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Introduction 

Treatment with antibacterial agents was first introduced in the late 1930s. 
This was a revolution in the management of infectious diseases and resulted 
in a reduction in overall morbidity and mortality [1-2]. During the following 
decades, there was great interest in this research area and several new classes 
of antibiotics were developed. Today, antibiotics are among the most com-
monly prescribed drugs and we rely on their effectiveness in the treatment of 
both mild and severe infections.  

A combination of the development of resistance due to selective pressure 
from the extensive use of antibacterial agents and a decline in the develop-
ment of new antibacterial agents has lead to a situation where we once again 
have bacteria causing infections that are no longer treatable. Since the 1970s, 
only two new classes of antibiotics (oxazolidinones and lipopeptides) have 
been approved [3-4]. Most pharmaceutical industries do not find the incen-
tive to invest in this research area. Antibiotics are short-course therapies and 
therefore not as profitable as drugs to treat chronic or long-term conditions. 
The emergence of resistance also threatens to further shorten the life-span of 
new drugs on the market [2]. In U.S. hospitals each year, about 2 million 
people acquire bacterial infections and 90 000 die as a result [5]. In the EU, 
the situation is similar; up to 400 000 patients annually are reported to suffer 
from infections resistant to multiple antibiotics and more than 25 000 pa-
tients die from such infections [3]. Infectious diseases are once again consi-
dered to be a threat to global human health [6]. 

Appropriate antibiotic use means use only when needed. It also means 
that, when antibiotics are used, the choice of drug, dose, dosing interval and 
treatment duration should be evidence-based and tailored towards the in-
tended patient to be treated. This thesis focuses on the development of phar-
macometric models for antibacterial drugs with the aim to serve as tools in 
creating improved dosing strategies for novel as well as already clinically 
available antibacterial drugs. Model-based methods are increasingly used in 
drug development, providing a quantitative description of the time course of 
drug disposition and drug effects and toxicity [7-9]. Pharmacokinetic (PK) 
models describe the relationship between the dose of a drug and the resulting 
concentration at different sites of the body. Pharmacodynamic (PD) models 
describe the relationship between drug concentrations in plasma (or other 
fluids or tissues) and the resulting therapeutic effect or toxicity. Pharmaco-
metric models are powerful tools to summarize and describe data that max-
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imize the information gained from a study. More importantly, these models 
can provide for making inferences to new situations; for example in optimiz-
ing experimental setups, clinical trials and clinical drug use. A model-based 
strategy can lead to a more cost-effective drug development [7-9]. It can also 
provide for better dosing strategies, which would help to improve clinical 
outcomes in individual patients and hopefully also prolong the effective life-
time of pre-existing and newly developed antibiotics. 

Role of PKPD in optimizing antibiotic dosing 
When the effect of antibacterial agents is assessed in patients, differences in 
drug disposition, disease burden, immune defense and bacterial heterogenei-
ty often contribute to high overall variability. Clinical data have therefore so 
far only supported rather simple PKPD models which relate clinical or mi-
crobiological outcomes to summary measures of drug exposure. However, 
for antibacterial drugs, the intended therapeutic effect is not exerted on the 
human body itself, but rather on a pathogen that is infecting the body. This 
offers the unique possibility of performing much of the PD characterization 
outside the human body. Therefore, in vitro and animal models play an es-
sential role in the characterization of antibacterial drug effects. 

Minimum inhibitory concentration (MIC) 
Until 20 years ago, it was common practice to adjust the dosage of all anti-
bacterial agents to obtain plasma concentrations that exceeded the MIC for 
as long as possible. The MIC is an in vitro measure, defined as the lowest 
static drug concentration that, after an incubation period of 16 to 20 hrs, 
completely inhibits visible growth in a start inoculum of approximately 
5×105 colony-forming units (CFU)/ml. The MIC is the most widely used 
susceptibility marker for antibacterial drug effect. However, as a PD marker, 
the MIC has several disadvantages. It is measured as a threshold value and 
the effect of antibiotics is therefore often erroneously interpreted as a dicho-
tomous variable, with drug concentrations exceeding the MIC resulting in 
full effect and with bacterial regrowth occurring as soon as the concentration 
falls below the MIC. Another drawback of the MIC is that it is a summary 
measurement of all the events that have taken place in the bacterial culture 
during the incubation period, including, for instance, drug degradation and 
the development of phenotypic and/or genetic resistance. Further, the MIC is 
usually measured using two-fold serial concentration dilutions, which have 
an inherently poor precision. Although the MIC is widely used to guide the 
choice of appropriate antibiotic treatment in the clinical setting and to detect 
changes in drug susceptibility, a more detailed characterization of the PD is 
warranted in the development of appropriate dosing regimens.  
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To compensate for some of the shortcomings of the MIC, additional terms 
such as the post-antibiotic effect (PAE), the sub-MIC effect (SME), and the 
post-antibiotic sub-MIC effect (PAE-SME) have been described [10-11]. 
The PAE is used to describe persistent suppression of bacterial growth after 
complete drug removal or after the drug concentration has declined below 
the MIC. The SME is the antibacterial effect of drug concentrations below 
the MIC and the PAE-SME refers to the increased PAE seen when bacteria 
in the PAE phase are re-exposed to sub-MIC concentrations. Although these 
measures are helpful in the characterization of the antibacterial effect, they 
are not easily translated into more optimal drug use.  

