if txt <14 and txt >42. 

Tlag Txt Conditional functions: 

txt <14, 13< txt <43, 

txt >42 

𝑇𝑙𝑎𝑔 = 𝑇𝑙𝑎𝑔 

𝐼𝐹(𝑡𝑥𝑡 < 14)𝑇𝑙𝑎𝑔 = 𝑇𝑙𝑎𝑔1 

𝐼𝐹(𝑡𝑥𝑡 > 42)𝑇𝑙𝑎𝑔 = 𝑇𝑙𝑎𝑔3 

Effect of txt on Tlag. Unique parameters for Tlag if txt <14 and txt >42. 

Tlag Txt Sigmoid function 𝑇𝑙𝑎𝑔 = 𝑇𝑙𝑎𝑔 ∗ (𝑚𝑎𝑥𝐿𝑎𝑔 −
𝑚𝑎𝑥𝐿𝑎𝑔 − 𝑚𝑖𝑛𝐿𝑎𝑔

1 + (
𝑇𝑙𝑎𝑔50

𝑡𝑥𝑡
)

𝑠𝑙𝑜𝑝𝑒 ) Effect of txt on Tlag 

Tlag 

 

 

  

Formulation Conditional function 𝑇𝑙𝑎𝑔 = 𝑇𝑙𝑎𝑔 

𝐼𝐹(𝐹𝑂𝑅𝑀. 𝐸𝑄. 2)𝑇𝑙𝑎𝑔 = 𝑇𝑙𝑎𝑔2 
Effect of formulation on Tlag. Unique parameter for Tlag if formulation equals 

Advagraf®. 
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Abbreviations: CL: apparent clearance, Q: apparent intercompartmental clearance, Vd: apparent volume of 

distribution, Vp: apparent periphere volume of distribution, BSA: body surface area, F: bioavailability, F, F1, F2, 

F3: estimated bioavailability parameters, steroid: prednisolone dose in mg, STF: estimated steroid factor effect 

on bioavailability, STCl: estimated steroid factor on clearance, Ka: absorption rate constant, Ka2: estimated 

absorption rate constant parameter for Advagraf®, CYP: categorical variable for CYP3A5 activity. Value set to 

0 equals no expression of active CYP3A5 enzymes, value set to 1 equals expression of active CYP3A5 enzymes, 

CypCL: estimated effect of CYP3A5 genotype on clearance, CypF: estimated effect of CYP3A5 genotype on 

bioavailability, FORM: categorical variable for tacrolimus formulation type. Value set to 1 equals Prograf® 

value set to 2 equals Advagraf®, txt: time after transplantation in days, Tlag: absorption lag time, Tlag1, Tlag3, 

maxLag, minLag, Tlag50, slope: estimated parameters for effect of time after transplantation on absorption lag 

time, Tlag2: estimated absorption lag time for Advagraf.  

2.6 Model validation plan 

2.6.1 Internal validation 

Internal validation was performed on the models after they had cycled to convergence. VPC 

plots and pcVPC plots were made for internal validation of the Improved Model and the 

Improved without CYP3A5. Residual plots, observed versus predicted plots, AIC, bias, 

imprecision, RMSE and R2 were investigated as well. No trends should be observed in the 

residual plots. Bias should not exceed ± 0.5 μg/L, while the maximal limit of imprecision was 

± 1.7 (μg/L)2, regarding individual predicted values (144). Residual plots, observed versus 

predicted plots, AIC, bias, imprecision RMSE and R2 were investigated for the Combined 

Model and the Combined Model without CYP3A5. The results from the Combined Model 

and the Combined Model without CYP3A5 were compared with the results from the 

Improved Model and the Improved Model without CYP3A5, respectively. 

Model robustness 

The robustness of the Improved Model and the Improved Model without CYP3A5 were tested 

by making slightly modifications of the upper and lower boundaries of the parameter values 

to be estimated in NPAG. The initial conditions for the grid search were then changed. The 

initial conditions were also modified by reducing the number of initial grid points, altering 

how easy NPAG move on in the grid search and by changing the convergence criteria, 

respectively. The PMcompare() function in Pmetrics was applied in order to compare the 

results for the model with and without modified initial conditions. PMcompare() performs a 

statistical comparison based on the k-nearest-neighbor approach from the “MTSKNN” 

package in R. The p-value is calculated from the comparison of the distribution of the 
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population parameter values (90, 146). A p-value greater than 0.05 supports the hypothesis of 

that the model converges to similar solutions even though the starting point has been altered. 

This indicates that the model is robust and has found an optimal solution. 

2.6.2 External validation 

External validation was performed by applying the converged models on a validation dataset 

without any cycling. The support points with their corresponding probabilities from the 

respective models served as a prior in order to calculate posterior values for each individual in 

the validation dataset. The Improved Model and the Improved Model without CYP3A5 were 

validated with the Adult Validation Dataset. The Base Model was validated on the same 

validation dataset. Observed versus predicted plots, RMSE, MEP and R2 were studied for all 

three models. In this master thesis, MEP values were obtained by taking the median PE for 

each individual and then calculate the mean value of the individual median PEs. The median 

is a more robust measure of central tendency than the mean, and due to fewer observations per 

individual than for the dataset as a whole, the median PEs for each individual were applied. 

The results from the Improved Model and the Base Model were compared in order to confirm 

an improvement in model performance. The Combined Model and the Combined Model 

without CYP3A5 were validated with the Combined Validation Dataset with and without 

CYP3A5, respectively. Observed versus predicted plots, RMSE, MEP and R2 were examined. 

Results from the combined models were compared with the results from the improved 

models. 

2.7 Extrapolation of the improved models to 

pediatric patients 

2.7.1 Validation on pediatric data 

The Pediatric Dataset for Extrapolation was used for investigating if extrapolation of the 

improved models to children was applicable. As for the external validation of the models, the 

improved models were applied on the pediatric dataset without any cycling. Observed versus 

predicted plots, plots of predictive error (PE) (predicted value – observed value), MEP and 

RMSE were investigated in order to evaluate the model performance in the pediatric 

population. Individual PE was plotted against age and type of transplanted organ. Such plots 
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were made in order to check when the model predicted the pediatric dataset best and to detect 

weaknesses. The absolute MEP should not be higher than 0.4 μg/L in the pediatric dataset in 

order to accept a model (144). The results were compared to corresponding results from the 

external validation of the improved models on the Adult Validation Dataset.  

2.7.2 Prospective testing on historical pediatric data 

The input files for prospective testing were used to evaluate how well the improved models 

predicted the next tacrolimus concentration (i.e. the first concentration after the known 

concentrations in the input files) in pediatric patients. Increasing number of measured 

concentrations were introduced in the model, from zero to six concentrations per patient. The 

improved models were applied on each of the seven input files and cycled to convergence. 

Posterior individual values were then obtained, and the individual value for PE was calculated 

for each situation and each patient, i.e. the calculations were made for all the seven input files. 

The absolute MEP should not exceed 0.5 μg/L from the fourth tacrolimus concentration and 

onward (144).  
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3 Results 

3.1 Patient population 

Adult renal transplant recipients 

Patient characteristics and clinical patient data for the Adult Development Dataset and the 

Adult Validation Dataset are provided in Table 5. Most of the patients were male and 

administered Prograf® twice daily. All of the patients were kidney transplanted, and the 

majority used mycophenolate and prednisolone in addition to tacrolimus as maintenance 

immunosuppression. Data from the immediate period after transplantation as well as several 

years post-transplant was available. Txt ranged from three days to 5792 days (zero to 15 

years). The dataset structure is provided in detail in Appendix F-I.     
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Table 5: Demographics at the time of first sample for the adult patients in the Adult Development Dataset and 

the Adult Validation Dataset for the improved adult population pharmacokinetic model.  

  Total Development 

 

Validation 

 N 85 64 21 

Male/female   68/17 52/12 16/5 

CYP3A5 genotype (*1/*3, 

*3/*3, unknown)  

 14/67/4 8/54/2 6/13/2 

Tacrolimus formulation 

(Prograf®, Advagraf®, 

switch†)  

 52/16/17 40/12/12 12/4/5 

MPA administration (yes/no)  80/5 59/5 21/0 

 mean ± SD    

Age (years)  55 ± 14 55 ± 14 54 ± 14 

Height (cm)  176 ± 9 177 ± 8 175 ± 11 

Total body weight (kg)  80.9 ± 15.8 80.7 ± 15.9 81.5 ± 16.0 

Calculated body surface area 

(m2)‡ 

 1.97 ± 0.21 1.97 ± 0.21 1.97 ± 0.23 

Predicted fat-free mass (kg)•  54.2 ± 8.3 54.4 ± 8.2 53.9 ± 8.8 

Calculated body mass index 

(kg m-2)⁘ 

 25.9 ± 4.4 25.7 ± 4.4 26.5 ± 4.2 

Hematocrit (%)  37 ± 5 37 ± 4 38 ± 5 

Serum creatinine (μmol/L)  117 ± 32 117 ± 34 115 ± 29 

eGFR (mL/min/1.73 m2)⁂  59 ± 20 59 ± 20 58 ± 17 

Prednisolone dose (mg day-1)  11.4 ± 5.7 11.8 ± 5.8 10.2 ± 5.4 

Time after transplantation 

(days) (range) 

 447 (3-5792) 434 (3-5792) 485 (3-3231) 

Tacrolimus samples per 

patient 

 20 ± 7 20 ± 7 21 ± 6 

Total: data for all patients, development: data for the patients in the Adult Development Dataset, validation: data 

for the patients in the Adult Validation Dataset, N: number of patients. Abbreviations: MPA: mycophenolate, 

SD: standard deviation, eGFR: estimated glomerular filtration rate. †: The patients switched from Prograf® to 

Advagraf® during study period. ‡: The Du Bois formula was applied in the calculation of body surface area 

(147). •: A formula developed in kidney transplanted patients was applied in the prediction of fat-free mass 

(148). ⁘: Total body weight (kg) was divided on the squared height (m2) in the calculation of body mass index. 

⁂: The four-variable equation from the Modification of Diet in Renal Disease Study was applied in the 

estimation of glomerular filtration rate (149). 

Children 

Table 6 provides an overview of demographics and clinical characteristics for the children in 

the Pediatric Dataset for Extrapolation and the Pediatric Dataset for Prospective Testing of the 

improved models. In contrast to the adults, the proportion of males and females was 

approximately equal. The number of kidney transplant recipients with unknown CYP3A5 

genotype was high. In addition, all liver transplanted patients were treated as if their CYP3A5 

genotype was not known because the donor genotypes were unavailable. Most of the patients 



45 

 

in the dataset were kidney transplanted. A greater fraction of the pediatric patients did not 

administer mycophenolate compared to the adults. The variation in serum creatinine values 

was higher than for the adults. As for the adult data, a wide range of txt was observed. Txt 

ranged from four days to 5673 days (zero to 15 years). The number of tacrolimus samples per 

patient was significantly lower for the children than for the adults. In the Pediatric Dataset for 

Prospective Testing, not more than six C0 measurements per patient were included. The 

dataset structure for the pediatric data is provided in detail in Appendix F-II.    

Table 6: Demographics at the time of first sample for the children in the Pediatric Dataset for Extrapolation and 

in the Pediatric Dataset for Prospective Testing of the improved adult population pharmacokinetic model.  

  Extrapolation Prospective testing 

 N 62 10 

Male/female   33/29 4/6 

CYP3A5 genotype (*1/*3, *3/*3, 

unknown) 

 6/16/40 0/1/9 

Tacrolimus formulation (Prograf®, 

Modigraf®, Advagraf® dissolved 

Prograf®, switch†)  

 21/9/22/7/3 4/1/0/1/4 

MPA administration (yes/no)  35/27 7/3 

Organ transplanted (kidney, liver, 

combined) 

 42/16/4 6/4/0 

 mean ± SD   

Age (years)  11 ± 4 10 ± 6 

Height (cm)  142 ± 26 132 ± 36 

Total body weight (kg)  44.7 ± 22.2 40.1 ± 24.4 

Calculated body surface area (m2)‡  1.30 ± 0.44 1.18 ± 0.54 

Hematocrit (%)  36 ± 4 30 ± 3 

Serum creatinine (μmol/L)※  101 ± 66 NA 

eGFR (mL/min/1.73 m2) ⁂※  65 ± 25 NA 

Prednisolone dose (mg day-1)  4.0 ± 4.4 22.1 ± 12.0 

Time after transplantation (days) 

(range) 

 1844 (7-5673) 5 (4-7) 

Tacrolimus samples per patient  4 ± 2 Not relevant 
All liver transplanted patients were registered with unknown CYP3A5 genotype because CYP genotypes of the 

donors were not known. There were eight patients that contributed data to both datasets. N: number of patients, 

combined: combined kidney and liver transplantation. Abbreviations: MPA: mycophenolate, SD: standard 

deviation, NA: not available, eGFR: estimated glomerular filtration rate. †: The patients switched from Prograf® 

to Advagraf® during study period, where one patient in the prospective dataset switched from dissolved 

Prograf® to Advagraf®. ‡: The Du Bois formula was applied in the calculation of body surface area (147). ※: 

Liver and combined kidney and liver transplant recipients did not contribute data. ⁂: The adapted Schwartz 

formula was applied in the estimation of glomerular filtration rate (150) 
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Combined adult and pediatric data 

Demographics and clinical patient data applied in training and validation of the Combined 

Model and the Combined Model without CYP3A5 are summarized in Table 7. The variations 

in age and number of tacrolimus samples per patient in the combined datasets were greater 

than for the datasets consisting of either adults or children. Only renal transplanted patients 

with known CYP3A5 genotype were included in the datasets for the Combined Model.    

Table 7: Demographics at the time of first sample for the adults and children in the datasets for the Combined 

Model and the Combined Model without CYP3A5.  

  Combined Model without CYP3A5 Combined Model 

  Total Development Validation Total Development Validation 

 N 126 90 36 84 64 20 

Male/female  85/41 59/31 26/10 61/23 43/21 18/2 

CYP3A5 genotype (*1/*3, 

*3/*3, unknown) 

 18/78/30 12/57/21 6/21/9 14/70/0 11/53/0 3/17/0 

Tacrolimus formulation 

(Prograf®, Modigraf®, 

Advagraf®, dissolved 

Prograf®, switch†) 

 61/9/34/7/15 40/5/25/7/13 21/4/9/0/2 48/5/19/0/12 34/4/16/0/10 14/1/3/0/2 

MPA administration 

(yes/no) 

 94/32 66/24 28/8 70/14 51/13 19/1 

Organ transplanted 

(kidney, liver, combined) 

 106/16/4 75/12/3 31/4/1 84/0/0 64/0/0 20/0/0 

 mean 

± SD 

      

Age (years)  34 ± 24 35 ± 25 31 ± 23 44 ± 23 42 ± 23 49 ± 21 

Height (cm)  160 ± 26 160 ± 25 158 ± 29 168 ± 21 166 ± 22 174 ± 14 

Total body weight (kg)  63.0 ± 26.4 63.9 ± 26.0 60.9 ± 

27.4 

71.5 ± 23.7 69.1 ± 24.1 79.1 

±20.9 

Calculated body surface 

area (m2)‡ 

 1.64 ± 0.48 1.66 ± 0.47 1.61 ± 

0.51 

1.80 ± 0.40 1.76 ± 0.42 1.93 ± .31 

Hematocrit (%)  37 ± 4 37 ± 4 36 ± 5 37 ± 4 37 ± 4 35 ± 4 

Serum creatinine 

(μmol/L)※ 

 111 ± 50 113 ± 54 105 ± 37 112 ± 41 108 ± 42 122 ± 39 

eGFR (mL/min/1.73 m2) 

⁂※ 

 62 ± 22 61 ± 23 63 ± 22 61 ± 21 62 ± 21 58 ± 23 

Prednisolone dose  

(mg day-1) 

 8.0 ± 6.5 7.6 ± 6.4 8.9 ± 6.7 9.7 ± 6.5 9.2 ± 6.4 11.6 ± 6.6 

Time after 

transplantation (days) 

(range) 

 1128  

(3-5792) 

1210  

(3-5792) 

923  

(7-5044) 

745  

(3-5792) 

825  

(4-5792) 

488  

(3-3318) 

Tacrolimus samples per 

patient 

 12 ± 9  12 ± 9 12 ± 10 16 ± 9 15 ± 9 17 ± 9 
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Only patients with known CYP3A5 genotype were included in the datasets for the Combined Model. All liver 

transplanted patients had unknown CYP3A5 genotype because the CYP genotypes of the donors were not known. 