In vitro time-kill studies 
In time-kill studies, an in vitro start inoculum is exposed to antibacterial 
agents and sampled frequently for bacterial count measurements. During 
recent decades, various in vitro systems have been developed to complement 
the in vivo studies [12]. Although animal models have the advantage that 
they might provide similar growth conditions to those in humans, they have, 
apart from the ethical issues, the drawbacks of inter-species PK differences 
and a limit to number samples able to be collected [13-14]. The latter often 
means that only a point estimate of the PD measurement is provided from 
each animal, usually the bacterial count in the infected tissue after 24 hrs of 
drug exposure. Because of this, it is not known if the bacterial count is in-
creasing, declining or static at the time of the observation and, therefore, 
animal studies often lack the ability to describe the time course of the effect. 
In vitro studies are easy to perform and they also allow more flexibility in 
the study design. The drug exposure in these experiments may be static, but 
it can also quite easily be modified to mimic different PK profiles and dosing 
regimens [15]. In addition, in vitro studies allow for more detailed PD cha-
racterization since they allow frequent quantification of the effect and thus 
enable the development of PKPD models that characterize the full time 
course of the effect. 

Antibiotics have been categorized as having either a concentration- or 
time-dependent killing pattern, based on in vitro time-kill studies [16]. For 
concentration-dependent antibiotics, like the aminoglycosides and the fluo-
roquinolones, the bacterial killing is concentration-dependent over a wide 
range of concentrations [10]. For the time-dependent antibiotics, the maxim-
al killing effect is reached at relatively low concentrations and increasing the 
concentration above 4–6 times the MIC will not increase the rate or extent of 
bacterial killing. This is a common characteristic of, for instance, the �-
lactam antibiotics [10].  
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PK/PD indices 
In recent decades, the activity of antibacterial drugs have also been classified 
according to the correlation to the three PK/PD indices: (i) the ratio of the 
highest unbound concentration to the MIC (fCmax/MIC), (ii) the ratio of the 
area under the unbound concentration-time curve to the MIC (fAUC/MIC), 
and (iii) the percentage of a 24 hr time period that the unbound concentration 
exceeds the MIC (fT>MIC) [17]. 

A vast number of studies have been conducted using different in vitro and 
animal infection models with the aim of identifying which of these PK/PD 
indices best predicts the effect of various combinations of antibacterial 
agents and various pathogens (Table 1) [14, 18-21]. The three PK/PD indices 
are highly correlated and dose-fractionation studies are commonly used to 
discriminate between them. In these studies the same total daily dose is di-
vided into smaller doses and administered at different dosing intervals. As a 
result of such studies, the activity of ß-lactam antibiotics has been classified 
as being mostly dependent on fT>MIC [18, 22-26], while the effect of the ami-
noglycosides and fluoroquinolones is correlated with either fCmax/MIC or 
fAUC/MIC [19, 25-27]. The PK/PD indices appear to differ among various 
agents of the glycopeptides and macrolides. In early studies, fT>MIC was re-
ported to be the best predictor of erythromycin and vancomycin efficacy, 
based on their time-dependent killing pattern. However, more recent studies, 
using only clinically relevant dosing regimens, have indicated that the effect 
of these drugs is better correlated with fAUC/MIC [16, 26, 28].  

It is not feasible to use a wide range of total daily doses and dosing inter-
vals in clinical studies, which makes it difficult to differentiate between the 
predictive capacities of the PK/PD indices. Clinical studies have, however, 
been used to determine the magnitude of a predefined PK/PD index required 
to achieve a certain clinical or microbiological outcome [29-34]. After the 
establishment of the magnitude of the target PK/PD index required to 
achieve the desired antibacterial effect, simulations taking variability in PK 
and PD (in terms of MIC distribution) into account, has become a popular 
tool in guiding the selection of dosing regimens [35-37]. 

Table 1. PK/PD indices most predictive of the effect for a selection of antibacterial 
drug classes. 

PK/PD index Antibacterial drug class 

fCmax/MIC Aminoglycosides, fluoroquinolones
fAUC/MIC Aminoglycosides, fluoroquinolones, macrolides, glycopeptides
fT>MIC �-lactams, (macrolides), (glycopeptides) 
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PKPD modeling for antibacterial agents 
The PK/PD indices are summary endpoints which simplify a much more 
complex biological system. The design of dose schedules can be further op-
timized if based on models that take the whole time course of the PK and PD 
relationship into consideration. These models should provide for a separate 
quantitative description of the PK time course (i.e. drug concentration), the 
concentration-effect relationship (i.e. the effect that the drug imposes on the 
bacterial population) and the concentration-toxicity relationship. A modeling 
approach is generally considered to be more informative than a simple 
graphical approach or the use of correlation coefficients [38]. 

Mechanism-based PKPD models 
The aim of creating PKPD models is generally to be able to describe and 
compare the effect of different drugs. More importantly, the aim is also to 
provide a tool that can be used for predictions that will be helpful in the de-
velopment of improved dosing regimens in different patient populations. 
However, this requires the model to show good predictability even when it is 
applied to conditions other than those studied during its development. Incor-
porating prior knowledge and experience of the studied system into the mod-
el-building process to create mechanism-based PKPD models can increase 
the predictive ability of the model [39-40]. However, fully mechanism-based 
models are often too complex, and a semi-mechanistic approach is therefore 
often applied, where mechanistic knowledge is utilized but the model is kept 
simple enough to allow for parameter estimation.  

Mechanism-based PKPD models should incorporate prior information 
about the bacterial system and the effects that drug impose on that system. It 
is common characteristics of time-kill curves that bacteria exposed to low or 
no concentrations of antibiotics grow exponentially until they approach a 
maximum bacterial level. At this high bacterial level, susceptibility to anti-
bacterial agents is often significantly reduced, commonly referred to as the 
inoculum effect [41-42]. Exposure to higher concentrations of antibiotics 
often results in a biphasic killing curve, with the killing rate declining over 
time. This indicates the presence of persister cells, which are less susceptible 
to the antibiotics [43-45]. Until recently, little was known about the underly-
ing mechanisms of persister cells. Increased knowledge of the production 
and nature of these cells could aid in the development of more mechanism-
based PK/PD models.  

Previously described PKPD models 
Data from time-kill curve experiments have been used to support more or 
less complex semi-mechanistic PKPD models describing the time course of 
the effects of antibiotics [46]. The simplest semi-mechanistic PKPD model 
for antibacterial drugs involves a single bacterial compartment (B) with a 
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first-order rate constant for bacterial multiplication (kgrowth) and a first-order 
rate constant for death of the bacteria (kdeath), according to:  

BkBkdtdB deathgrowth ⋅−⋅=/  (1)  

The antibacterial drug effect is most often included as an increase in the rate 
of bacterial death (kdeath). This model structure has been shown to accurately 
describe in vitro time-kill curve data when only the first hours of the time-
kill curve experiments are analyzed [47-49] or when in vitro kinetic systems 
are used to simulate declining drug concentrations, in which the regrowth of 
bacteria limits the ability to detect and characterize the presence of persister 
cells [48, 50-51]. A few PK/PD models have also been extended with regard 
to their semi-mechanistic complexities in order to describe the different 
growth and killing phases of a bacterial system. One approach has been to 
include a concentration- and/or time-dependent adaptation factor that influ-
ences either the growth constant (kgrowth) [52] or the susceptibility, i.e. EC50, 
of the bacteria [53-55]. The change in the killing rate over time has also been 
described in terms of true genetic heterogeneity of the total bacterial popula-
tion in the start inocula [52, 56-59]. Models with several subpopulations with 
different drug-susceptibilities have also recently been used to characterize 
the inoculum effect, i.e. reduced killing at high bacterial counts [41, 57]. 

Gentamicin treatment in newborn infants 
Infectious diseases, especially sepsis and pneumonia, along with preterm 
birth complications and birth asphyxia, are the main causes of death in the 
neonatal period [60]. In neonates, early warning symptoms of sepsis are 
often minimal, and the clinical course can rapidly become severe and even 
life-threatening. It is, therefore, important that antibacterial treatment of 
neonates with suspected sepsis is initiated without delay. It is, however, not 
always possible to take samples for culturing and the results from suscepti-
bility testing are not always immediately available. The initial antibacterial 
therapy is therefore often empirical. Escherichia coli (E. coli) and other En-
terobacteriaceae are among the most frequent Gram-negative pathogens, 
while Group B streptococcus and coagulase-negative staphylococcus are 
common Gram-positive pathogens [61]. Gentamicin in combination with a 
�-lactam antibiotic is therefore often recommended for empirical treatment 
of neonatal sepsis [61].  
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PK of gentamicin in newborns 
The PK disposition of gentamicin in adults [62-63] as well as newborns [64] 
is multi-compartmental. Gentamicin, like other aminoglycosides, is highly 
hydrophilic. It is mainly distributed to extracellular water space, with a vo-
lume of distribution (V) in adults of approximately 0.3 L/kg [65]. Since the 
extracellular fluid volume is higher in newborns, especially if they are pre-
mature, V (per kilo body-weight, WT) for gentamicin is higher than in older 
children or adults. The extracellular body water accounts for as much as 65% 
of the total WT of the preterm neonate and 35-45% of the WT of the term 
neonate. As the child becomes older, the extracellular body water content 
decreases and, by one year of age, it has decreased to approximately 26-30% 
of the WT [66-67]. Gentamicin is eliminated almost exclusively by glomeru-
lar filtration [68]. The protein binding is low [69] and the clearance (CL) 
therefore mimics the glomerular filtration rate (GFR). The gentamicin CL is 
approximately 4 L/h in adults [70], but is considerably reduced in newborns 
because of anatomically and/or functionally immature kidneys. 

Maturation of renal function 
Nephrogenesis starts early, at approximately 5 weeks of gestation, and is 
completed at 36 weeks of gestation [71-72]. Because nephrogenesis is in-
complete, GFR is lower in preterm neonates than in term neonates [67]. A 
correlation between the GFR and the gestational age (GA) has also been 
reported in several studies [73-75]. Even in term neonates, the GFR is low at 
birth. Birth triggers hemodynamic changes within the kidney, with resultant 
increased renal blood flow and decreased renal vascular resistance. The renal 
blood flow can be as low as 12 ml/min at birth, increasing to 140 ml/min at 
one year of age [67]. The maturation of the GFR is thus accelerated in the 
early post-natal period [73-74, 76-78]. WT corrected adult values for GFR 
are reached by 2.5 to 5 months after birth [67]. 

Markers of renal function 
The gold standard for evaluation of GFR is to measure the urinary or plasma 
CL of exogenous markers, such as inulin, iohexol or isotopically labeled 
compounds [79]. However, these methods are expensive and time-
consuming and endogenous markers are therefore often preferred in clinical 
practice. An ideal endogenous marker should be eliminated exclusively by 
glomerular filtration, have low protein binding and be easily measured. It is 
also of high importance that the marker has a stable production rate and that 
it is not affected by pathological changes [80]. The most commonly used 
endogenous marker for GFR is serum creatinine. However, creatinine has 
several limitations as a marker for GFR, such as being influenced by age, 
gender, muscle mass, and diet [81-82]. Another limiting factor when it is 
used in newborns is that creatinine crosses the placental barrier. The plasma 
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levels in neonates during the first post-natal period therefore reflect the ma-
ternal levels rather than neonatal renal function [83]. Cystatin C is an endo-
genous marker that has recently shown promising results as a marker for 
GFR [84-85]. Cystatin C is produced by most nucleated cell types and is 
freely filtered through the glomerular membrane and then re-absorbed and 
metabolised in the renal tubular cells [86]. The production rate of cystatin C 
in children seems to be independent of age and gender and, since it does not 
cross the placental barrier, cystatin C has the potential of being a useful renal 
marker in neonates [87-88]. However, its use in predicting drug elimination 
in the neonatal population has not yet been validated. 