Total: data for patients in both development and validation dataset, development: data for the patients in the 

Combined Development Dataset with or without CYP3A5, respectively, validation: data for the patients in the 

Combined Validation Dataset with or without CYP3A5, respectively, N: number of patients, combined: 

combined kidney and liver transplantation. Abbreviations: MPA: mycophenolate, SD: standard deviation, eGFR: 

estimated glomerular filtration rate. †: The patients switched from Prograf® to Advagraf® during study period. 

‡: The Du Bois formula was applied in the calculation of body surface area (147). ※: Pediatric liver and 

combined kidney and liver transplant recipients did not contribute data. ⁂: The four-variable equation from the 

Modification of Diet in Renal Disease Study was applied in the estimation of glomerular filtration rate for the 

adult patients (149). The adapted Schwartz formula was applied in the estimation of glomerular filtration rate for 

the pediatric patients (150).  

3.2 Improvement of the Base Model 

After all covariates had been removed from the Base Model and the model had been trained 

on the Adult Development Dataset, the R2 for the population predictions was relatively low 

(0.474), and the slope for the population predictions did not equal 1 (0.529). The AIC value 

was 3503, while population prediction values for MEP, RMSE, normalized RMSE, bias and 

imprecision were 1.91 μg/L, 6.26 μg/L, 57.53 %, 3.28 μg/L and 77.57 (μg/L)2, respectively. 

3.2.1 Covariate inclusion 

An overview of the covariates tested in order to obtain a full model and the corresponding 

changes in validation metrics following the covariate implementation is provided in Table 8. 

The table reports population prediction values. The covariates were added stepwise when 

covariate inclusion was found plausible. No improvement in AIC was observed when BSA 

and hematocrit were included as covariates in the model. However, RMSE, bias and 

imprecision decreased, and the overall model performance improved. Model improvement 

was observed when steroid dose on F was included. Conditional functions of CYP3A5 

genotype on F and CL gave better results than when the power functions were applied. The 

model with one parameter for CYP3A5 genotype on CL and another parameter on F was 

found more stable compared to a model that applied one common parameter for CYP3A5 

genotype on both CL and F. The model performance was approximately equal for the two 

models. Steroid dose as a covariate on CL did not improve model performance. Tacrolimus 

formulation type on F resulted in a better model. When txt was included on F, the AIC 

decreased with 350. Even though some increase in imprecision and RMSE was observed, the 

overall model performance increased. The AIC decreased when txt was included as a 
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covariate on CL, even though bias, imprecision and RMSE increased. The model improved 

when txt was included as a conditional function on Tlag. The sigmoid function did, however, 

not make the model better. Increased model performance was observed when tacrolimus 

formulation type was included as a covariate on Tlag.   
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 Table 8: Results from covariate implementation that was tested in order to obtain a full model.   

The population prediction values of bias, imprecision and root mean squared error are reported. Abbreviations: 

ΔAIC: The difference in the Akaike information criterion (AIC) value between the model with the covariate(s) 

included and the stripped model without any covariates, RMSE: normalized root mean squared error of 

prediction, CL: clearance, Q: intercompartmental clearance, Vd: volume of distribution, Vp: periphere volume of 

distribution, BSA: body surface area, F: bioavailability, Ka: absorption rate constant, CYP3A5: cytochrome P450 

3A5, Txt: time after transplantation in days, Tlag: absorption lag time. *The covariate was removed following 

stepwise deletion from the full model. **The run did not converge after 9996 cycles. 

Parameter(s) Covariate(s) Implemented 

as 

ΔAIC Bias  

(μg/L) 

Imprecision  

(μg/L)2 

RMSE 

(%) 

Included 

(yes/no) 

Run-time 

(hours) 

 No 

covariates 

  3.28 77.6 57.53  21.5 

CL, Q, Vd 

and Vp 

BSA Centralized 

BSA 

+25 2.51 65.6 53.19 Yes 3 

CL, Q, Vd  

and Vp 

Hematocrit Median value 

of hematocrit 

+37 2.17 55.2 49.08 Yes 3.9 

F Steroid Linear 

function 

-25 2.97 61.5 51.18 Yes* 52.1 

CL, F and 

Ka 

CYP3A5 

genotype 

and 

formulation 

Power 

functions and 

conditional 

function 

+1 2.21 37 41.02 No 5.3 

CL, F and 

Ka 

CYP3A5 

genotype 

and 

formulation 

Conditional 

functions, 

two CYP3A5 

variables 

-38 1.59 39.1 41.55 Yes 4.6 

CL, F and 

Ka 

CYP3A5 

genotype 

and 

formulation 

Conditional 

functions, 

common 

CYP3A5 

variable 

-38 1.4 38 38.58 No 20.4 

CL Steroid Linear 

function 

+285 5.3 213 96.37 No 3.8 

CL Steroid Power 

function 

-42 3.72 50.7 46.61 No 45.2 

F Formulation Conditional 

function 

-45 1.25 32.6 36.64 Yes 4.8 

F Txt Conditional 

functions 

-395 0.246 37.6 37.03 Yes 26.9 

CL Txt Conditional 

functions 

-435 2.68 50.2 40.12 Yes 16.6 

Tlag Txt Conditional 

functions 

-479 1.45 43.7 38.08 Yes 8 

Tlag Txt Sigmoid 

function 

-448 2.75 66.4 43.2 No** 24 

Tlag Formulation Conditional 

function 

-491 0.748 43.1 37.66 Yes 20.4 
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Allometric scaling to body weight was disregarded during initial screening due to reduced 

model performance compared to results from scaling to BMI, BSA and FFM, respectively. 

This was in line with findings from the development of the Base Model (30). Further on, BSA 

was superior to FFM and BMI for allometric scaling of CL/F, Q/F, Vd/F and Vp/F. The model 

that was scaled to BSA did also show increased model performance compared to a 

corresponding model without allometric scaling. Steroid dose affected F during stepwise 

covariate inclusion. Still, steroid dose was not retained after stepwise deletion from the full 

model.  

3.2.2 Description of the Improved Model 

The Improved Model was allometrically scaled to BSA and adjusted for hematocrit. Apparent 

CL was described by txt and CYP3A5 genotype. The F was described by tacrolimus 

formulation type, txt and CYP3A5 genotype. The ka was described by type of formulation, and 

Tlag was described by type of formulation and txt. Appendix G-I includes the complete model 

file. The final parameter estimates made by the model are provided in Table 9 and represent 

the average patient in the Adult Development Dataset. The variation of estimated CL/F was 

highest during the first 13 days after transplantation. The same was true for estimated F and 

Tlag. The SD for the estimated Vp/F was large. Prograf® had a higher estimated ka than 

Advagraf®, which was expected due to the release profiles of the respective formulations. 

The effect of covariate inclusion is illustrated in Appendix H, which compares the population 

observed versus predicted plots for the Base Model without any covariates and the Improved 

Model. The slope is closer to 1 and the R2-value is higher for the Improved Model than for the 

Base Model without any covariates. 
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Table 9: Summary of final parameter estimates of the improved adult population pharmacokinetic model with 

CYP3A5 genotype as a covariate.  

Parameter Mean ± SD 

CL/F (L/hour)  

   Day 0-13 31.2 ± 31.5 

   Day 14-42 23.1 ± 10.6 

   Day 43- 19.9 ± 10.4 

   Expression of CYP3A5 enzymes* 1.9 ± 1.0 

Vd/F (L) 115 ± 58 

FA  

   Day 0-13 0.51 ± 0.29 

   Day 14-42 0.86 ± 0.16 

   Day 43- 0.73 ± 0.20 

   Expression of CYP3A5 enzymes* 0.55 ± 0.30 

   Administration of Advagraf®* 1.3 ± 1.0 

Vp/F (L) 788 ± 798 

Q/F (L/hour) 56.4 ± 40.0 

Ka for Prograf® (hours-1) 1.6 ± 1.0 

Ka for Advagraf® (hours-1) 0.6 ± 0.7 

Tlag (hours)  

   Day 0-13 0.64 ± 0.47 

   Day 14-42 0.44 ± 0.29 

   Day 43- 0.46 ± 0.31 

   Administration of Advagraf®* 1.1 ± 0.4 
The estimates are for the average patient in the development dataset with a body surface area of 1.98 and a 

hematocrit of 36%. Day: day after transplantation. Abbreviations: SD: standard deviation, CL/F: apparent 

clearance, Vd/F: apparent volume of distribution, FA: absolute bioavailability, Vp/F: apparent periphere volume 

of distribution, Q/F: apparent intercompartmental clearance, Ka: absorption rate constant, Tlag: lag time for 

absorption. *The PK parameter was multiplied with this factor. 

3.3 Validation of the Improved Model 

3.3.1 Internal validation 

The Improved Model was initiated with 9 * 80 021 grid points. It converged after 7716 cycles 

to 87 support points. The final AIC value was 3019, which equals a decrease of 484 points 

compared to the Base Model without any covariates. The gamma model was used because the 

lambda model did not converge. The final-cycle gamma was 1.65.  Population prediction 

values for bias, RMSE, normalized RMSE and imprecision were 0.25 μg/L, 3.95 μg/L, 36.26 

% and 40.17 (μg/L)2, respectively. The individual prediction values for bias, RMSE, 

normalized RMSE and imprecision were -0.06 μg/L, 0.98 μg/L, 8.96 % and 1.64 (μg/L)2, 

respectively.  
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A VPC plot of the Improved Model following 1000 simulations of each id in the Adult 

Development Dataset receiving the twice-daily formulation Prograf® is provided in Figure 

11. The distribution of the observations and the predicted values are plotted against time after 

dose. The model-predicted interpercentile range increases with time after dose. The predicted 

confidence intervals do not fully overlap the observed 97.5th percentile, median and 2.5th 

percentile, respectively. The model tend to underpredict the concentrations, and the model-

predicted variations are higher than the variations in the observed concentrations.

 

Figure 11: Visual predictive check of the Improved Model for patients in the Adult Development Dataset 

receiving Prograf®. Predicted and observed concentrations are plotted against time after dose. Each id was 

simulated 1000 times. The black circles represent the observed tacrolimus concentrations. The red solid line 

represents the median of the observed concentration, and the upper and lower blue dashed lines represent the 

97.5th and 2.5th percentiles of the observed concentrations, respectively. The red-shaded area represents the 95% 

confidence interval for the predicted median. The upper and lower blue-shaded areas represent the 95% 

confidence interval for the predicted 97.5th and 2.5th percentiles, respectively. Time after dose is in hours. 

Observation is tacrolimus concentration in μg/L. The simulations were based on data from 52 patients, and the 

number of unique ids was 70. 

 

Figure 12 provides a VPC plot of the Improved Model following 1000 simulations of each id 

in the Adult Development Dataset receiving the once-daily formulation Advagraf®. Again, 

the distribution of the observations and the predicted values are plotted against time after 

dose. The plot does not differ greatly from the VPC plot for Prograf®. However, the predicted 
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confidence interval for the median covers the observed median to a high degree. The 

predicted confidence intervals tend to increase with time after dose administration. This was 

expected because most of the observed concentrations was measured the eight first hours after 

drug intake. Appendix I provides pcVPC plots of the Improved Model for patients taking 

Prograf® and Advagraf®. In the pcVPC plots, the predicted confidence intervals cover the 

observed prediction corrected percentiles to a higher degree than in the VPC plots. The 

predicted confidence intervals for the medians, however, deviates more from the observed 

prediction corrected medians than what is observed in the VPC plots. 

 

Figure 12: A visual predictive check of the Improved Model for patients in the Adult Development Dataset 

receiving Advagraf®. Predicted and observed concentrations are plotted against time after dose. Each id was 

simulated 1000 times. The black circles represent the observed tacrolimus concentrations. The red solid line 

represents the median of the observed concentration, and the upper and lower blue dashed lines represent the 

97.5th and 2.5th percentiles of the observed concentrations, respectively. The red-shaded area represents the 95% 

confidence interval for the predicted median. The upper and lower blue-shaded areas represent the 95% 

confidence interval for the predicted 97.5th and 2.5th percentiles, respectively. Time after dose is in hours. 

Observation is tacrolimus concentration in μg/L. The simulations were based on data from 24 patients, and the 

number of unique ids was 30. One id was left out of the plot due to technical issues. 
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Residual plots for the Improved Model are shown in Figure 13. The residual values are 

reduced with increasing time, as observed in the plot to the right. The residual plots show 

some overprediction made by the model.    

 

Figure 13: Residuals for the improved adult population pharmacokinetic model with CYP3A5 plotted against 

predicted tacrolimus concentration to the left and against time to the right. Abbreviations: pred: predicted 

concentration, obs: observed concentration. 

Figure 14 shows observed versus predicted plots for the Base Model (upper panel) and the 

Improved Model (lower panel). Higher R2 values, slopes closer to 1 and lower bias are 

observed for the Improved Model compared to the Base Model. 

  



55 

 

Figure 14: Population (upper left) and individual (upper right) observed versus predicted plots for the Base 

Model. Population (lower left) and individual (lower right) observed versus predicted plots for the Improved 

Model. Observed and predicted values are in μg/L. R-squared: coefficient of determination. Abbreviations: Inter: 

intercept, CI: confidence interval. 

 

Predictions made by the Improved Model for six individual patients in the Adult 

Development Dataset are shown in Figure 15. The model estimates are close to the observed 

tacrolimus concentrations. 



56 

 

 

Figure 15: Individual concentration versus time plots predicted by the Improved Model for six patients in the 

Adult Development Dataset. Crosses represent the actual measured tacrolimus concentrations. The full line 

represents the model estimates. Observations are tacrolimus concentrations measured in µg/L. Abbreviation: h: 

hours.  

 

Model robustness 

The Improved Model failed to converge following boundary modifications of the primary PK 

parameters in the model file. The same was true regarding runs that were initiated with a 

reduced number of grid points. The model converged to the same solution when convergence 

criteria were changed and when adjustments on movements in the grid search were made (p-

values greater than 0.05).  

3.3.2 External validation 

The validation of the Improved Model on the Adult Validation Dataset showed that the model 

made accurate predictions of tacrolimus concentrations in adult patients that were unknown to 

the model. However, the model was less accurate and precise regarding predictions on the 
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external data compared to the internal data that was used for model development, which was 

not surprising. Table 10 compares the MEP, RMSE and R2 for external validation of the 

Improved Model and the Base Model with the original covariates from (30). The Improved 

Model was found to be more precise and accurate than the Base Model.  

Table 10: Comparison of goodness of fit metrics following external validation of the Improved Model and the 

Base Model with the Adult Validation Dataset.  

GOF metrics Improved Model Base Model  

Population mean error of 

prediction (μg/L) 

-1.05 1.6 

Population RMSE  5.23 8.77 

Population R2 0.50 0.35 

Individual mean error of 

prediction (μg/L) 

-0.4 -0.25 

Individual RMSE  

 

2.77 3.02 

Individual R2 0.84 0.81 
Population values arrive from model predictions for the population as a whole. Individual values arrive from 

model predictions for each individual patient. Patients with unknown CYP3A5 genotype are excluded from the 

calculations of predictive error and root mean squared error of prediction. The number of patients applied in the 

calculations was 19, and the number of unique ids were 32. Abbreviations: GOF: goodness of fit, RMSE: root 

mean squared error of prediction. R2: coefficient of determination. 

3.4 Extrapolation of the improved models to 

pediatric patients 

3.4.1 Validation on pediatric data 

The results from this section led to the Improved Model and the Improved Model without 

CYP3A5 from Figure 8. The Improved Model was allometrically scaled to BSA and included 

the CYP3A5 genotype of the patient when predictions were made. There are situations where 

the CYP genotype is unknown. In addition, previous findings on the transplant center indicate 

that tacrolimus population PK models in children do not necessarily improve with allometric 

scaling. Consequently, four models in total were trained on the Adult Development Dataset, 

externally validated in adults and tested on the Pediatric Dataset for Extrapolation: two BSA-

scaled models with and without CYP3A5 genotype as a covariate, respectively, and two 

models without any scaling with and without CYP3A5 genotype as covariate, respectively. 

Except from the differences in included covariates, the model structures were equal in all four 

models.  
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Appendix J-I compares goodness of fit (GOF) metrics for the four adult models following 

internal validation with the Adult Development Dataset, and corresponding results from 

external validation with the Adult Validation Dataset are provided in Appendix J-II. Model 

performance decreased significantly when CYP3A5 genotype was excluded from the models, 

regardless of allometric scaling. The models without allometric scaling showed reduced 

model performance compared to the models that were allometrically scaled to BSA, but the 

effect was less substantial than the effect of CYP3A5 genotype. Table 11 compares the results 

for the four models after extrapolation to pediatric patients. Renal transplant recipients with 

unknown CYP3A5 genotype and all liver transplanted patients were excluded from the 

validation of the models that included CYP3A5 genotype as a covariate. 

Table 11: An overview of the results for four different adult population pharmacokinetic models after 

extrapolation to pediatric patients.  

 BSA No BSA 

GOF metrics CYP3A5 

N=22 

No CYP3A5 

N=62 

CYP3A5  

N=22 

No CYP3A5  

N=62 

Population mean 

error of 

prediction (μg/L) 

4.48 6.6 2.71 4.26 

Population 

RMSE 

6.86 9.69 5.86 7.79 

Individual mean 

error of 

prediction (μg/L) 

0.32 0.79 0.09 -0.044 

Individual 

RMSE 

1.82 2.46 1.91 2.1 

For the models that did take CYP3A5 genotype into account, patients in the dataset with unknown CYP3A5 

genotype were excluded from the calculations. There were 22 and 62 children contributing data to the 

calculations for the models with and without CYP3A5 genotype as a covariate, respectively. Population values 

arrive from estimates made on the population as a whole. Individual values arrive from model predictions for 

each individual patient. N: number of patients applied in the calculations. Abbreviations: BSA: allometrically 

scaled to body surface area, GOF: goodness of fit, CYP3A5: CYP3A5 genotype included as a covariate, RMSE: 

root mean squared error of prediction. 

Plots of individual PE against age for all the four adult population PK models when they were 

tested on the Pediatric Dataset for Extrapolation are found in Figure 16. Plots A and D 

represent the Improved Model and the Improved Model without CYP3A5, respectively. 
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Figure 16: Plots of individual predictive error (µg/L) against age following extrapolation of four adult population 

pharmacokinetic models to pediatric patients. Plot A and B represent models that included CYP3A5 genotype as 

a covariate. Renal transplant recipients with unknown CYP3A5 genotype and all liver transplanted patients were 

excluded from A and B. Plot C and D represent models that did not take CYP3A5 genotype into account. A: Plot 

for the model that was allometrically scaled to body surface area and included CYP3A5 genotype as a covariate. 

B: Plot for the model without allometric scaling and that included CYP3A5 genotype as a covariate. C: Plot for 

the model that was allometrically scaled to body surface area and did not include CYP3A5 genotype as a 

covariate. D: Plot for the model without allometric scaling and that did not include CYP3A5 genotype as a 

covariate. There were 22 children that contributed data to plot A and B. There were 62 children that contributed 

data to plot C and D. Abbreviations: BSA: body surface area, CYP3A5: CYP3A5 genotype.  

When CYP3A5 genotype was included as a covariate, the model performance increased. The 

adult model with allometric scaling to BSA and CYP3A5 genotype predicted tacrolimus 

concentrations in the pediatric dataset adequately. The corresponding model without 

allometric scaling was more accurate in predicting the youngest children, but the overall 

model performance did not improve significantly. Allometric scaling to BSA was retained in 

the model that included CYP3A5 genotype as a covariate, and a plot of individual PE against 
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age for the model is provided in Figure 17. Renal transplant recipients with unknown CYP3A5 

genotype and all liver transplant recipients were excluded from the plot. This model is 

referred to as the “Improved Model” elsewhere in the master thesis.  

 

Figure 17: Individual predictive error in µg/L plotted against age for the Improved Model, which included 

allometric scaling to body surface area and CYP3A5 genotype as a covariate. Only pediatric renal transplant 

recipients with known CYP3A5 genotype are included in the plot. There were 22 patients that contributed data to 

the plot. Abbreviation: CYP3A5: CYP3A5 genotype. 

 

Regarding the models that did not take CYP3A5 genotype into account, the model without 

allometric scaling was superior to the model that was allometrically scaled to BSA. Figure 18 

provides a plot of individual PE against age for the model without CYP3A5 genotype and 

without allometric scaling. The plot differentiates between patients with different types of 

organ transplants. No apparent differences between the different types of transplanted organs 

are observed. The model without allometric scaling and without CYP3A5 genotype as a 

covariate is elsewhere referred to as the “Improved Model without CYP3A5”. Appendix G-II 

provides the complete model file for the Improved Model without CYP3A5.  
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Figure 18: Individual predictive error in µg/L is plotted against age for the Improved Model without CYP3A5, 

which did not include allometric scaling or CYP3A5 genotype as a covariate. Type of transplanted organ is 

highlighted. Green dots represent renal transplant recipients, blue dots represent liver transplant recipients and 

red dots represent patients that received a combined kidney and liver transplantation. Data from 62 pediatric 

patients was included the plot. Combined: combined kidney and liver transplantation. Abbreviation: CYP3A5: 

CYP3A5 genotype. 

Comments about validation of the Improved Model without CYP3A5 

As previously mentioned, the GOF metrics from internal and external validation of the 

Improved Model without CYP3A5 and the three other adult models that were tested for 

extrapolation are provided in Appendix J-I and J-II, respectively. As a part of the internal 

validation of the Improved Model without CYP3A5, VPC and pcVPC plots of the model were 

created for patients in the Adult Development Dataset receiving Prograf® and Advagraf®. 

The VPC plots are provided in Appendix K (pcVPC plots are not included in the thesis). The 

VPC plots show the same trends as the corresponding plots of the Improved Model, with large 

predicted confidence intervals and poor overlap between the predicted and observed values. 

However, the model-predicted confidence intervals are even larger than for the Improved 

Model. The model robustness was tested in the same way as for the Improved Model. The 

Improved Model without CYP3A5 converged following modifications on the boundaries, 

after initiation with a reduced number of grid points, alterations of convergence criteria and 
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modifications on how NPAG moved on in the grid search (all p-values greater than 0.05). 

This indicates a robust model that converges to similar solutions even though the starting 

conditions have been altered.  

3.4.2 Prospective testing on historical pediatric data 

The Improved Model without CYP3A5 was tested prospectively as only one of the patients 

with data in the immediate phase after transplantation had known CYP3A5 genotype. The PE 

for the consecutive situations of increasing number of known concentrations are shown in 

Table 12. The error tended to decrease with increasing number of concentrations provided to 

the model for about two-thirds of the patients. An extremely high PE was observed for the 

sixth concentration belonging to patient 131. Patient 1011 showed relatively high PE for 

concentrations number three, six and seven. The same was true for the fifth and sixth 

concentration for patient 1017. The fifth concentration from patient 2010 and the seventh 

concentration for patient 2011 had relatively high PE as well. Patient 2019 had high PE for 

concentration number six, while patient 2021 showed high PE at several occasions.  

Table 12: Results from prospective testing of the Improved Model without CYP3A5. The analysis was performed 

in ten pediatric transplant recipients early after transplantation. Predictive error (µg/L) (predicted – observed) is 

provided for prediction of the next tacrolimus concentration when the preceding concentrations were known.  

 PE (µg/L) for concentration no: 

Patient Age 

(years) 

Organ 1 2 3 4 5 6 7 

131 15 Kidney 4.44 
 

4.75 
 

-3.37 
 

-2.09 
 

0.80 
 

24.10 
 

0.12 
 

1002 16 Kidney 2.74 2.49 0.05 -0.63 0.38 -0.49 -0.59 

1004 17 Kidney 2.69 2.19 1.34 2.09 0.94 -1.07 -0.28 

1005 8 Kidney -3.66 -4.28 2.68 1.86 -0.71 0.22 0.12 

1011 11 Kidney -0.34 -1.04 -8.45 -0.12 -0.74 -2.86 -1.21 

1017 14 Kidney -0.98 -3.10 0.78 0.73 1.60 1.64 -0.16 

2010 5 Liver -5.48 -6.90 -0.52 1.15 2.31 1.02 0.20 

2011 8 Liver 0.36 -4.69 -0.99 0.71 1.48 1.26 4.77 

2019 2 

years, 

10 

months 

Liver 0.94 1.01 -1.12 -0.56 -0.47 -1.82 -0.65 

2021 8 

months 

Liver -10.23 -6.42 -5.05 2.21 5.58 1.42 0.68 

Mean PE -0.95 -1.60 -1.47 0.53 1.12 2.34 0.30 
Concentration number is the number of the concentration that was predicted by the model when earlier 

concentrations were known. Organ: type of transplanted organ. Abbreviation: PE: predictive error.   
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3.5 Validation of the combined models 

3.5.1 Internal validation 

The Combined Model  

The Combined Model was initiated with 10 * 80 021 grid points. It converged after 11 632 

cycles to 77 support points. The gamma function was applied in the error term, and the final-

cycle gamma was 1.52. Population prediction values for MEP, RMSE, normalized RMSE and 

imprecision were 0.07 μg/L, 5.76 μg/L, 55.08 % and 85.94 (μg/L)2, respectively. Appendix L-

I provides the complete model file. Plots of the population residuals for the Combined Model 

are provided in Figure 19. Overprediction is observed. The residuals decrease with increasing 

time.  

 

Figure 19: Residuals plots for the Combined Model, which included CYP3A5 genotype as a covariate. Residuals 

are plotted against predicted tacrolimus concentration to the left and against time to the right. Abbreviations: 

pred: predicted concentration, obs: observed concentration.  

Individual PE are plotted against age in Figure 20. Two highly negative PEs are observed. 

The error at approximately -9 µg/L belonged to a 67 years old patient while the error at -7 

µg/L belonged to a 60 years old patient. The high absolute PEs concern concentrations 

measured during the first month after transplantation.  
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Figure 20: Plot of individual predictive error against age for the Combined Model, which included CYP3A5 

genotype as a covariate. CYP3A5: CYP3A5 genotype. 

The Combined Model without CYP3A5 

The Combined Model without CYP3A5 was initiated with 9 * 80 021 grid points. It 

converged after 10 957 cycles to 91 support points. The gamma model was used, and the 

final-cycle gamma value was 1.70. Population prediction values for MEP, RMSE, normalized 

RMSE and imprecision were 0.94 μg/L, 5.45 μg/L, 56.40 % and 80.82 (μg/L)2, respectively. 

The complete model file is included in Appendix L-II. Residual plots for the Combined 

Model without CYP3A5 are shown in Figure 21. The residual plots show overprediction by 

the model, and the residuals decrease with increasing time.  
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Figure 21: Residuals plots for the Combined Model without CYP3A5. Residuals are plotted against predicted 

tacrolimus concentration to the left and against time to the right. Abbreviations: pred: predicted concentration, 

obs: observed concentration. 

Figure 22 plots the individual PE against the age of the patient. The highest PE is at 

approximately 6 µg/L and belonged to a 17 years old liver transplant recipient. The blood 

sample was measured one year after transplantation.   

 

Figure 22: Plot of individual predictive error against age for the Combined Model without CYP3A5. CYP3A5: 

CYP3A5 genotype.  
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3.6 Final note on the results 

The Improved Model made adequate predictions in adults and children. The same was true for 

the Improved Model without CYP3A5. Unfortunately, the Combined Model and the 

Combined Model without CYP3A5 made poor predictions compared to the improved models. 

In an attempt to increase the model performance of the combined models, age was tested as a 

covariate on CL. However, plotting of estimated CL against age did not reveal any apparent 

relationship between age and CL. This was true both for the Combined Model and for the 

Combined Model without CYP3A5. Because of poor results from internal validation of the 

combined models, external validation was not performed.  
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4 Discussion 

In this master thesis, a nonparametric adult tacrolimus population PK model (30) was 

improved and extrapolated to pediatric renal transplanted patients. To the author`s knowledge, 

this is the first time an adult tacrolimus population PK model has been extrapolated to 

children. The model predicted tacrolimus concentrations adequately in both adults and 

children. An alternative model without CYP3A5 genotype as a covariate was developed to be 

used in pediatric patients when the CYP genotype is not known and for liver transplant 

patients when the CYP genotype of the donor is unavailable. Training the improved models 

on combined adult and pediatric data did not provide adequate predictions.  

This chapter is outlined as follows: Section 4.1 will look at general data considerations that 

are relevant to both modeling approaches. Subjects that are specific for the first modeling 

approach (i.e. improvement of the Base Model for extrapolation to children) are discussed in 

section 4.2. Considerations about the second approach (i.e. training the improved models on 

combined adult and pediatric data) are provided in section 4.3. Finally, some thoughts about 

future work and application of the models are given in section 4.4.  

4.1 General data considerations 

4.1.1 The datasets 

External validation can be recognized as the golden standard in model validation (82, 151). 

When an external study with new and independent data is not available, the dataset can be 

split into one development set and one validation set. You could argue that because the 

validation set then will arise from the same sampling as the development dataset used to train 

the model, data splitting does not equal a complete external validation (151). However, the 

model performance on data not used in training the model can be evaluated. A main drawback 

of this approach is the reduced number of individuals for the model to train on. Resampling 

techniques such as bootstrapping and cross-validation can be regarded as advanced internal 

validation techniques. The estimated model performance by using these techniques are more 

robust compared to basic GOF metrics and plotting. One advantage of these methods are that 

the whole dataset can be applied for model training (151). It was not possible to obtain a 

complete external validation in adult patients in this thesis, as an independent adult dataset 
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from another clinical study or transplant center was unavailable. Further on, internal 

validation with bootstrapping or cross-validation was not feasible to perform due to 

challenges related to splitting of the data and long execution time of training the models. The 

adult dataset was consequently divided into one development dataset and one validation 

dataset. The combined adult and pediatric datasets were split for the same reasons. 

4.1.2 Rich data versus trough data 

Intensively sampled tacrolimus data from adults and children was applied in model 

development and validation. You may argue that a model`s prediction capabilities are limited 

to the information content present in the data used to develop it. Consequently, the type of 

data preferred for model development depends on the purpose of the model. If a predictive 

model is trained on C0 data alone, its applications should be restricted to prediction of C0 

data, as it will struggle to represent dynamics not present in the development dataset. In 

addition, Campagne et al. (80) found that for tacrolimus population PK models, intensive data 

sampling was associated with increased model complexity. Such models had more 

compartments and more complex absorption and elimination processes than models 

developed with C0 data (80). You could argue that this is because models of higher structural 

complexity are needed in order to explain the observed dynamics in intensively sampled data. 

Indeed, rich data provides more information about the PK processes than C0 data (24, 30) and 

is preferred if the purpose of the model is to estimate AUC (28). Because AUC is regarded as 

the best marker for therapeutic effect of tacrolimus (20), it was natural to develop population 

PK models with intensively sampled data for AUC estimates as a part of this thesis.   

As previously mentioned, C0 measurements is a part of standard TDM of tacrolimus (20). 

During prospective testing of the Improved Model without CYP3A5, pediatric C0 data was 

used in order to reflect standard of care for tacrolimus therapy at the transplant center.  

4.1.3 Treatment of unknown CYP3A5 genotype  

The Adult Development Dataset 

The Adult Development Dataset included two patients with unknown CYP3A5 genotype. 