Allometric scaling 
As described above, PK in newborn infants change with size (often de-
scribed using WT) as well as the maturation of organ function. Thus, in or-
der to show good predictive capacity, the PK model should preferably ac-
commodate the effects of both size and maturity. One complicating factor is 
that the patient characteristics describing maturation (such as age) are highly 
correlated with size. Previously, the dose was commonly linearly scaled 
according to the WT [89]. Now, however, it is widely recognized that there 
is a non-linear correlation between WT and drug elimination and allometry 
is often used to describe this non-linearity according to:   

PWRWTaP ⋅=    (2) 

where P is the parameter of interest, a is the allometric coefficient and PWR 
is the allometric exponent. The allometric exponent is usually set as 1 for V 
and ¾ for CL [90-91]. Commonly, WT is included as a fixed primary cova-
riate according to the allometry. This allows for other clinical characteristics 
that are highly correlated with WT, such as age, to be evaluated as secondary 
covariates independently of size [89]. 

PD of gentamicin  
As for other aminoglycosides, gentamicin exhibits a concentration-
dependent antibacterial effect with the presence of a PAE. The effect of gen-
tamicin has been correlated either with fCmax/MIC or fAUC/MIC, with target 
breakpoints of 8–10 or 80–100, respectively [32, 92-94]. After initial expo-
sure to gentamicin, the bacteria also show a period of adaptive or phenotypic 
resistance. This is a reversible form of resistance where short-term gentami-
cin exposures results in a transient period of reduced killing activity in an 
originally susceptible bacterial population. Adaptive resistance has been 
demonstrated in both in vitro and in vivo studies. The mechanism of this 
resistance is thought to involve down-regulation of the uptake of the aminog-
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lycoside by the bacteria [95-97]. Adaptive resistance typically emerges soon 
after the first dose is administered and it is often hours or even days after 
drug removal before the bacteria regain full susceptibility [97]. 

The use of aminoglycosides is limited by their ability to cause nephrotox-
icity and ototoxicity. Nephrotoxicity is caused by drug accumulation within 
the renal proximal tubule [98]. Animal studies have shown that the uptake, 
and thus the toxicity, of aminoglycosides is saturable in the clinically rele-
vant concentration range [99] and also that continuous infusion regimens 
result in higher drug accumulation than intermittent dosing regimens using 
the same total daily dose [100]. In clinical studies, high trough levels have 
been associated with increased serum creatinine concentrations [101-102] 
and once-daily dosing regimens have been shown to be less nephrotoxic than 
twice-daily regimens involving the same total daily dose [103]. The relation-
ship between ototoxicity and aminoglycoside levels is still not well characte-
rized, but ototoxicity has been speculated to be correlated with the total ami-
noglycoside exposure [104]. The characteristics of concentration-dependent 
effect, PAE, and saturable renal uptake all promote the use of higher doses 
given less frequently. Understanding of how the development and reversal of 
adaptive resistance is influenced by the different dosing regimens and how to 
take adaptive resistance into account in order to improve dosing regimens is 
still limited. 

Gentamicin dosing regimens in newborns 
Historically, the dosing regimen of gentamicin involved multiple daily 

doses, typically of 2–2.5 mg/kg every 12–24 hrs. Lately, extended dosing 
intervals, based on the PD characteristics described above, are more widely 
used. Several meta-analyses have demonstrated either equivalence or supe-
riority for extended-interval dosing regimens in terms of efficacy and neph-
rotoxicity [105-108]. In neonates, gentamicin dosing regimens currently 
involve doses of 4–5 mg/kg every 24–48 hrs initially, depending on GA, 
post-natal age (PNA) and/or WT [68]. Because of extensive, un-explained 
variability between and within individuals in the disposition of gentamicin, 
concentrations need to be closely monitored and dosing adjustments are fre-
quently required in order to reach therapeutic levels. With an appropriate a 
priori individualized dosing regimen based on predictive covariates, thera-
peutic levels would hopefully be reached more quickly and the need for con-
centration monitoring could be reduced. 

Although the PK of gentamicin in neonates have been extensively studied 
over the years, there is still no consensus on the most appropriate model 
(including the parameter-covariate relationships) to use in the design of op-
timal dosing regimens. Numerous retrospective studies based on data origi-
nally collected for routine therapeutic drug monitoring (TDM) have been 
described [109-115]. However, this type of data often contains insufficient 
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information to describe the known complex multi-compartmental PK of 
gentamicin [64]. A small and/or homogeneous study population also limits 
the power to identify covariates relevant for improved dosing regimens. 

Based on the PD characteristics described above, the dosing recommenda-
tions for gentamicin are designed to reach a high peak concentration (>8–10 
mg/L) together with a low trough concentration (<1–2 mg/L). These target 
concentrations will, however, always favor the use of extended dosing inter-
vals. Because of the poor elimination capacity of neonates, dosing intervals 
as long as 60 hrs have recently been suggested [116]. However, when decid-
ing on dosing recommendations, it should be remembered that the target 
concentrations are derived from regimens involving multiple daily doses, 
and prolonging the dosing interval too far will eventually allow surviving 
bacteria to re-grow between doses. In vitro time-kill studies simulating the 
neonatal concentration-time profile could provide better PD characterization 
in this patient sub-population. 

Pharmacometrics 
Pharmacometrics has been defined as “the science of developing and apply-
ing mathematical and statistical methods to characterize, understand, and 
predict a drug’s PK, PD, and biomarker-outcome behavior” [117]. Pharma-
cometric models quantitatively characterize the relationships between drug 
dose, plasma concentration, biophase concentration (PK), and drug effects or 
side-effects (PD). The goal of these models is to summarize the data but, 
more importantly, also to reach a more thorough understanding of these 
processes and to predict future untested scenarios. 

Mixed effects modeling 
In mixed effects analysis, the data from all patients or all experiments are 
modeled simultaneously. With this approach, it is possible not only to de-
scribe the mean tendencies in the population (i.e. the typical values) but also 
to describe the random effects, i.e. the variability between and within indi-
viduals or experiments [118]. The advantages of this approach compared to 
the standard methodology, in which each individual’s data are modeled sepa-
rately, is that it allows relatively complex models to be estimated even if the 
data are sparse or imbalanced. If all data are analysed simultaneously and the 
study is appropriately designed, each individual patient or experiment can 
support different aspects of the model. This approach becomes especially 
valuable, for example, for neonates, where frequent sampling is not feasible 
[119].  

The mixed effects approach also allows differentiation between variability 
between individuals/experiments (inter-individual variability, IIV) and vari-
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ability originating from different types of errors, such as those related to 
dosing or sampling, bio-analytical errors and model misspecification. The 
parameter value in the individual (Pi) can be described according to: 

iePi
ηθ ⋅=    (3) 

where � is the typical value of the parameter in the studied population and �i  
is the random effect describing the difference between the typical parameter 
value and the parameter value in the individual patient/experiment. Although 
the distribution of � (i.e. the parameter distribution in the population) may 
attain any shape, a log-normal parameter distribution (as in equation 3) is 
most often assumed. The residual error (�ij) describes the difference between 
an individual observation (yij) and the corresponding model prediction ac-
cording to: 

ijiijij PXfy ε+= ),(   (4) 

where ƒ symbolises a linear or non-linear function, Pi is a vector of individ-
ual model parameters and Xij is a vector of independent variables, such as 
time or dose. The independent variables can also represent covariates. Co-
variates are typically patient characteristics such as weight, age or kidney 
function which, when introduced into the model, are able to reduce the un-
explained variability. As for �, the residual error (�) may attain any shape. 
Equation 4 corresponds to an additive residual error model, but proportional 
or combined additive and proportional residual error models are also fre-
quently used.  

Commonly, the model is evaluated in term of its ability to characterise the 
same data that were used in its development (internal validation). Although 
of high importance, in forecasting new patients or new types of studies or 
experiments, internal validation could potentially provide an over-optimistic 
projection. A valuable complement is therefore to perform the evaluation 
using data from a new set of individuals or experiments, i.e. to perform an 
external validation.  
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Aims 

The general aim of the thesis was to develop predictive pharmacometric 
models for antibacterial agents to provide a better understanding of PK and 
PD processes as a basis for improved dosing strategies.  
 
The specific aims were: 
  
• To develop semi-mechanistic PKPD models to describe the time course 

of effects observed in in vitro bacterial cultures exposed to antibacterial 
agents with different mechanisms of action. 
 

• To evaluate the performance of the developed PKPD model in (i) pre-
dicting antibacterial effects across experimental designs and (ii) predict-
ing the currently used PK/PD indices. 
 

• To describe the PK of gentamicin in preterm and term newborn infants 
in a prospective clinical study and to evaluate different dosing regimens 
based on previously used therapeutic targets as well as a semi-
mechanistic PKPD model. 
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Materials and Methods 

In vitro data 
Bacterial strains and media 
Streptococcus pyogenes group A, M12 NCTC (National Culture Type Col-
lection) P1800 was used as test organism in Papers I and II. In Paper IV, the 
test organism was E. coli ATCC (American Type Culture Collection) 25922.  

Todd-Hewitt broth was used as liquid medium for experiments with S. 
pyogenes, and Mueller Hinton broth supplemented with Ca2+ and Mg2+ was 
used for experiments with E. coli. The bacteria were seeded on blood agar 
plates (Columbia agar base with 5% horse blood) for viable count measure-
ments. 

Antibiotics and MICs 
The following six antibacterial drugs were used in the in vitro studies: ben-
zylpenicillin (Bensylpenicillin AstraZeneca®, AstraZeneca), cefuroxime 
(Zinacef®, GlaxoSmithKline), erythromycin (Abboticin®, Abbott), gentami-
cin (Sigma-Aldrich), moxifloxacin (Bayer) and vancomycin (Vancomycin 
Abbott®, Electra-Box Pharma) (Table 2). Fresh stock solutions were pre-
pared prior to each experiment by dissolving the antibiotic in sterile distilled 
water (benzylpenicillin, cefuroxime, erythromycin, gentamicin, and moxif-
loxacin) or sterile phosphate buffer saline (vancomycin). The desired con-
centrations were obtained after appropriate dilutions in liquid medium.  

The MIC values for benzylpenicillin, erythromycin, moxifloxacin and 
vancomycin were determined by E-tests (Biodisk AB, Solna, Sweden). For 
cefuroxime and gentamicin, the MIC was determined by the macrodilution 
technique, according to the guidelines of the Clinical and Laboratory Stan-
dards Institute (formerly NCCLS). The MIC was determined in at least trip-
licate on separate occasions. The MICs for S. pyogenes were 0.012, 0.0313, 
0.125, 0.125 and 0.25 mg/L for benzylpenicillin, cefuroxime, erythromycin, 
moxifloxacin and vancomycin, respectively. The MIC of gentamicin for E. 
coli was 2 mg/L. 
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Time-kill curve experiments 
In the time-kill curve experiments, the culture vessel was filled with liquid 
medium and bacteria from a 6 h logarithmic growth phase culture were add-
ed to obtain a start inoculum of approximately 106 CFU/ml. Antibiotics were 
added to achieve the desired start concentrations and the experiments were 
incubated at 35ºC for 24 or 48 hrs, during which samples were taken fre-
quently for viable count measurements. The samples were serially diluted 
and plated onto two to four blood agar plates. After incubation at 35°C for 
18 to 24 hrs, the CFUs were counted manually. The limit of detection (LOD) 
was 10 CFU/ml and drug carry-over was assessed by visual inspection of the 
distribution of colonies on the plates. Each time-kill experiment was carried 
out in at least duplicate on separate occasions. Growth control experiments 
(i.e. experiments without addition of antibiotics) were included for both the 
static and dynamic experiments. For the growth control experiments, start 
inocula lower than 106 CFU/ml were also used in order to fully characterize 
the growth kinetics. All viable counts were transformed into natural loga-
rithms before data analysis. A summary of the time-kill curve experiments 
performed in this thesis (with experimental type, initial concentrations and 
simulated half-lives) is shown in Table 2.  