These patients got their genotype set to *3/*3, i.e. no expression of active CYP3A5 enzymes, 

in order to avoid missing values in the dataset. Only 5-15 % of Caucasians express active 
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CYP3A5 enzymes (51, 152), so the patients did probably not express active CYP3A5 

enzymes. In the beginning of the modeling process, it was uncertain whether CYP3A5 

genotype would be included in the final model or not. To include as many patients as 

possible, it was therefore decided to register unknown CYP3A5 genotypes as not active 

instead of excluding the patients from the dataset. When CYP3A5 genotype was included as a 

covariate later in the development process, these patients may have introduced extra noise to 

the dataset if they expressed one or two alleles of the active CYP3A5 genotype. This 

uncertainty could have been overcome by excluding the two patients from the Adult 

Development Dataset when CYP3A5 genotype was included in the model. In the pediatric 

datasets and the combined adult and pediatric datasets, patients with unknown CYP3A5 

genotype were excluded when the datasets were applied by models that included CYP3A5 

genotype as a covariate. Looking back, this should probably have been done in the Adult 

Development Dataset as well. However, you could argue that the value of including rich data 

from the patients with unknown CYP3A5 genotype did probably outweigh the potential 

negative effects. Åsberg et al. showed that when the amount of available tacrolimus 

concentrations increased, the CYP3A5 genotype became less important for the model 

predictions (30). It is still possible that the results of the Improved Model would have been 

different if the two patients had not been a part of the Adult Development Dataset when the 

effect CYP3A5 genotype was tested. 

Pediatric liver transplant recipients 

All liver transplanted patients in the datasets were excluded from the analyses of the models 

that included CYP3A5 genotype as a covariate. This was because the CYP genotypes of the 

liver donors were unavailable. Regarding liver transplant recipients in particular, the CYP3A5 

genotype of the donor should be applied in models that include CYP3A5 genotype as a 

covariate. The argument for this is that most of the tacrolimus metabolism takes place in the 

liver (41), and the CYP genotype in the liver will probably affect CL to a great degree. Liver 

transplanted patients can receive a liver that contains another combination of CYP enzymes 

than their original liver, and hence you need the CYP3A5 genotype of the transplanted liver. 
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4.1.4 Inclusion of pseudo-ids 

A patient could have several registered visits at the clinic. There may have been alterations in 

the PK properties of the patient between the visits due to the high intraindividual variability of 

tacrolimus. Despite large changes in the PK properties of tacrolimus between the visits, the 

model can as a maximum estimate one set of parameters for each id in the input data file. This 

might lead to suboptimal parameter estimates for one or more of the visits. You could argue 

that the alterations in the PK properties of patients with several visits would be better 

described by the model with the inclusion of pseudo-ids. For each visit at the clinic, the 

patient would typically be assigned a pseudo-id to distinguish the different visits from one 

another. Hence, the same physical patient could have several pseudo-ids in the dataset. You 

could argue that the inclusion of pseudo-ids is beneficial because pseudo-ids increase the 

possible number of support points made by the model. In turn, the ability to make accurate 

predictions in new patients may improve. A drawback with the inclusion of pseudo-ids, 

however, is the potential of creating dependencies between the subjects within a dataset. The 

pseudo-ids from the same physical patient were placed in the same dataset in order to avoid 

too optimistic results following external validation. The potential negative consequences by 

inclusion of pseudo-ids were regarded as minor compared to the positive effects of having 

additional and potentially more suitable sets of parameter estimates for some of the patients. 

4.1.5 Exclusion of tacrolimus concentrations immediately after 

transplantation 

A prior study performed at the transplant center found the F of tacrolimus in kidney transplant 

recipients to be highly variable during the first 48 hours after transplantation. The tacrolimus 

concentrations from this period were difficult to model and had to be treated differently than 

the rest of the concentrations when a population PK model was developed (84). In addition, it 

is not clinically relevant to adjust the dosage of tacrolimus before 48 hours after 

transplantation because the patient will not have reached steady state conditions yet. 

Consequently, tacrolimus samples from the 48 first hours after transplantation were excluded 

from all datasets applied in this master thesis. Because the predictive performance of the 

models during the 48 first hours after transplantation is not known, they should not be used in 

guiding tacrolimus dosing for this period. 
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4.1.6 Estimates of bioavailability and clearance 

The models in this master thesis estimated absolute F. Because no data from intravenous 

tacrolimus administration was available, the absolute F was not known. Consequently, the 

effect of F is difficult to fully separate from the effect of CL. It is possible that covariates 

describing variation in F also describe variation in CL to a certain degree, and vice versa. 

Parameter estimates for F and CL should be interpreted with care, as the values probably 

deviate from the absolute values of F and CL.   

4.1.7 Choice of modeling approaches 

Parametric versus nonparametric modeling approach 

In this master thesis, a nonparametric modeling approach was chosen above a parametric 

approach. Subpopulations affecting the PK properties of a drug, such as genetic variations and 

gender, are likely to exist in a patient population. The main reasons to choose a nonparametric 

modeling approach were the increased ability to discover unsuspected subpopulations and to 

better describe the true parameter distribution compared to a parametric approach (88, 90).  

Modeling approach with respect to available data 

You could argue that a model for children should be developed on pediatric data only, mainly 

due to observed differences in the PK of tacrolimus in adults and children (65). In order to 

develop a model with high predictive power, you typically want as much relevant data as 

possible (82). As previously discussed, intensively sampled data will increase the ability of 

the model to describe PK processes more detailed compared to less intensively sampled data. 

Unfortunately, it is difficult to obtain rich PK data from pediatric patients because of practical 

and ethical constraints (86). Rich pediatric patient data available for this thesis was limited. 

Consequently, rich adult PK data was applied, and the model was extrapolated to pediatric 

patient data.  

The Base Model showed great results in adult renal transplanted patients (30, 71). 

Nevertheless, preliminary investigations at the transplant center observed that extrapolation of 

the Base Model to children did not provide satisfactory results. It was consequently decided to 

improve the model by training it on more rich patient data. This would probably lead to a 
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more detailed description of the PK processes and facilitate more satisfactory results for 

extrapolation to children.   

4.2 The first modeling approach – Improvement of 

the Base Model for extrapolation to children 

4.2.1 Covariate inclusion  

As previously mentioned, covariate inclusion was based on a combined empirical and 

theoretical approach. Model performance, literature and results from earlier developed 

tacrolimus population PK models were used to decide whether to include a covariate or not. 

Because the number of patients in the Adult Development Dataset was limited, there may be 

trends in the population as a whole that are not caught by the data. In order to describe a new 

population with the highest accuracy, covariates can consequently be included based on 

plausibility only, even though the model performance on the development data does not 

improve. The generalizability to patients not seen by the model may increase, which is an 

advantage when the model is to be used for predictions.  

Allometric scaling and hematocrit were included in the Improved Model based on 

plausibility. Because of extrapolation to children, BSA as a measurement for body size was 

thought of as important to investigate. Previous findings at the transplant center indicate that 

tacrolimus population PK models in children do not necessarily improve with allometric 

scaling. Consequently, a corresponding model without scaling was also evaluated. The model 

results were compared to results from corresponding models scaled to BSA, FFM and BMI, 

respectively.  

Type of tacrolimus formulation, CYP3A5 genotype and txt were included in the Improved 

Model based on plausibility. In order to describe changes in F, CL and Tlag with increasing 

txt, the covariate describing days after transplantation was binned into three groups. The 

groups differentiated between day zero-13, day 14-42 and day 43 and beyond, respectively, 

and were based on results from a prior study performed at the transplant center (71). 

Alternatively, txt could have been included as a continuous covariate. This would reduce the 

number of parameters in the model and might increase the model stability. Unfortunately, txt 

as a continuous covariate was not investigated thoroughly due to time constraints.  
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Prednisolone dose as a covariate on F and CL, respectively, were not included in the final 

model. It is possible that the study population was unable to reflect the effect of steroids. The 

variations in steroid dose might have been too small or there were not enough patients in the 

Adult Development Dataset. Moreover, because the PK of prednisolone vary between 

individuals, the prednisolone dose does not necessarily reflect the interaction well (153). 

Further on, the full effect of steroid administration on tacrolimus PK is not immediate, as 

shown by Anglicheau et al. (154). The model in this thesis tried to link administered 

prednisolone dose to immediate variations in the PK parameters, and potential long-term 

effects might have been overlooked. The effect of prednisolone dose on F was not found 

significant during stepwise deletion. Due to standard dose reduction with increasing txt, the 

effects of steroid dose and postoperative day on F are correlated. It is reasonable to assume 

that postoperative day describes variation in F both due to altered steroid dose and other 

unknown factors. The effect of prednisolone dose on tacrolimus CL was not found significant 

during the covariate inclusion process. One clinical study observed increased systemic 

exposure of tacrolimus following steroid withdrawal in renal transplanted patients, and the 

authors concluded that this was due to reduced CL (155). Other clinical studies in renal 

transplant recipients report of increased tacrolimus CL with increasing doses of steroid (42, 

58, 156). Nonetheless, Boswell et al. found no relationship between tacrolimus CL and steroid 

dose in bone marrow transplant recipients (157). Plotting of the data during the development 

stage in this thesis suggested that steroid dose had a weak positive effect on estimated CL 

before CYP3A5 genotype was included as a covariate on CL. After the inclusion of CYP3A5 

genotype in the model, there was on the contrary a weak negative effect of steroid dose on the 

estimated CL. If CYP3A5 genotype explained most of the observed variations in tacrolimus 

CL, it might have been that the rest of the variation to a less degree could be described by the 

prednisolone dose.  

The model performance increased during covariate inclusion. Both population and individual 

prediction values were evaluated, and the population values were affected the most. These 

values arrive from model predictions made when no prior tacrolimus concentrations are 

applied. Inclusion of covariates will therefore typically increase the ability of the model to 

make more accurate predictions. However, when individual predictions are made, the model 

will take prior information for each individual in the dataset into account. Individual 

prediction values will to a high degree depend on the amount and quality of available drug 

concentrations. You could argue that if detailed drug concentration information is provided, 
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especially in the form of rich data, the effect of including covariates will only affect the 

individual predictions to a small extent. The reason why the population prediction values were 

affected more than the individual prediction values during covariate inclusion is most likely 

due to the application of rich data. 

Additional covariates to the ones investigated in this thesis can potentially describe variations 

in the PK of tacrolimus. Some examples are food intake (158, 159), albumin concentrations 

(58), liver function, ethnicity and P-gp activity (42, 160). If these covariates had been tested, 

it might have improved the models further. However, because all the patients in the datasets 

were fasting, the effect of food intake could not be investigated. The other examples listed 

above and more were not available in the datasets. It would require a new clinical study to 

obtain these data points, which was outside the scope of the present thesis. Moreover, the 

covariates not investigated were not found significant in most of the earlier developed 

tacrolimus population PK models (80), and the benefit of obtaining these data points is hence 

not confirmative.  

4.2.2 Validation of the Improved Model  

Visual predictive checks 

Different dosing intervals due to the use of both the twice- and once-daily formulations of 

tacrolimus, i.e. Prograf® and Advagraf® for patients in the dataset result in some extra noise 

when the predicted and observed values are plotted against time after dose in the VPC plots. 

Consequently, separate VPC plots for the two formulations were created for the Improved 

Model, one including patients receiving Prograf® and one including patients receiving 

Advagraf®. The VPC plots of the Improved Model showed that there was not a complete 

overlap between the observed and predicted tacrolimus concentrations, and the model-

predicted interpercentile range increased with time after drug administration. This is typically 

seen when VPC plots are made for adaptive data and/or when covariates are included in the 

model, which was true for the models in this thesis. Because the predictions made by the 

model do not take variability caused by covariates and dose adaptations into account, the 

predicted confidence intervals increase with time (93). The corresponding VPC plots of the 

Improved Model without CYP3A5 had larger predicted confidence intervals than the plots of 
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the Improved Model, which supports that the Improved Model were superior on adult patient 

data.  

In addition to ordinary VPC plots, pcVPC plots were assessed. An advantage with pcVPC 

plots is that they incorporate variability from variations in covariates included in the model in 

the simulations (93). The pcVPC plots of the Improved Model showed somewhat better 

overall overlap between the observed and predicted tacrolimus concentrations, but poorer 

median concordance compared to the VPC plots. This might indicate a time after dose-related 

misspecification in the model. You could argue that inclusion of txt as a continuous covariate 

instead of binning it into three periods may improve the model performance, as the model 

stability might increase. Ideally, NPDE plots should have been created as a part of the internal 

model validation. However, the software did not support NPDE plots for the models, and the 

internal validation had to be performed without these plots. 

Model robustness 

During testing of model robustness, the Improved Model was neither able to converge after 

modifications of the parameter intervals nor when a reduced initial number of grid points in 

NPAG was tested. This indicates that the model is not as robust as it could have been. One 

possible reason is that too many parameters were included in the model. When some 

parameter intervals change, all the other parameter estimates are affected. Consequently, it 

can be difficult to find an optimal combination of parameter values. Moreover, the Improved 

Model without CYP3A5, which included less parameters than the Improved Model, did 

converge for the same robustness tests. Implementing txt as a continuous covariate instead of 

binning it into three different periods would reduce the number of parameters and may 

increase model robustness. An altered number of initial grid points changes the starting point 

for the grid search. The optimal combination of parameter values can therefore be overlooked 

if it is not tested during the search in NPAG. You could argue that if the models had been 

developed with an increased number of initial grid points, the modifications in parameter 

intervals would probably not be as critical. Unfortunately, the hardware applied could not 

handle more initial grid points. Still, GOF plots and metrics from internal model validation 

suggested that the Improved Model described the patients in the Adult Development Dataset 

well. The estimated parameter values are in agreement to earlier parameter estimates in 

similar tacrolimus population PK models developed in adult renal transplant recipients. Even 
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though the estimated PK parameter values vary greatly between the earlier models, the 

Improved Model does not increase the variation further (79). The external validation in adults 

showed accurate predictions made in new patients, and the model was superior to the Base 

Model. 

4.2.3 Model extrapolation to pediatric transplant patients 

The Improved Model and Improved Model without CYP3A5 showed good performance in 

both adult and pediatric transplant recipients. Due to the observed differences in the PK of 

tacrolimus between adults and children, it was unexpected that the extrapolation would be 

successful. Preliminary investigations at the transplant center indicated that an extrapolation 

of the Base Model to children would not be promising. You could argue that the inclusion of 

rich data in the Improved Model and the Improved Model without CYP3A5 is an important 

reason for why the extrapolation to children was successful. As rich data allows for a more 

detailed description of the PK properties, the model is better suited to predict concentrations.  

Maturation functions can be included in models in order to reflect the maturation of organ 

function in for example the liver and kidneys. This is recommended for population PK models 

to be applied in young children, especially neonates and infants (161). Despite the absence of 

maturation functions in the models, the results from extrapolation were promising. The reason 

is possibly the limited number of patients younger than two years in the Pediatric Dataset for 

Extrapolation (n=1). Hence, the models should not be applied in children below this age. 

Effect of allometric scaling 

A data driven approach based on the overall model performance was applied in order to 

decide whether to include allometric scaling to BSA in the model or not. Consequently, 

allometric scaling to BSA was only included in the Improved Model. There are several 

reasons to include allometric scaling in a population PK model to be extrapolated to children. 

First, the relative variations in body size can be very high. Because allometric scaling relates 

physiologic processes including CL and Vd to body size (87), it is plausible to apply this in a 

pediatric population PK model (86, 161). Further on, body size can hide the effect of other 

important covariates if it is not included in the model (86). This can result in a lack of 

significant covariates in the final model. Regarding the models in this thesis, this is a minor 

concern because BSA was removed after the significant covariates had been included. Finally, 
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body size has been identified as a significant covariate in describing the PK of tacrolimus in 

children. Earlier developed pediatric population PK models for tacrolimus tend to include 

body size as a covariate (Appendix A). However, pediatric tacrolimus population PK models 

that do not take body size into account have also been developed. Two models developed in 

renal transplant recipients (103, 122), three models in liver transplant recipients (102, 115, 

116) and one model developed in heart transplant recipients (101) do not include body size. 

Prior results at the transplant center suggest that a model that does not take body size into 

account is superior in pediatric patients. 