Static time-kill curve experiments 
The static time-kill curve experiments were performed using 10 ml glass 
tubes with a total broth volume of 4 ml. The tubes were placed in sand to 
minimize fluctuations in the temperature during the experiments. 

Dynamic time-kill curve experiments 
A previously described in vitro kinetic system was used to perform the dy-
namic time-kill curve experiments [15, 24]. In this system, an open-
bottomed spinner flask (110 ml) is connected to a pump which removes me-
dium at a constant rate (Figure 1). This creates negative pressure in the cul-
ture vessel and fresh medium is sucked into the vessel, resulting in a first-
order elimination rate of the antibiotic. A filter membrane and a pre-filter are 
placed between the base and the flask to prevent dilution of the bacteria and 
thus keep the system closed. A magnetic stirrer is placed above the mem-
brane to prevent membrane blockage and to ensure homogeneous mixing. 
One side arm of the spinner flask is connected to a vessel containing the 
fresh medium to be drawn into the flask. A silicone membrane is inserted 
into the other side arm to enable repeated sampling.  
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Figure 1. Schematic illustration of the in vitro kinetic system used for the dynamic 
time-kill curve experiments. 

Antibiotic stability 
The stability of the antibiotics during the incubation period was tested in 
separate time-kill curve experiments at two different initial concentrations. 
The antibiotic concentrations were analyzed using the microbiological agar 
diffusion method (Paper I) or fluorescence polarization immunoassay (Paper 
IV) and the degradation was assumed to follow first-order kinetics. 

Table 2. Summary of the time-kill curve experiments performed in the thesis 

Drug Type Initial Concentrationsa (�) Sim t1/2 (h) Paper 

Benzylpenicillin Static 0.0625, 0.125, 0.25, 0.5, 1, 2, 4, 16, 64 - I 
 Dynamic 2, 16 0, 1.0, 3.0 II 
 Repeated 2 (4 h), 16 (11 h) 1.0 II 
Cefuroxime Static 0.0625, 0.125, 0.25, 0.5, 1, 2, 4, 16, 64 - I 
 Dynamic 2, 16 0, 1.7, 5.1 II 
Erythromycin Static 0.0625, 0.125, 0.25, 0.5, 1, 2, 4, 16, 64 - I 
 Dynamic 2, 16 0, 1.7, 5.1 II 
Gentamicin Static 0.0625, 0.125, 0.25, 0.5, 1, 2, 8 - IV 
 Dynamic 1.0, 2.0, 3.9, 8 2.1b, 19.1c IV 
 Repeated 2.0 (6 h,12 h), 3.9 (24 h), 8 (24 h) 2.1b, 19.1c IV 
Moxifloxacin Static 0.25, 0.5, 1, 2, 4, 16, 64 - I 
 Dynamic 2, 16 0, 12.7, 38.1 II 
Vancomycin Static 0.25, 0.5, 1, 1.5, 2, 4, 16, 64 - I 
 Dynamic 2, 16 0, 5.1, 15.2 II 
a as multiples of MIC 
b corresponding to the first flow-rate for gentamicin two-compartment kinetics 
c corresponding to the second flow-rate for gentamicin two-compartment kinetics 

 

Sample port

Fresh medium

Spent medium

0.45 μm filter

Pump
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Clinical data 
A prospective clinical study was performed in the Neonatal Intensive Care 
Unit (NICU) at the University Children’s hospital, Uppsala, Sweden, with 
the aim of characterizing the population PK of gentamicin in preterm and 
term newborn infants. Approval was obtained from the Regional Ethics 
Committee of Uppsala University, Sweden, and the Swedish Medical Prod-
uct Agency. All parents gave their written informed consent prior to inclu-
sion.  

Patients 
All neonates receiving gentamicin in the NICU between March 2005 and 
September 2006 were eligible to be included in the study. Gentamicin (Ga-
ramycin®, Schering-Plough) was administered intravenously as short infu-
sions over 5 minutes at an initial dosing of 4 mg/kg every 24 hours. The 
maintenance dosing regimen was adjusted according to routine TDM sam-
pling in order to achieve peak concentrations (1 hr post-infusion) of 8–10 
mg/L and trough concentrations of <2 mg/L. In addition to the routine TDM 
samples, an average of four extra study samples were taken per individual 
for gentamicin analysis. The extra study samples were taken on treatment 
days 2 and 5 and included one sample taken approximately 15 minutes after 
the end of the infusion and one sample taken 4–8 hrs after the end of the 
infusion. Samples for analysis of creatinine and cystatin C concentrations 
were taken on treatment days 1, 2 and 5. If a patient included in the study 
received additional gentamicin treatment while in the NICU, the TDM data 
related to this treatment period were collected and included in the analysis. 

Chemical assays 
All chemical assays related to the in vivo study were performed at the De-
partment of Clinical Chemistry, University Hospital, Uppsala. Concentra-
tions of gentamicin in serum were analyzed using fluorescence polarization 
immunoassay technique (TDx, Abbott Laboratories). The limit of quantifica-
tion (LOQ) was 0.3 mg/L and the coefficient of variation (CV) was <7%. 
Plasma creatinine levels were measured using the modified kinetic Jaffe 
reaction (LOQ 18 μmol/L, CV <3.2%). Plasma cystatin C concentrations 
were analysed using immunoassays (LOQ 0.3 mg/L, CV <4.8%) [120-121]. 
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Model development 
The model development was performed using NONMEM and all available 
data within each paper were modeled simultaneously. 