The Improved Model without CYP3A5 was evaluated with a higher number of children than 

the Improved Model (n=62 and n=22, respectively). You could argue that the decision of not 

including BSA might therefore be more valid. In addition, the Improved Model showed 

reduced ability to predict tacrolimus concentrations in the younger children compared to the 

corresponding model without allometric scaling, and the results in Table 11 suggest that no 

scaling improved model performance slightly also when CYP3A5 genotype was included in 

the model. However, the Improved Model with allometric scaling was superior in adults. The 

results in the adult population might be more reliable because of increased amount of data 

compared to the pediatric data applied for model extrapolation. Moreover, the differences 

between the models with and without allometric scaling were not large in the pediatric 

population. After an evaluation of the overall model performance in both adults and children, 

it was decided to retain allometric scaling to BSA in the Improved Model. Still, the results 

suggest that allometric scaling of the tacrolimus population PK model is not very important 

for model extrapolation to children. The absolute values of tacrolimus CL seem to be quite 

similar in children and adults despite differences in body size. It will therefore be necessary to 

re-evaluate the inclusion of allometric scaling in the Improved Model when more data from 

pediatric patients is available.  

Different types of transplanted organs 

The main purpose of the master thesis was to develop a model suitable for TDM in pediatric 

kidney transplant recipients. The model performance was also evaluated in pediatric liver and 

combined kidney and liver transplant recipients because of available patient data. Moreover, 

these patients make up an important proportion of transplanted children. The Improved Model 

without CYP3A5 showed promising results in both kidney, liver and combined kidney and 
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liver transplant recipients. You could assume that the PK properties of tacrolimus to a certain 

degree will depend on the type of transplanted organ, and different estimated PK parameter 

values have been reported (42). However, liver transplant recipients receive a healthy liver, 

and kidney transplanted patients will also have a healthy liver. The CL should consequently 

be quite similar. Type of transplanted organ did not seem to affect the PK properties of 

tacrolimus according to results from this master thesis.        

4.2.4 Prospective testing on historical pediatric data 

The overall trend during prospective testing of the Improved Model without CYP3A5 on 

pediatric data was decreased individual PE when the number of available tacrolimus 

concentrations increased. When more information about a patient becomes available, the 

model is better suited to make individualized predictions in that patient. This is probably why 

the error was smaller when more concentrations were known. Still, even though previous 

concentrations were available, some concentrations were associated with high individual PEs. 

In general, the registered sampling times for C0 data can be imprecise, as the exact time since 

the previous drug administration might be unknown. Moreover, the analysis was based on 

historical data. It is hence possible that factors influencing the tacrolimus C0 such as 

alterations in drug regimen and rejection episodes failed to be registered. Finally, the PK of 

tacrolimus is more variable during the first period after transplantation (58, 162). It is 

therefore more challenging for a model to make accurate predictions in this period of time 

compared to periods when the patients are in a more stable phase. Altogether, this could 

explain some of the high PEs. The two pediatric patients associated with the highest PEs are 

discussed more closely.   

Regarding patient 131, an extremely high PE (24.10 µg/L) for the sixth concentration was 

observed. This sample had been taken on day 18 following transplantation, which was four 

days after the previous tacrolimus sample for that patient. There might have been changes in 

the tacrolimus PK properties during those four days due to the high intraindividual PK 

variability of the drug. The txt-covariate in the model differentiated between day zero-13, day 

14-42 and day 43 and beyond. Only one concentration measured within the same time interval 

(day 14) was available when the sixth concentration was estimated. Model parameter 

estimates for the previous sample might not have been representative for the sixth 

concentration, which could result in poor predictions. If txt had been included as a continuous 
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variable, the prediction might have been more accurate. The seventh concentration for the 

same patient was predicted accurately by the model. When the sixth concentration is already 

known, the model will take this information into account and adjust the new prediction 

thereafter. This might explain why only the sixth concentration was predicted inaccurately.  

Several concentrations from patient 2021 were poorly predicted by the model. This is 

probably due to the young age of the patient, who was only eight months old when the 

samples were taken. Regarding the fifth concentration in this patient, the predicted 

concentration was 7.63 µg/L while the observed concentration was 2.05 µg/L. The blood 

sample was taken after a dosage reduction of tacrolimus. Moreover, the patient started on 

steroids, which could reduce the observed C0 due to increased CL and/or reduced F. The 

model did not take steroid dose into account. Alterations in drug regimen can be the reason 

why the PE was extra high for the fifth concentration in this patient. 

Only the Improved Model without CYP3A5 was tested prospectively on historical data. 

Unfortunately, the Improved Model could not be tested in the same way due to lack of data 

from pediatric patients with known CYP3A5 genotype from the early period after 

transplantation (n=1). An alternative way of testing could be to use data from later after the 

operation day. However, as the PK properties of tacrolimus vary greatly during the first 

period after transplantation, results from later on would not necessarily be representative. It 

was decided to only test the Improved Model without CYP3A5 and assume that the Improved 

Model would achieve similar predictive performance if tested. 

The results from prospective testing on historical pediatric data were promising. However, 

they did not live up to the somewhat ambitious criterion of an absolute MEP ≤ 0.5 μg/L from 

the fourth tacrolimus concentration and onward (144). The models should also be tested 

prospectively in pediatric transplanted patients at the clinic.    

4.3 The second modeling approach – Model 

development on combined adult and pediatric data 

The Combined Model and the Combined Model without CYP3A5 were less precise and 

accurate than the models developed in adults. The main reason is probably that the number of 

starting grid points was too low when the combined models were trained, given the high 

number of patients and measured concentrations. Too few starting points could result in less 
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accurate parameter estimates (90). As the amount of patient information in the dataset 

increases, an increased number of initial grid points is recommended. However, larger 

datasets are more computational expensive to run than smaller datasets. In fact, the Combined 

Development Dataset without CYP3A5 was so large that the initial number of grid points had 

to be reduced in order to run the program. This was a direct consequence of limitations in the 

hardware applied. A more powerful supercomputer could possibly solve the task, but it was 

outside the scope of this master thesis to test this.  

In general, more patient data will improve a population PK model. However, the “garbage in, 

garbage out” rule always applies (82). When poor-quality data is provided to the model, the 

result will also be poor. In the present thesis, the number of samples per patient was 

significantly higher for the adult data than for the pediatric data in the combined development 

datasets. Indeed, more intensive sampling provides more information about the PK of 

tacrolimus than less sampling (24, 30). Even though sparse data was excluded, some of the 

pediatric patients had only two tacrolimus samples registered for the same day. You could 

argue that lack of intensively sampled pediatric data might have been a contributing factor to 

the reduced performance observed for the combined models.  

This is not the first time a combined adult and pediatric tacrolimus population PK model 

shows poor predictive performance. Nanga et al. (127) developed a meta-model that included 

data from both adult and pediatric kidney and liver transplant recipients. Data from adult 

heart, lung and kidney transplant patients, respectively, were used for model validation. High 

PEs were observed. This is in line with findings in this thesis, and it suggests that there might 

be challenges concerning development of combined adult and pediatric tacrolimus models. 

However, it is uncertain if the poor predictive performance of the model in (127) and of the 

combined models in the present thesis were caused by the same reasons. 

4.4 Future perspectives 

It was not possible to perform a complete external validation of the improved models in this 

thesis, as an independent set of adult patient data was unavailable. In the future, the models 

should be externally validated on adult patient data from another clinical study or transplant 

center. Moreover, the models were trained on data from oral administration of tacrolimus. In 

order to get more reliable parameter estimates of F and CL, data from both oral and 
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intravenous tacrolimus administration in the same patient must be available. The models 

should consequently be trained on this kind of data when possible. Further on, the results 

from this master thesis show that the role of allometric scaling in extrapolation of tacrolimus 

population PK models to pediatric patients is unclear. More studies are needed in order to 

gain more knowledge. Inclusion of allometric scaling in the Improved Model should be re-

evaluated when more pediatric data is available.  

The improved models seemed to make accurate predictions across all ages. However, the data 

from patients younger than five years was limited (n=9 for all patients, n=2 with known 

CYP3A5 genotype). The promising results in this group of children can be due to chance. 

Moreover, high PEs were observed for predictions in an eight months old patient during 

prospective testing of the Improved Model without CYP3A5. The models should not be used 

for predictions in patients younger than two years, and they should be used carefully in 

patients that are two-five years old.  

A recent study performed in pediatric renal transplant recipients experienced rather poor 

predictive performance in a real-world setting after a tacrolimus population PK model had 

been approved through internal and external validation (121). You could argue that 

prospective testing in pediatric transplant recipients at the clinic is necessary before pediatric 

population PK models are used routinely. Despite the promising results from model 

extrapolation and prospective testing on historical data for the models in this thesis, the effect 

of txt on tacrolimus PK should be investigated more closely before the models are tested 

prospectively in children. Ideally, the underlying mechanisms for the “txt-effect” should be 

implemented in the models, which was also tried in the present thesis, but so far it has not 

been possible to disentangle exactly what effects contribute to this effect. Some improvement 

may, however, be possible if only being able to find a proper way to include the “txt-effect” 

as a continuous covariate instead of binning it into several groups. This may increase model 

robustness due to a reduced number of parameters and possibly improve model predictions 

for patients. The applied software did not support plotting of VPC and pcVPC during the time 

of model development. This functionality was implemented in parallel with the writing of this 

thesis and made available in May present year. Consequently, the improved models were 

tested on pediatric patient data even though the retrospectively added VPC and pcVPC plots 

indicated that some further model improvement is necessary.  
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5 Conclusion 

In conclusion, an adult tacrolimus population PK model was successfully extrapolated to 

pediatric renal transplant recipients. A model to be used in pediatric renal transplant patients 

with known CYP3A5 genotype was developed. An alternative model for pediatric patients 

with unknown CYP3A5 genotype was also developed. Both models were able to estimate 

tacrolimus concentrations adequately in pediatric transplant recipients, making it unnecessary 

to develop a model in children alone in the present thesis. Regarding pediatric liver transplant 

recipients, the model for patients with unknown CYP3A5 genotype should be applied. The 

models should not be used in patients younger than two years, and if the models are applied in 

patients that are two-five years old, extra attention should be paid. Despite the promising 

results, some refinement of the models is necessary before they should be tested prospectively 

in pediatric patients at the clinic. It can then be concluded whether the models are ready for 

routinely use in the TDM of tacrolimus.  
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Appendices 

Appendix A: Overview of tacrolimus population pharmacokinetic models 

developed in pediatric populations 

 

Study 

(reference) 

Transp

lant 

type 

N Age (years) 

mean 

(range) 

Weight (kg) 

mean 

(range) 

Txt 

mean 

(range) 

Structural 

model 

Sample 

type 

Covariates 

included 

Modeling 

software 

Andrews et 

al. (121) 

Kidney 95 Median 11.4 

(1.6-17.9) 

Median 32 

(10.4-87.5) 

0-42 2 

compartments, 

1st order 

absorption 

Trough 

and 

rich 

Body weight, 

CYP3A5 genotype, 

hct, serum 

creatinine 

NONMEM® 

Andrews et 

al. (100) 

Kidney 46 Median 9.1 

(2.4-17.9) 

Median 28.4 

(11.6-83.7) 

First 6 

weeks 

2 

compartments, 

1st order 

absorption  

Trough 

and 

rich 

Body weight, 

CYP3A5 genotype, 

donor 

(living/deceased), 

hct, eGFR 

NONMEM® 

Jacobo-

Cabral et 

al. (122) 

Kidney 53 14.6 (2-19) 48.2 (11.2-

75.5) 

392 (50-

1230) 

2 

compartments, 

1st order 

absorption 

with a lag-time 

Rich CYP3A5 genotype, 

tacrolimus 

formulation, 

tacrolimus dose 

NONMEM® 

Lalan et al. 

(103) 

Kidney 56 13 (16 

months-20.1 

years) 

NA 1st year  Linear mixed 

model 

Trough Age, CYP3A5 

genotype, 

corticosteroids 

(prednisone), azoles 

(clotrimazole/itraco

nazole) 

SAS® 

Prytula et 

al. (123) 

Kidney 54 Median 11.1 

(3.8-18.4) 

Median 38.6 

(15-86) 

Median 

16.2 

months 

(11.4-

124 

months) 

2 

compartments, 

1st order 

absorption 

Rich Body weight, 

CYP3A5 genotype, 

hct, GGT 

NONMEM® 

Sherwin et 

al. (105) 

Kidney 38 11.3 (4.5-19) 29.6 (13.5-

53) 

1-22 

months 

Markov chain 

model 

Trough Body weight, 

CYP3A5 genotype 

SAS® 

Zhao et al 

(106) 

Kidney 50 10 (2-18) 30.1 (10.6-

62) 

21 (7-54) 2 

compartments, 

1st order 

absorption 

Trough 

and 

rich 

Body weight, 

CYP3A5 genotype, 

hct 

NONMEM® 

Zhao et al. 

(107) 

Kidney 22 15.2 (5.6-

22.8) 

45.2 (16.7-

70) 

1950 

(193-

4983) 

1 

compartment, 

1st order 

absorption, 1st 

order 

elimination 

Trough 

and 

rich 

Body weight, 

CYP3A5 genotype 

NONMEM® 

Almeida-

Paulo et al. 

(113) 

Kidney 

or liver 

41 13.0 (4-17) 45.3 (15.1-

67.5) 

Median 

7.8 years 

(1.5-15.5 

years) 

NCA Rich NA NA 

Abdel Jalil 

et al. (119) 

Liver 43 5 (0.65-

17.56) 

21.6 (6.06-

69.95) 

153 (15-

364) 

1 

compartment, 

1st order 

Trough Body weight, txt, 

CYP3A5 genotype 

NONMEM® 
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absorption, 1st 

order 

elimination 

Delaloyle et 

al. (108) 

Liver 18 Median 12 

(0.4-16.9) 

Median 34.7 

(4.5-61.3) 

Median 

24.1 

months 

(0.5-

166.2 

months) 

NCA Rich NA SAS® 

Fukudo et 

al. (114) 

Liver 100 Median 1.2 

(0.1-15) 

Median 8.6 

(3.4-61) 

Follow-

up 1-50  

1 

compartment, 

1st order 

elimination 

Trough Body weight, txt, 

CYP3A5 genotype, 

ASAT, level of 

intestinal MDR1 

mRNA.  

NONMEM® 

Guy-

Viterbo et 

al. (109) 

Liver 114 3.3 (0.15-

15.84) 

14  Follow-

up 1-90 

2 

compartments, 

1st order 

absorption,  1st 

order 

elimination 

Trough Age, body weight, 

txt, donor CYP3A5 

and CYP3A4 

genotype, 

fluconazole   

NONMEM® 

Guy-

Viterbo et 

al. (110) 

Liver 42 Median 1.35 

years (0.53-

10.93) 

Median 

10.20 (5.5-

31.4) 

Follow-

up day 1-

1st year  

2 

compartments, 

1st order 

absorption, 1st 

order 

elimination 

Trough Body weight, txt, 

hct, ratio liver 

transplant size : 

body weight 

NONMEM® 

Kassir et al. 

(120) 

Liver 30 Median 7.3 

(0.4-18.4) 

Median 20.4 

(4.5-57.8) 

Median 

2.5 

months 

(0.5-

188.2 

months) 

2 

compartments, 

1st order 

absorption 

with lag-time, 

1st order 

elimination 

Rich Body weight NONMEM® 

Musuamba 

et al. (104) 

Liver 82 Median 0.96 

(0.3-14.1) 

Median 9 

(5.3-66.8) 

Follow-

up 1-15  

1 

compartment, 

1st order 

absorption, 1st 

order 

elimination 

Trough Body weight, txt, 

hct, ratio liver 

transplant size : 

body weight, use of 

CYP3A inhibitors 

NONMEM® 

Riva et al. 

(97) 

Liver 40 Median 2.2, 

(0.5-17.6) 

Median 16.3 

(6-75) 

Follow-

up 30 

days-2 

years  

Linear Mixed 

Effect model 

Trough Body weight, txt, 

CYP3A5 genotype, 

ALAT 

R 

Sam et al. 