Semi-mechanistic PKPD model (Papers I–II, IV) 
As a first step, a general semi-mechanistic PKPD model was developed 
based on static time-kill curve experiments where an S. Pyogenes strain was 
exposed to a wide range of constant concentrations of the five antibiotics: 
benzylpenicillin, cefuroxime, erythromycin, moxifloxacin and vancomycin 
(Table 2, Paper I). In the second step, a set of dynamic time-kill curve expe-
riments was carried out to evaluate the ability of the PKPD model to predict 
the time course of the antibacterial effects when the concentration of the 
antibiotic decreased over time, using similar half-lives to those observed in 
patients (Table 2, Paper II). The model was then developed further to charac-
terize the bactericidal activity of a range of gentamicin exposures, both static 
and dynamic, on a strain of E. coli (Table 2, Paper IV). The PKPD model 
was expanded in this step to characterize the development and reversal of 
phenotypic or adaptive resistance.  

Structural model 
The concentration of the antibiotic (C) was constant, decreasing because of 
drug instability (kdeg) or decreasing according to an elimination rate (ke), as 
simulated in the in vitro kinetic system (equation 5). The degradation rate 
was determined in separate time-kill curve experiments and was assumed to 
follow first-order kinetics. An effect compartment model was used to allow 
for a possible time delay between adding the drug and observing an effect in 
terms of enhanced bacterial killing (equation 6). The effect delay was cha-
racterized by a first-order rate constant (ke0) and the effect compartment (CE) 
was introduced without affecting the mass balance of the kinetic compart-
ment (C) [122].  

CkCkdtdC e ⋅−⋅−= deg/    (5) 

E0e0eE CkCkdtdC ⋅−⋅=/    (6) 

In this model, in order to describe the decrease in net growth rate when the 
system is approaching the stationary phase, the bacterial system was de-
scribed by implementing the idea of phenotypic switching between normally 
growing cells and persister cells with reduced growth rates [43-45]. A model 
in which the total bacterial population was divided into two subpopulations, 
one growing population (S) and one resting population (R), was used (equa-
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tions 7–8). In the early logarithmic growth phase, most of the bacteria were 
assumed to be in the growing stage (S), with the net growth rate determined 
by the rate constant for multiplication of bacteria (kgrowth) and the rate con-
stant for natural death of bacteria (kdeath). In the resting stage (R), the bacteria 
show no growth, although they were still assumed to have the same rate of 
natural death as the bacteria in the growing stage. 

RkSkSkSkdtdS RSSRdeathgrowth ⋅+⋅−⋅−⋅=/  (7) 

RkSkRkdtdR RSSRdeath ⋅−⋅+⋅−=/   (8) 

It was assumed that bacteria in the growing stage would be transformed into 
the resting stage when the total bacterial content in the system reached high 
values, with a rate constant kSR. It was found that kSR could be well described 
using a linear function with a proportionality constant multiplied by the total 
bacterial content in the system (S+R). Instead of estimating this proportio-
nality constant, the model was re-parameterized to estimate the more easily 
comprehensible parameter Bmax, which is the number of bacteria in the sta-
tionary phase (equation 9).  
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The experiments included in this thesis were not designed to characterize the 
reversibility of the formation of persister cells. The transfer from the resting 
stage into the sensitive stage (kRS) was considered to be negligible in these 
experiments and was set at 0.  

It was also assumed that the antibacterial drugs would only affect the bac-
teria in the growing stage. With this assumption, the presence of persister 
cells also characterizes the reduced drug-sensitivity at high bacterial counts 
as well as the biphasic killing behavior often seen in time-kill curve experi-
ments. The antibacterial effect was assumed to be non-linearly dependent on 
the drug concentration in the effect compartment (CE) and was modeled us-
ing a sigmoidal Emax model (equation 10) where Emax is the maximum 
achievable killing rate of the bacteria in the susceptible stage, EC50 is the 
concentration of the antibiotic that results in 50% of Emax, and � is the sig-
moidicity factor characterizing the steepness of the concentration-effect rela-
tionship. Simple Emax models (� set to 1) and linear models were also eva-
luated. It was assumed that the drug effect would be an increase in the death 
of the bacteria in the growing drug-susceptible population and this drug ef-
fect was incorporated into equation 7 according to equation 11. 
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RkSkSDRUGkSkdtdS RSSRdeathgrowth ⋅+⋅−⋅+−⋅= )(/ (11) 

Adaptive resistance of gentamicin  
The development of adaptive resistance on exposure to gentamicin was 
modeled using a binding function, where the degree of binding resulted in a 
reduction in Emax (equations 12–14). The degree of reduction in Emax was 
determined by a relative fraction that was transferred from a compartment 
representing adaptive resistance being turned off (AROFF) to a compartment 
with adaptive resistance being turned on (ARON). At the start of the experi-
ments the relative fraction was 1 in AROFF and 0 in ARON. The gentamicin 
concentration (CE) was driving the transfer from AROFF to ARON. kon and koff 
describe the rates of development and reversal of adaptive resistance, respec-
tively. Emax(0) represents the maximum achievable rate constant for bacterial 
killing when no adaptive resistance has developed and AR50 is the relative 
amount in the compartment for adaptive resistance (ARON) needed to reduce 
Emax(0) by 50%. 