(117) 

Liver 16 3.7 (1.1-13.9 

) 

12 (6.9-20.5) NA 1 

compartment, 

1st order 

absorption, 1st 

order 

elimination 

NA Age, body weight, 

body surface area, 

total bilirubin 

NONMEM® 

Sanchez et 

al. (118) 

Liver 18 Median 9.1 

(4 months-

16 years) 

Median 28 

(5.8-70) 

Median 

follow-

up 87 

days  

after 

treatment 

initiation 

(2 

months-4 

years) 

1 

compartment, 

1st order 

elimination 

Trough Body weight, time 

after treatment 

initiation, bilirubin, 

ALAT 

NONMEM® 
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Staatz et al. 

(115)  

Liver 35 5.7 (0.5-

16.6) 

20.2 (6.4-

43.5) 

382 (7-

1464)  

1 

compartment, 

1st order 

absorption, 1st 

order 

elimination 

Trough 

(majori

ty) 

Age, transplant 

type (whole/cut-

down liver), ASAT 

NONMEM® 

Staatz et al. 

(116) 

Liver 35 5.7 (0.5-

16.6) 

20.2 (6.4-

43.5) 

382 (7-

1464)  

1 

compartment, 

1st order 

absorption, 1st 

order 

elimination 

Trough 

(majori

ty) 

Transplant type 

(whole/cut-down 

liver) 

P-PHARM® 

Wallin et al. 

(111) 

Liver 73 Median 42 

months (5-

203) 

Median 15,4 

(4-80) 

Follow-

up 1st 

year  

1 

compartment, 

1st order 

absorption, 1st 

order 

elimination 

Trough 

(majori

ty) 

Body weight, txt NONMEM® 

Wang et al. 

(99) 

Liver 41 2.2 (0.4-

10.7) 

11.47 (5-45)

 

  

92.3 

(2-733) 

1 compartment 

1st order 

absorption 

 

Trough Body weight, txt, 

Whuzi capsule, 

fluconazole, 

Aspirin 

NONMEM® 

Yang et al. 

(102) 

Liver 52 NA NA NA 1 

compartment, 

1st order 

absorption, 1st 

order 

elimination 

NA Txt, ALAT, total 

protein 

NONMEM® 

Yasuhara et 

al. (124) as 

cited in (99) 

Liver 33 4.2 (0.3-15) NA 52 NA NA Body weight, txt NA 

Rower et al. 

(101) 

Heart 30 Median 5.7 

(0.1-17.7) 

Median  

28.9 (7-77.2) 

Follow-

up 6 

weeks 

1 

compartment, 

1st order 

absorption and 

1st order 

elimination 

Trough Age, fluconazole, 

creatinine CL 

NONMEM® 

Wallin et al. 

(112) 

Hemato

poietic 

stem 

cells 

22 Median 6 

(0.5-18) 

Median 24 

(7-92) 

Median 

95 days 

(27-393) 

1 

compartment, 

1st order 

absorption 

Trough 

(majori

ty) 

Body weight, txt, 

serum creatinine 

NONMEM® 

Wang et al. 

(98) 

Hemato

poietic 

stem 

cells 

17 2.58 (0.60-

6.38) 

10.57 (5.5-

23) 

44.98 (1-

228) 

1 

compartment, 

1st order 

absorption and 

1st order 

elimination 

Trough Body weight, 

ursodeoxycholic 

acid 

NONMEM® 

Trough samples are blood samples taken immediately before the next tacrolimus dose is administered. Rich 

samples are defined as three or more tacrolimus blood measurements registered in the same dosing interval. N: 

number of patients. Abbreviations: txt: time after transplantation in days if nothing else mentioned, CYP: 

cytochrome P450 enzyme, hct: hematocrit, NA: not available, eGFR: estimated glomerular filtration rate, GGT: 

gamma-glutamyl transferase, NCA: Non-compartmental analysis, ASAT: aspartate aminotransferase, MDR1: 

multidrug resistant 1 (the P-glycoprotein efflux pump is encoded by the MDR1 gene), mRNA: messenger 

ribonucleic acid , ALAT: alanine aminotransaminase, CL: clearance. 
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Appendix B: Example of a model file in Pmetrics 

 

 

#PRI 
Ka1, 0.2, 3.5 
V0, 10, 500 
CL0, 4, 60 
Q0, 10, 200 
Vp0, 80, 3500 
Tlag1, 0, 2 
F1, 0.001,1 
 
#COV 
STER 
WTKG 
HT 
TXT 
HCT 
AGE 
CYP 
FORM 
BMI 
 
#SEC             
CL= CL0 *  39.7  
Q = Q0 * 39.7         
VP = Vp0 * 39.7     
V = V0  * 39.7      
KE = CL/V 
KCP = Q/V 
KPC = Q/VP 
 
Ka=Ka1 
 
#F 
FA(1) = F1  
 
#LAG 
TLAG(1)=Tlag1 
 
#OUT 
F = X(2)/V 
 
CU = F 
BMAX = 4.18 
KD = 3.8 
CB = CU * HCT * BMAX / (CU + KD) 
 
CONC = CU + CB 
 
Y(1)  = CONC 
 
 

#PRI: Primary variables to be estimated by 
the model and their corresponding lower 
and upper boundary values. The developer 
defines the boundaries for all primary 
variables. The model searches for parameter 
values inside those boundaries.  

#COV: Covariates in the input datafile are 
listed in the right order. The covariates can 
be applied in equations later in the model 
file. 

#SEC: The secondary variables are calculated 
based on estimated values of the primary 
variables and the covariates provided in the 
input data file if included in the equations. 
The clearance and volume of distribution 
terms are adjusted by the median 
hematocrit value in the development dataset 
(36 %).  

#F: The bioavailability is calculated based on 
estimated values for the primary variables 
and the covariates in the input data file if 
included in the equation.  
 
#LAG: The absorption lag time is calculated 
in the same way as the bioavailability and 
the secondary variables.  
 
#OUT: The tacrolimus concentration. The 
concentration is adjusted by the hematocrit 
value, which is provided in the input data 
file. The equation is explained in the main 
section.  
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Abbreviations: Ka1: Estimated absorptions rate constant, V0: estimated volume of distribution, CL0: estimated 

clearance, Q0: estimated intercompartmental clearance, Vp0: estimated periphere volume of distribution, Tlag1: 

estimated absorption lag time, F1: estimated bioavailability, STER: steroid dose in mg, WTKG: body weight in 

kg, HT: height, TXT: time after transplantation in days, HCT: hematocrit in percent, AGE: age in years, CYP: 

CYP3A5 genotype. 1=expressor of active CYP3A5 enzymes, 0=not expressor of active CYP3A5 enzymes, 

FORM: tacrolimus formulation type. 1=Prograf®, 2=Advagraf®, BMI: body mass index, CL: clearance, Q: 

intercompartmental clearance, VP: periphere volume of distribution, V: volume of distribution, KE: elimination 

rate constant, KCP: rate constant for transport from central compartment into periphere compartment, KPC: rate 

constant for transport from periphere compartment back into central compartment, Ka: absorption rate constant, 

FA(1): bioavailability formula, Tlag: absorption lag time, F: bioavailability, CU: unbound tacrolimus 

concentration, BMAX: constant for tacrolimus binding to red blood cells,  KD: association constant, CB: bound 

tacrolimus concentration, CONC: whole blood tacrolimus concentration. 

 

  

#ERR 
G=10 
0.2020500379, 0.0043193912, 0.0006024496,0 

 

#ERR: The error term is described. G is the 
gamma function, while L equals the lambda 
function. The initial value is defined by the 
developer. The four proceeding numbers 
make up the error polynomial, and the 
numbers depend on the analysis method 
used by the local laboratory. 
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Appendix C: Study protocol for the PedTac study, version 5, 2013.10.14 

 

The PedTac study 

Development of a pediatric pharmacokinetic population model for Tacrolimus  
 

 

Project participants 

Project leader and sponsor: Dr. Anna K. Bjerre, Oslo University Hospital, Rikshospitalet  

Co-investigators: 

Dr. Truls Sanengen, Oslo University Hospital, Rikshospitalet 

Professor Anders Åsberg, School of Pharmacy, University of Oslo  

Responsible research institution (forskningsansvarlig): Oslo Universitetssykehus 

Project participants: 

 Sindre Tokheim, School of Pharmacy, University of Oslo 

 Runar Almaas 

 Trine Tangeraas 

 Cathrine Kjeldby Høie, Pharmaceutical Services Oslo, Hospital Pharmacies HF 

 Liv Mathiesen, Pharmaceutical Services Oslo, Hospital Pharmacies HF 

EUdract nr: 2013-000793-30 

 

 

Signature 

 

 , Oslo 2013.07.18 

Dr. Anna K. Bjerre, PI and Sponsor 
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Introduction 

Transplant recipients need life-long immunosuppressive therapy. At the Oslo University 

Hospital, Rikshospitalet, 0-5 pediatric patients will undergo a heart transplantation surgery 

annually, whereas 5-10 will receive kidney transplants and approximately 5 a liver transplant. 

The total pool of pediatric solid organ transplant recipients that are followed at OUS-

Rikshospitalet is around 60 patients. The pediatric immunosuppressive protocol in Norway is 

based on a triple therapy consisting of a combination of the calcineurin inhibitor tacrolimus 

(Tac) in addition to mycophenolate and steroids. In selected patients, Tac may be replaced by 

another calcineurin inhibitor, cyclosporine (CsA), or an mTOR (mechanistic target of 

rapamycin) inhibitor. Kidney and heart transplants receive in addition induction treatment 

with basiliximab. 

Tac shows a narrow therapeutic window and therapeutic drug monitoring (TDM) is 

mandatory in order to assure relevant immunosuppression and to avoid unacceptable side 

effects of the therapy. This is important for improving long-term outcomes of these patients 

(1). Traditionally, TDM of Tac is performed by measuring trough blood concentrations, 

several days per week in the early phase after transplantation and then less frequent.  

Lately there has been increased focus on individualization of immunosuppressive treatment to 

try and move away from the “tube-sock” mentality - one size fits all - in dosing of 

immunosuppressive drugs. A major challenge has been on improved individualization of CNI 

dosing, such as Tac. Several population pharmacokinetic models for CNI:s is presented in the 

literature (2,3). Our group has previously developed a pharmacokinetic population model for 

CsA in adult renal transplant recipients (4). This computer model showed better achievement 

of target concentrations of CsA when used in a clinical setting for administration of CsA in 

renal transplant recipients (5). We have recently also developed a similar population 

pharmacokinetic model for tacrolimus in adult renal transplant recipients [manuscript in 

preparation]. This model is currently under clinical validation in adult renal transplant 

recipients.  

The metabolism of Tac is mediated by CYP3A and is hence dependent on polymorphisms in 

CYP3A5 (6). Patients expressing this enzyme have earlier been shown to need roughly twice 

the doses of Tac, as compared with patients not expressing the functional enzyme, in order to 

achieve therapeutic drug levels. In addition, recent research has shown that genotypes in other 

proteins involved in Tac metabolism and excretion, than just CYP3A5, may also be of great 

importance for Tac pharmacokinetics (7,8). 

Limited data exist on the pharmacokinetics of Tac in children, although it is known to be 

highly variable both interindividual and intraindividual. A higher clearance in children aged 

younger than 6 years and higher dose requirement per kilogram of body weight to achieve the 

target concentrations have been reported (9-13). 

Formulations containing tacrolimus being used at the pediatric department has until now 

included, standard capsules (Prograf® and Tacni®) and an extemporaneous suspension made 

at the hospital pharmacy. In 2012 a slow release formulation (Advagraf®) as well as a sachet 
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with granules for suspension (Modigraf ®) was licensed. Some patients are now being 

switched to these formulations and the extemporaneous suspension is no longer produced. 

Rationale 

Dosing of Tac in pediatric patients is a challenge and it is not always possible to attain the 

therapeutic target using a standard C0 TDM approach. Several population models have been 

developed for Tac, most in adult renal transplant patients, but also some in pediatric patients. 

At the Oslo University Hospital, Rikshospitalet an adult population model for Tac has been 

developed in kidney transplant recipients. Since there are only about 20 pediatric solid organ 

transplantations each year in Norway, using the adult Tac model as a starting point for 

developing a pediatric adapted model using the limited amount of pediatric data available and 

allometric scaling the pharmacokinetic parameters to an appropriate body size measure is a 

valid strategy. If appropriate amounts of data for the different transplanted organs may be 

obtained the pediatric model may include transplanted organ as a potential covariate. 

Ethical considerations 

The study will follow GCP guidelines and all Norwegian laws and regulations. Written 

informed consent will be obtained for all patients included. Patients aged 16-18 will sign their 

own written informed consent, and for children below the age of 16 written informed consent 

will be obtained from next of kin. Patients and investigator will sign the patient information, 

which will be kept on file. The patient will receive a copy of the patient information.  

Extra venopunctures will be avoided by the use of Venflon when multiple samplings are to be 

performed within one dose interval. Thus, the study is not considered to impose the patients to 

any additional discomfort or risk. On the contrary, the information obtained is rather believed 

to be likely to help to further optimize the patient’s individual dosing of Tac. This will most 

likely also improve long-term outcome for the patient. 

The additive risk to participate in this study is minimal for each individual patient, as standard 

of care at the transplant center will be followed. The only deviation is that on some occasion’s 

more than one blood sample will be drawn within one dose interval. This is current praxis 

only for patients where dosing of Tac is especially demanding, to assure correct dosing in 

these occasions. The direct benefit of the participating patients is that their individual Tac 

pharmacokinetics will be better investigated than what is standard of care and they will hence 

potentially be more optimally dosed with regards to Tac. In addition will the information from 

the study make future Tac dosing more individually adapted for all transplanted children at 

the transplant center. 

Aim 

The aim of the study is to develop and validate a population pharmacokinetic model for 

tacrolimus in solid organ transplanted children of different age groups.  

Study design 

Trough blood concentrations of Tac are routinely measured as part of standard care for 

transplant patients at Oslo University Hospital, Rikshospitalet. Patients will be included in the 
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study at any time after transplantation. Inclusion in the study is defined as the time when the 

patients give his/her signed informed consent. If patients are not included at the time of 

transplantation, retrospective data from the time of transplantation up to the time of inclusion 

will be collected from patient charts. After inclusion, prospective data will be collected for at 

least 12 weeks, but not longer than 1 year after inclusion in the study. Both types of data will 

be used in the analysis. The choice of immunosuppressive drug, formulation and doses will be 

completely based on clinical judgment by the treating physician and not influenced by the 

current protocol.  

In order to get a good estimation of pediatric pharmacokinetic parameters of Tac it is 

important to obtain blood concentrations from different time-points within a single dose 

interval, and not just from trough concentrations which is the current standard of care TDM 

method. At least once, but not more than four times, up to five blood samples will be 

collected at different time-points within a dose interval from all included patients. In addition 

will genotypes of proteins relevant to Tac pharmacokinetics be determined.  

Study population 

The study population will consist of pediatric solid organ (kidney, liver, heart and lung) 

transplant recipients treated with Tac at Oslo University Hospital, Rikshospitalet.  

Estimated patients in the different groups are: kidney tx n= 30-40; liver tx n= 30-40; heart tx: 

n= 5-8; lung tx n=0-1. 

In-patients on pediatric ward 2 (BAMS2), as well as outpatients coming for annual controls 

after transplantation at Rikshospitalet, will be eligible to participate in the study.  

Inclusion criteria 

 Pediatric patients 0 – 18 years of age 

 Solid organ transplant recipients 

 Patients treated with tacrolimus as part of their immunosuppressive therapy, 

administered as either Prograf®, Advagraf® or Modigraf® 

 Signed informed consent, either signed by the patient or for children below the age of 

16, by next of kin 

Exclusion criteria 

 Patients on long-term concomitant drugs that have a documented interaction potential 

with Tac and is not usually used in transplant patients; erythromycin, clarithromycin, 

carbamazapin, rifampicin, ketoconazole, fluconazole, itraconazole, voriconazole, 

diltiazem, verapamil, fenytoin, ritonavir, indinavir, nelfinavir, telitromycin, 

nefazodon, and St. John's Wort (Hypericum). 
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Outcome evaluation 

The study is designed to develop a pharmacokinetic population model for Tac in pediatric 

patients. The final evaluation criterion will be the predictive error (PE) for an external 

population, i.e. the model predicted minus observed blood concentration. PE will be 

calculated for all samples available in each of the patients in the external validation 

population. The acceptance criterion is an absolute median (IQR) PE of 0.4 (3.0). In addition, 

to simulate a realistic clinical scenario of the value of using the population model to predict 

the next Tac concentration, a descriptive analysis will be performed on the first ten Tac 

concentrations after transplantation. The median PEs of the model will be calculated for the 

external validation set after including zero to nine Tac concentrations from each patient. 

Specifically, when no Tac concentrations are included, the population prior median parameter 

values will be used to predict the first measured Tac concentration in each patient, and the 

median PE recorded.  Then, the first measured Tac concentration will be included to calculate 

a Bayesian posterior to predict the second measured Tac concentration, and the median PE 

will be recorded again. This process is repeated until the first nine measured Tac trough 

concentrations have been used to predict the final 10th concentration. The acceptance criteria 

for this analysis is an absolute median (IQR) PE of 0.5 (3.5) from the 4th Tac concentration 

and onward. 

Study Procedures 

The patients will follow normal post transplant follow-up at Oslo University Hospital, 

Rikshospitalet. No extra visit just for this protocol is intended but some of the visits may last 

somewhat longer than what is standard of care since more Tac concentrations are to be 

obtained within one to four dose intervals at different times after transplantation. 

Prospective data collection 

Pharmacokinetic and demographic data will be obtained from the included patient’s medical 

records. Prospective data will be collected for at least 12 weeks, but not longer than one year 

after inclusion in the study. Variables related to Tac pharmacokinetics and its dosing will be 

collected, such as: 

 Tac dose and formulation administered 

 Time of all dosing 

 Blood Tac concentrations and the actual sampling time after dosing 

 CYP3A5 and other potentially relevant genotypes, such as (but not limited to) ABCB1, 

ABCG2, CYP3A4*22, POR*28. 

 Age 

 Gender 
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 Weight 

 Height 

 Transplanted organ 

 Time after transplantation 

 P-creatinine 

 ASAT 

 ALAT 

 CRP 

 Hematocrit 

 All concomitant drugs 

 Donor sex, age and type if available 

 HLA mis-matching 

 D/R CMV serostatus 

Retrospective data collection 

In case the patients is not included at the time of transplantation, retrospective data from the 

time of transplantation to the time of inclusion in the study will be obtained. The same data as 

collected prospectively will also be collected retrospectively from the included patients’ 

medical records. All data from the time of transplantation will be collected. 

Blood sampling 

Samples will be taken five times during a single dose interval at least once, but not more than 

four times, for all patients. Preferred sampling times are given under, but deviations are 

allowed when required. 

 0 (through value) 

 0-1 hours after dose administration 

 1-2 hours after dose administration 

 2-4 hours after dose administration 

 4-12 hours after dose administration 

The exact timing of the dosing and of the blood sampling will be noted in the patient’s 

medical records and case report forms. 
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Withdrawal and stopping the study 

Due to the design of the study premature withdrawal is not really relevant but in case patients 

resist to the additional sampling during a dose interval this will be respected and only 

standard of care TDM blood samples will be used for these patients. It is not anticipated any 

specific criteria for stopping the study according to the study designed used. If patients on 

clinical indication are switched off Tac, then the patient is excluded from the study. If the 

patient does not express an explicit wish to exit the study or the treating physician finds it 

necessary with a shorter follow-up, a one-year follow-up will be applied. Anyhow, at least 12 

weeks follow-up should be aimed for. 

Drug adherence and compliance 

Drug compliance will be assessed by the treating physician asking the patients about 

missed/dropped Tac dosing since last visit. Adjustment of the input file will be made 

depending on this information. In addition will measured blood concentrations be evaluated 

with regards to capture large deviations in Tac compliance, and patients with obvious non-

compliance will be excluded from the data analysis. 

Analytical procedures 

Blood samples will be collected in according to standard procedures at Rikshospitalet and 

analyzed with a validated HPLC-MS/MS method at the Department of Medical Biochemistry. 

Genotyping may in addition be performed at the School of Pharmacy, University of Oslo. 

Adverse Events 

Any adverse events will be reported to the principal investigator (and sponsor) and recorded 

in the CRF. The report period for each patient is after his/her inclusion in the present study 

and as long as he/she is included in the study, i.e. up to one year after inclusion. Adverse 

events will be tabulated in the final report, serious adverse events will be tabulated in the final 

report and also reported annually to the health authorities, all in according to guidelines. 

Expected adverse events are as outlined in the SmPC, including acute rejections and hospital 

admittance due to seasonal infections such as Norovirus for example. SUSARs will be 

reported within 7/15 days to the health authorities in paper form on standard CIOMS-forms. 

Information to study personnel 

All involved study personnel will receive the full study protocol and in addition they will be 

informed on a start-up meeting about the study procedures. Any changes during the study will 

be distributed by the principal investigator via e-mail to all involved study personnel. 

 

Statistics and Data analyses 

Sample size 

Depending on the amount of information each included patient will contribute with (i.e. how 

many multiple sampling episodes per patient) it is estimated that approximately 25-35 patients 

of each organ type (kidney and liver) 5-8 patients after, heart transplantation and lung 0-1 
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patient, are needed to develop and validate the population model. The combined evaluation of 

all internal validation criterions for the population modeling, as outlined below, will be used 

to evaluate if more than 25 patients is needed.  

Population pharmacokinetics 

The non-parametric population-modeling tool Pmetrics will be used for the development of 

the Tac-model (14). An already developed model for adult renal transplant recipients will 

serve as a base model from which this pediatric model will be developed, primarily by 

allometric scaling. The adult model is a three-compartment model with first-order absorption 

and lag-time from the dosing compartment. Clearances and volumes of distribution were 

allometrically scaled to body size. The final model included; fat free mass (CL/F, Q/F, V/F), 

body mass index (Vp/F), hematocrit (CL/F, Q/F, V/F, Vp/F), time after transplantation (Tlag) 

and CYP3A5 genotype (FA, CL/F) as covariates. 

Patient characteristics, drug formulation etc. will be investigated if they are relevant 

covariates in the pediatric model. All covariates already included in the adult model will be 

tested in the pediatric model and also additional covariates of potential value to explain Tac 

pharmacokinetics in this population (see list under “Prospective data collection” on page 5 for 

details). An inclusion, exclusion strategy will be used for the covariate testing based on the 

validation criteria given below. Missing data will be left missing as long as the method allows 

for it, otherwise the last observation carried forward approach will be used. 

The model will be validated with standard procedures such as visual predictive plots, the 

Akaike Information Criterion, bias and imprecision as well predicted vs. observed plots and 

their linerar regression R2 and slope values. As this is non-parametric population modelling 

there are no strict statistical tests for evaluating which model that is better, but a total 

evaluation of the different criteria mentioned above will be assessed. A part (ca. 20%) of the 

collected samples will be reserved for external validation of the model with estimation of the 

predictive error as described above. This group will be randomly drawn from the total 

population, stratified for the following age intervals; 0-3, 3-6, 6-12 and 12-18 years. 

Analyzing plan 

The development of the model will be performed in parallel with data collection. When the 

internal validation fulfills the following criteria the external validation will be performed: 

Bias and imprecision below ±0.5 and ±1.7 in the internal dataset, respectively. 

Study duration 

First patient included:  As soon as possible after approval of the study  

Anticipated recruitment time: 1.5 years 

Each patient will be followed for up to one year after inclusion in the study. 

End of study: Last patient last visit, i.e. approximately 2.5 years after study start. 
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Documents file 

Study documentation will be stored for at least 15 years after study completion, in accordance 

with current guidelines.  

Subject confidentiality 

The subject has a right for a protection against invasion of privacy. In this study, each subject 

will receive a unique identification number, which will be linked to the CRF. The data will 

then be blinded (NO: “avidentifisert”) correspondingly in all data analyses. 

However, the study monitor, representatives from any Regulatory Authority, as well as the 

appropriate Ethical Committee are permitted to review the subject’s primary medical records 

including laboratory test result reports, admission and discharge summaries, AE and SAE 

reports occurring during the study. 

Organization 

The study is a cooperation between Oslo university hospital, Rikshospitalet, Norway 

(sponsor) and the School of Pharmacy, University of Oslo, Norway. The former is responsible 

for inclusion, follow-up and sampling of patients and the latter for the pharmacokinetic 

analyses.  

Approvals and Quality assurance 

The study will be performed according to GCP, ICH guidelines and the Declaration of 

Helsinki. The study has been evaluated by the Regional Committee for Medical Research 

ethics, Health region south and approved by Norwegian Medicines Agency prior to study 

start. 

The collection of signed informed consent will be assessed to 100% throughout the study by a 

person not directly involved in the study. At least 10% of the other data in the study will be 

controlled in the same manner. If deviations are found 3 patients will be 100% monitored to 

assure that the study quality systems are followed. 

Insurance 

The patients are insured according to Act of Product Responsibility  

Plan for publication 

The results from the study will be published at national and international congresses as well 

as in international peer reviewed journals. Authorships will be granted according to the 

Vancouver rules. 

Financial issues  

The participating partners will apply for grants and study will be financed by any grants 

provided in addition by internal resources at each participating parts.  
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Appendix E: Equations applied in calculation of body surface area, body 

mass index and fat-free mass 

 

Body surface area (147): 

𝐵𝑆𝐴 = 0.007184 × 𝐻𝐺𝑇0.725 × 𝑊𝑇𝐾𝐺0.425 

 

Body mass index: 

𝐵𝑀𝐼 =
𝑊𝑇𝐾𝐺

(
𝐻𝐺𝑇
100 )

2 

 

Fat-free mass (148): 

Males: 

𝐹𝐹𝑀 =
11.4 × 𝑊𝑇𝐾𝐺

81.3 + 𝑊𝑇𝐾𝐺
× (1 + 𝐻𝐺𝑇 × 0.052) × (1 − 𝐴𝐺𝐸 × 0.0007) 

Females: 

𝐹𝐹𝑀 =
10.2 × 𝑊𝑇𝐾𝐺

81.3 + 𝑊𝑇𝐾𝐺
× (1 + 𝐻𝐺𝑇 × 0.052) × (1 − 𝐴𝐺𝐸 × 0.0007) 

 

 

Abbreviations: BSA: body surface area in m2, WTKG: total body weight in kg, HGT: height 

in cm, BMI: body mass index in kg m-2, FFM: fat-free mass in kg, AGE: age in years.  
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Appendix F: Example of dataset structure 
Appendix F-I: Data for the first patient in the Adult Development Dataset 
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Appendix F-II: Data for the three first patients in the Pediatric Dataset for Extrapolation 
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Appendix G: Model files for the improved models 

Appendix G-I: Model file for the Improved Model 

 

#PRI: Primary variables estimated by the 
model in order to predict the 
pharmacokinetic parameters.  

#COV: Covariates in the input datafile 
are listed in the right order. The 
covariates can be applied in equations 
later in the model file. 
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Abbreviations: Ka1, Ka2: Estimated absorptions rate constants for Prograf® and Advagraf®, respectively. V0: 

estimated volume of distribution, CL0, CL1, CL2: estimated values of clearance for differend periods of time 

after transplantation, Q0: estimated intercompartmental clearance, Vp0: estimated periphere volume of 

distribution, Tlag1, Tlag2, Tlag3, TlagAdva: estimated absorption lag times for three different periods of time 

after transplantation and for Advagraf®, respectively, F1, F2, F3, Fadva: estimated values of bioavailability for 

three different periods of time after transplantation and for Advagraf®, respectively, CypF: estimated effect of 

CYP3A5 genotype on bioavailability, CypCl: estimated effect of CYP3A5 genotype on clearance, STU: number 

of study the patient participated in, STER: steroid dose in mg, M0F1: gender, WTKG: body weight in kg, HT: 

height in cm, FFMES: fat-free mass in kg, TXT: time after transplantation in days, HCT: hematocrit in percent, 

#SEC: Body surface area, time after 
transplantation and CYP3A5 genotype 
describe variations in clearance. Body 
surface area also describes variation in 
intercompartmental clearance, volume of 
distribution and periphere volume of 
distribution. Tacrolimus formulation type 
affects the absorption rate constant.  

#F: Time after transplantation, CYP3A5 
genotype and tacrolimus formulation affect 
the bioavailability in the final model.  
 
 
 
#LAG: Time after transplantation and 
formulation type affect the lag time for 
absorption.  
 
 
 
 
#OUT: The hematocrit value from the input 
data file affects the output from the model.  
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AGE: age in years, CYP: CYP3A5 genotype. 1=expressor of active CYP3A5 enzymes, 0=not expressor of active 

CYP3A5 enzymes, ASY: analysis method applied, RICH: 1= rich data defined as 3 or more samples taken 

within the same dosing interval, 0=not rich data, EXACT: 1=The exact time for the previous tacrolimus dosing 

and the following blood samplings are known, 0=The exact time is unknown, FORM: tacrolimus formulation 

type. 1=Prograf®, 2=Advagraf®, BMI: body mass index in kg m-2, BSA: body surface area in m2, CL: 

clearance, Q: intercompartmental clearance, VP: periphere volume of distribution, V: volume of distribution, 

KE: elimination rate constant, KCP: rate constant for transport from central compartment into periphere 

compartment, KPC: rate constant for transport from periphere compartment back into central compartment, Ka: 

absorption rate constant, FA(1): bioavailability formula, Tlag: absorption lag time, F: bioavailability, CU: 

unbound tacrolimus concentration, BMAX: constant for tacrolimus binding to red blood cells,  KD: association 

constant, CB: bound tacrolimus concentration, CONC: whole blood tacrolimus concentration.   
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Appendix G-II: Model file for the Improved Model without CYP3A5 

  

#PRI 
Ka1, 0.2, 3.5 
Ka2, 0.2, 3.5 
V0, 10, 350 
CL0, 4, 50 
CL1, 4, 100 
CL2, 4, 70 
Q0, 10, 200 
Vp0, 80, 2200 
Tlag1, 0, 2 
Tlag2, 0, 2 
Tlag3, 0, 2 
TlagAdva, 0.1,2 
F1, 0.001,1 
F2, 0.001,1 
F3, 0.001,1 
Fadva, 0.1,5 
 
#COV 
STU 
STER 
M0F1 
WTKG 
HT 
FFMES 
TXT 
HCT 
AGE 
CYP 
ASY 
RICH 
EXACT 
FORM 
BMI 
BSA 
 
#SEC             
CL = CL0 * 39.7  
&IF(TXT<14) CL =CL1 * 39.7 
&IF(TXT>42) CL =CL2 * 39.7 
Q = Q0 * 39.7         
VP = Vp0 * 39.7     
V = V0 * 39.7      
KE = CL/V 
KCP = Q/V 
KPC = Q/VP 

 
Ka=Ka1 
&IF(FORM.EQ.2) Ka = Ka2 
 
#F 
FA(1) = F2  
&IF(TXT<14)  FA(1) = F1  
&IF (TXT>42) FA(1) = F3   
&IF(FORM.EQ.2) FA(1) = FA(1) * Fadva 
 

#PRI: Primary variables estimated by the 
model in order to predict the 
pharmacokinetic parameters.  

#COV: Covariates in the input datafile 
are listed in the right order. The 
covariates can be applied in equations 
later in the model file. 

#SEC: Body surface area and CYP3A5 
genotype are not included as covariates.  
Time after transplantation describes 
variations in clearance. Tacrolimus 
formulation type affects the absorption rate 
constant.  

#F: Time after transplantation, and 
tacrolimus formulation affect the 
bioavailability in the final model.  
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Abbreviations: Ka1, Ka2: Estimated absorptions rate constants for Prograf® and Advagraf®, respectively. V0: 

estimated volume of distribution, CL0, CL1, CL2: estimated values of clearance for differend periods of time 

after transplantation, Q0: estimated intercompartmental clearance, Vp0: estimated periphere volume of 

distribution, Tlag1, Tlag2, Tlag3, TlagAdva: estimated absorption lag times for three different periods of time 

after transplantation and for Advagraf®, respectively, F1, F2, F3, Fadva: estimated values of bioavailability for 

three different periods of time after transplantation and for Advagraf®, respectively, STU: number of study the 

patient participated in, STER: steroid dose in mg, M0F1: gender, WTKG: body weight in kg, HT: height in cm, 

FFMES: fat-free mass in kg, TXT: time after transplantation in days, HCT: hematocrit in percent, AGE: age in 

years, ASY: analysis method applied, RICH: 1= rich data defined as 3 or more samples taken within the same 

dosing interval, 0=not rich data, EXACT: 1=The exact time for the previous tacrolimus dosing and the following 

blood samplings are known, 0=The exact time is unknown, FORM: tacrolimus formulation type. 1=Prograf®, 

2=Advagraf®, BMI: body mass index in kg m-2, BSA: body surface area in m2, CL: clearance, Q: 

intercompartmental clearance, VP: periphere volume of distribution, V: volume of distribution, KE: elimination 

rate constant, KCP: rate constant for transport from central compartment into periphere compartment, KPC: rate 

constant for transport from periphere compartment back into central compartment, Ka: absorption rate constant, 

FA(1): bioavailability formula, Tlag: absorption lag time, F: bioavailability, CU: unbound tacrolimus 

concentration, BMAX: constant for tacrolimus binding to red blood cells,  KD: association constant, CB: bound 

tacrolimus concentration, CONC: whole blood tacrolimus concentration. 

 

 

  

#LAG: Time after transplantation and 
formulation type affect the lag time for 
absorption.  
 
 
 
 
#OUT: The hematocrit value from the input 
data file affects the output from the model.  
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Appendix H: Observed versus predicted plots for the Base Model without 

any covariates and the Improved Model 

 

 

 

Population observed versus predicted plot for the Base Model without any covariates to the left and for the 

Improved Model to the right after they had been trained on the Adult Development Dataset. R-squared: 

coefficient of determination. Abbreviations: Inter: intercept, CI: confidence interval.  

 

  

Base Model without any covariates Improved Model 
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Appendix I: Prediction corrected visual predictive checks of the Improved 

Model 

 

 
Prediction corrected visual predictive checks of the Improved Model for the patients in the Adult Development 

Dataset that received Prograf® (upper panel) and Advagraf® (lower panel). Predicted and observed 

concentrations are plotted against time after dose. Each id was simulated 1000 times. The black circles represent 

the prediction corrected observed tacrolimus concentrations. The red solid line represents the median of the 
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prediction corrected observed concentration, and the upper and lower blue dashed lines represent the 97.5 th and 

2.5th percentiles of the observed concentrations, respectively. The red-shaded area represents the 95% confidence 

interval for the predicted median. The upper and lower blue-shaded areas represent the 95% confidence interval 

for the predicted 97.5th and 2.5th percentiles, respectively. Time after dose is in hours. Observation is tacrolimus 

concentration in μg/L. The simulations for the patients receiving Prograf® were based on data from 52 patients, 

and the number of unique ids was 70. The simulations for the patients receiving Advagraf® were based on data 

from 24 patients, and the number of unique ids was 30. One id that administered Advagraf® was left out of the 

plot due to technical issues.  
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Appendix J: Validation of the four adult population pharmacokinetic 

models 
Appendix J-I: Goodness of fit metrics following internal validation of the four adult 

population pharmacokinetic models 

 BSA No BSA 

GOF metrics CYP3A5 No CYP3A5 CYP3A5  No CYP3A5  

Population mean 

error of 

prediction (μg/L) 

-0.17 1.39 0.58 1.30 

Population 

RMSE 

3.99 4.98 4.37 5.20 

Population R2 0.67 0.59 0.62 0.52 

Posterior mean 

error of 

prediction (μg/L) 

-0.08 -0.10 -0.10 -0.09 

Posterior RMSE 0.98 0.89 0.85 0.86 

Posterior R2 0.98 0.98 0.98 0.98 

The models that included body surface area were allometrically scaled to body size, while the models without 

body surface area did not take body size into account. Population values arrive from model predictions for the 

population as a whole. Posterior values arrive from model predictions for each individual patient. For the models 

that included CYP3A5 genotype as a covariate, patients with unknown CYP3A5 genotype were excluded from 

the calculations of predictive error and root mean squared error of prediction. The number of patients included in 

the calculations for the models without CYP3A5 genotype as a covariate was 64, and the number of unique ids 

was 101. The number of patients included in the calculations for the models taking CYP3A5 genotype into 

account was 62, and the number of unique ids was 98. Abbreviations: BSA: allometrically scaled to body surface 

area, GOF: goodness of fit, CYP3A5: CYP3A5 genotype included as a covariate, RMSE: root mean squared 

error of prediction. R2: coefficient of determination. 
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Appendix J-II: Goodness of fit metrics following external validation of the four adult 

population pharmacokinetic models  

 BSA No BSA 

GOF metrics CYP3A5 No CYP3A5 CYP3A5  No CYP3A5  

Population mean 

error of 

prediction (μg/L) 

-1.05 3.22 0.09 3.68 

Population 

RMSE 

5.23 8.82 5.57 9.75 

Population R2 0.50 0.31 0.44 0.24 

Posterior mean 

error of 

prediction (μg/L) 

-0.40 -0.63 -0.11 -0.91 

Posterior RMSE 2.77 3.81 3.85 3.75 

Posterior R2 0.84 0.70 0.69 0.72 

The models that included body surface area were allometrically scaled to body size, while the models without 

body surface area did not take body size into account. Population values arrive from model predictions for the 

population as a whole. Posterior values arrive from model predictions for each individual patient. For the models 

that included CYP3A5 genotype as a covariate, patients with unknown CYP3A5 genotype were excluded from 

the calculations of predictive error and root mean squared error of prediction. The number of patients included in 

the calculations for the models without CYP3A5 genotype as a covariate was 21, and the number of unique ids 

was 36 The number of patients included in the calculations for the models taking CYP3A5 genotype into account 

was 19, and the number of unique ids was 32. Abbreviations: BSA: allometrically scaled to body surface area, 

GOF: goodness of fit, CYP3A5: CYP3A5 genotype included as a covariate, RMSE: root mean squared error of 

prediction. R2: coefficient of determination. 

 

 

  



124 

 

Appendix K: Visual predictive checks of the Improved Model without 

CYP3A5 

 

 
Visual predictive checks of the Improved Model without CYP3A5 for the patients in the Adult Development 

Dataset that received Prograf® (upper panel) and Advagraf® (lower panel). Predicted and observed 

concentrations are plotted against time after dose. Each id was simulated 1000 times. The black circles represent 

the observed tacrolimus concentrations. The red solid line represents the median of the observed concentration, 

and the upper and lower blue dashed lines represent the 97.5th and 2.5th percentiles of the observed 
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concentrations, respectively. The red-shaded area represents the 95% confidence interval for the predicted 

median. The upper and lower blue-shaded areas represent the 95% confidence interval for the predicted 97.5th 

and 2.5th percentiles, respectively. Time after dose is in hours. Observation is tacrolimus concentration in μg/L. 

The simulations for the patients receiving Prograf® were based on data from 52 patients, and the number of 

unique ids was 70. The simulations for the patients receiving Advagraf® were based on data from 24 patients, 

and the number of unique ids was 30. One id that administered Advagraf® was left out of the plot due to 

technical issues. 
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Appendix L: Model files for the combined models 
Appendix L-I: Model file for the Combined Model 

  

#PRI 
Ka1, 0.2, 3.5 
Ka2, 0.2, 3.5 
V0, 10, 650 
CL0, 4, 70 
CL1, 4, 110 
CL2, 4, 100 
Q0, 10, 200 
Vp0, 80, 3100 
Tlag1, 0, 2 
Tlag2, 0, 2 
Tlag3, 0, 2 
TlagAdva, 0.1,2 
F1, 0.001,1 
F2, 0.001,1 
F3, 0.001,1 
Fadva, 0.1,5 
CypF, 0.01,1 
CypCl, 0.01,3.5 
 
#COV 
STER 
M0F1 
WTKG 
HT 
FFMES 
TXT 
HCT 
AGE 
CYP 
FORM 
BMI 
BSA 
ORGAN 
AGEBIN 
TXTBIN 
 
#SEC             
CL = CL0 * ((BSA/1.98)**0.75)* 39.7  
&IF(TXT<14) CL =CL1 * ((BSA/1.98)**0.75)* 39.7 
&IF(TXT>42) CL =CL2 * ((BSA/1.98)**0.75)* 39.7 
&IF(CYP.EQ.1) CL = CL * CypCl 
Q = Q0 * ((BSA/1.98)**0.75)* 39.7         
VP = Vp0 * (BSA/1.98)* 39.7     
V = V0  * (BSA/1.98)* 39.7      
KE = CL/V 
KCP = Q/V 
KPC = Q/VP 

 
Ka=Ka1 
&IF(FORM.EQ.2) Ka = Ka2 
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Abbreviations: Ka1, Ka2: Estimated absorptions rate constants for Prograf® and Advagraf®, respectively. V0: 

estimated volume of distribution, CL0, CL1, CL2: estimated values of clearance for differend periods of time 

after transplantation, Q0: estimated intercompartmental clearance, Vp0: estimated periphere volume of 

distribution, Tlag1, Tlag2, Tlag3, TlagAdva: estimated absorption lag times for three different periods of time 

after transplantation and for Advagraf®, respectively, F1, F2, F3, Fadva: estimated values of bioavailability for 

three different periods of time after transplantation and for Advagraf®, respectively, CypF: estimated effect of 

CYP3A5 genotype on bioavailability, CypCl: estimated effect of CYP3A5 genotype on clearance, STER: steroid 

dose in mg, M0F1: gender, WTKG: body weight in kg, HT: height in cm, FFMES: fat-free mass in kg, TXT: 

time after transplantation in days, HCT: hematocrit in percent, AGE: age in years, CYP: CYP3A5 genotype. 

1=expressor of active CYP3A5 enzymes, 0=not expressor of active CYP3A5 enzymes, FORM: tacrolimus 

formulation type. 1=Prograf® or Modigraf®, 2=Advagraf®, BMI: body mass index in kg m-2, BSA: body 

surface area in m2, ORGAN: type of transplanted organ. 1=kidney, 2=liver, 4= combined kidney and liver, 

AGEBIN: age at transplantation day. 1=<two years, 2=two-three years, 3=four-eight years, 4=nine-eleven years, 

5=twelve-15 years, 6=16-18 years, 7= >18 years , TXTBIN: time after transplantation. 1=<twelve weeks, 

2=three-twelve months, 3=one-three years, 4= >three years, CL: clearance, Q: intercompartmental clearance, 

VP: periphere volume of distribution, V: volume of distribution, KE: elimination rate constant, KCP: rate 

constant for transport from central compartment into periphere compartment, KPC: rate constant for transport 

from periphere compartment back into central compartment, Ka: absorption rate constant, FA(1): bioavailability 

formula, Tlag: absorption lag time, F: bioavailability, CU: unbound tacrolimus concentration, BMAX: constant 

for tacrolimus binding to red blood cells,  KD: association constant, CB: bound tacrolimus concentration, 

CONC: whole blood tacrolimus concentration. 

 

 

#F 
FA(1) = F2  
&IF(TXT<14)  FA(1) = F1  
&IF (TXT>42) FA(1) = F3   
&IF(FORM.EQ.2) FA(1) = FA(1) * Fadva 
&IF(CYP.EQ.1) FA(1) = FA(1) * CypF 
 
#LAG 
TLAG(1)=Tlag2 
&IF(TXT<14)  TLAG(1) = Tlag1  
&IF (TXT>42) TLAG(1) = Tlag3  
&IF(FORM.EQ.2) TLAG(1) = TLAG(1) * TlagAdva 

 
#OUT 
F = X(2)/V 
 
CU = F 
BMAX = 4.18 
KD = 3.8 
CB = CU * HCT * BMAX / (CU + KD) 
 
CONC = CU + CB 
 
Y(1)  = CONC 

 
#ERR 
G=3 
0.2020500379, 0.0043193912, 0.0006024496,0 
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Appendix L-II: Model file for the Combined Model without CYP3A5 

   

#PRI 
Ka1, 0.2, 3.5 
Ka2, 0.2, 3.5 
V0, 10, 450 
CL0, 4, 60 
CL1, 4, 100 
CL2, 4, 65 
Q0, 10, 200 
Vp0, 80, 3100 
Tlag1, 0, 2 
Tlag2, 0, 2 
Tlag3, 0, 2 
TlagAdva, 0.1,2 
F1, 0.001,1 
F2, 0.001,1 
F3, 0.001,1 
Fadva, 0.1,5 
 
#COV 
STER 
M0F1 
WTKG 
HT 
FFMES 
TXT 
HCT 
AGE 
CYP 
FORM 
BMI 
BSA 
ORGAN 
AGEBIN 
TXTBIN 
 
#SEC             
CL = CL0 * 39.7  
&IF(TXT<14) CL =CL1 * 39.7 
&IF(TXT>42) CL =CL2 * 39.7 
Q = Q0 *  39.7         
VP = Vp0 * 39.7     
V = V0  * 39.7      
KE = CL/V 
KCP = Q/V 
KPC = Q/VP 

 
Ka=Ka1 
&IF(FORM.EQ.2) Ka = Ka2 
 
#F 
FA(1) = F2  
&IF(TXT<14)  FA(1) = F1  
&IF (TXT>42) FA(1) = F3   
&IF(FORM.EQ.2) FA(1) = FA(1) * Fadva 
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Abbreviations: Ka1, Ka2: Estimated absorptions rate constants for Prograf® and Advagraf®, respectively. V0: 

estimated volume of distribution, CL0, CL1, CL2: estimated values of clearance for differend periods of time 

after transplantation, Q0: estimated intercompartmental clearance, Vp0: estimated periphere volume of 

distribution, Tlag1, Tlag2, Tlag3, TlagAdva: estimated absorption lag times for three different periods of time 

after transplantation and for Advagraf®, respectively, F1, F2, F3, Fadva: estimated values of bioavailability for 

three different periods of time after transplantation and for Advagraf®, respectively, STER: steroid dose in mg, 

M0F1: gender, WTKG: body weight in kg, HT: height in cm, FFMES: fat-free mass in kg, TXT: time after 

transplantation in days, HCT: hematocrit in percent, AGE: age in years, CYP: CYP3A5 genotype. 1=expressor of 

active CYP3A5 enzymes, 0=not expressor of active CYP3A5 enzymes, FORM: tacrolimus formulation type. 

1=Prograf® or Modigraf®, 2=Advagraf®, BMI: body mass index in kg m-2, BSA: body surface area in m2, 

ORGAN: type of transplanted organ. 1=kidney, 2=liver, 4= combined kidney and liver, AGEBIN: age at 

transplantation day. 1=<two years, 2=two-three years, 3=four-eight years, 4=nine-eleven years, 5=twelve-15 

years, 6=16-18 years, 7= >18 years , TXTBIN: time after transplantation. 1=<twelve weeks, 2=three-twelve 

months, 3=one-three years, 4= >three years, CL: clearance, Q: intercompartmental clearance, VP: periphere 

volume of distribution, V: volume of distribution, KE: elimination rate constant, KCP: rate constant for transport 

from central compartment into periphere compartment, KPC: rate constant for transport from periphere 

compartment back into central compartment, Ka: absorption rate constant, FA(1): bioavailability formula, Tlag: 

absorption lag time, F: bioavailability, CU: unbound tacrolimus concentration, BMAX: constant for tacrolimus 

binding to red blood cells,  KD: association constant, CB: bound tacrolimus concentration, CONC: whole blood 

tacrolimus concentration. 

 

 

 

#LAG 
TLAG(1)=Tlag2 
&IF(TXT<14)  TLAG(1) = Tlag1  
&IF (TXT>42) TLAG(1) = Tlag3  
&IF(FORM.EQ.2) TLAG(1) = TLAG(1) * TlagAdva 

 
#OUT 
F = X(2)/V 
 
CU = F 
BMAX = 4.18 
KD = 3.8 
CB = CU * HCT * BMAX / (CU + KD) 
 
CONC = CU + CB 
 
Y(1)  = CONC 

 
#ERR 
G=3 
0.2020500379, 0.0043193912, 0.0006024496,0 
 