ONoffEOFFonON ARkCARkdtdAR ⋅−⋅⋅=/  (12) 

ONoffEOFFonOFF ARkCARkdtdAR ⋅+⋅⋅−=/  (13) 
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Models for random effects 
Inter-experimental variability was not estimated. However, the mixture 
module in NONMEM was used to allow for some variability in the propor-
tion of bacteria in the resting stage in the start inocula (Papers I–II). Two 
subpopulations of experiments were allowed. In the first subpopulation, no 
resting bacteria were present in the start inocula. The proportion of the total 
number of experiments belonging to the first subpopulation (fmix1) and the 
fraction of bacteria in the resting stage (R) in the start inocula in the second 
subpopulation (fpers) were estimated as parameters. 

Additive residual error on the natural logarithmic scale was applied. Since 
each sample was plated onto several plates and all raw data from all eva-
luated plates were included in the data analysis, there was more than one 
observation per sampling time point. To avoid bias that may occur as a result 
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of  correlations between these replicate samples, the residual error was di-
vided into and estimated as two components: one common residual error (�) 
and one replicate-specific error (�repl) [123]. The level-two (L2) data item in 
NONMEM was used to group the replicate measurements together. 

Population PK of gentamicin in newborn infants (Paper III) 
Basic model 
One-, two- and three-compartment models were fitted to untransformed or 
ln-transformed gentamicin concentration data. Inter-individual variability, 
covariance and inter-occasion variability in model parameters were allowed 
and assumed to be log-normally distributed. The residual error was modeled 
using additive, proportional or combined additive and proportional error 
models.  

Covariate model 
In neonates, both size and organ maturation have a profound influence on the 
PK profile. Covariates representing size and maturation are, however, often 
highly correlated and this needs to be addressed in the analysis. In this study, 
size (represented by WT) was included in all model parameters as the prima-
ry covariate, using allometric scaling according to:   

PWR
1 WTP ⋅=θ    (15) 

where �1 represents the typical value of the parameter P in a neonate weigh-
ing 1 kg, and PWR is the allometric scaling parameter, set to ¾ for CL and 
inter-compartmental clearances (Q) and 1 for V [90, 124-125]. Additional 
covariates were included in a stepwise fashion, with forward inclusion and 
backward deletion using automated stepwise covariate model building 
(SCM) [126]. Categorical relationships were introduced according to:  

( )COV1P 21 ×+×= θθ    (16) 

where �1 is the population estimate for category 1 and �2 is the fractional 
difference in P between categories 1 and 2. Continuous covariate relation-
ships were first introduced in a linear fashion according to: 

))(( median21 COVCOV1P −×+×= θθ   (17) 

where �1 is the typical value for the parameter P in a patient with the median 
covariate value (COVmedian) and �2 is the fractional change in P with each 
unit deviation from COVmedian. If a covariate was included in a linear fashion, 
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non-linear inclusion (e.g. power, exponential or piece-wise linear relations) 
was also tested. 

Only covariates that were regarded as likely to have an essential impact 
on a parameter were considered. Investigated covariates included: WT, 
PNA, GA, post-menstrual age (PMA), creatinine, 1/creatinine, cystatin C, 
1/cystatin C, GFR calculated using cystatin C [121], and concomitant medi-
cation with potentially nephrotoxic drugs (cefuroxime, vancomycin or indo-
methacin). All three of the covariates describing age, i.e. GA, PNA and 
PMA, were considered for inclusion in the first step of the covariate analy-
sis. However, PMA was not considered for inclusion if PNA or GA were 
already in the model. Similarly, GA or PNA were not investigated if PMA 
was previously included.  

Handling data below the LOD and LOQ 
The way in which data below the LOD or LOQ are handled can influence 
the results [127]. In Paper I, only a small fraction of the data were <LOD and 
only the first value in a consecutive series of values <LOD were entered in 
the dataset (as LOD/2) and all other values <LOD were omitted. In Papers II 
and IV, a larger fraction of the observations were <LOD. In these studies, 
the M3 method was used; in which all observation time-points were retained 
in the analysis, and data <LOD were handled using a likelihood-based ap-
proach, including an estimation of the probability of observing data <LOD 
for these observation records. In Paper III, only one value was <LOQ and 
this value was omitted from the analysis.  

Model selection 
The modeling process was guided based on several criteria including: me-
chanistic plausibility, the objective function value (OFV) supplied by 
NONMEM, the precision of the parameter estimates, and evaluation of 
graphical diagnostic plots. The likelihood ratio test was used to evaluate 
statistically significant differences between nested models. The difference in 
OFV approximately follows a �2 distribution with the number of degrees of 
freedom corresponding to the difference in the number of parameters be-
tween the full and reduced models [128-129]. As an example, for a statistical 
significance level of p<0.001, the more complex model (one extra parame-
ter) was chosen if the reduction in OFV was at least 10.83. In the covariate 
analysis in Paper III, the importance of retaining a covariate was also as-
sessed from the magnitude of the covariate effect and the magnitude of re-
duction in inter-individual and residual variability. 
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Evaluation of model performance 
Internal model evaluation (Papers I–IV) 
Simulation-based diagnostics are currently frequently used for internal eval-
uation of pharmacometric models [130]. Summary statistics, such as median 
and prediction intervals (PI), are calculated based on simulations from the 
model using the original dataset as template. The numeric predictive check 
(NPC) evaluates the appropriateness of the model by numerically presenting 
the number of observations falling within the prediction intervals (PI). With 
the visual predictive check (VPC), a graphical comparison of the distribution 
(median and PIs) of the simulated data and the observed data is performed.  

The PKPD model developed in Paper I was evaluated using internal mod-
el validation with cross validation (XV) and case-deletion diagnostics 
(CDD). During the XV, data from experiments using the same drug concen-
tration were excluded one by one and the model parameters were re-
estimated based on the remaining data. The excluded experiments were then 
predicted using the re-estimated parameter values. In the CDD, data from 
either one day of experiments or one single experiment were excluded from 
the full dataset. The parameter values were then re-estimated and compared 
with the estimates from the model based on the full dataset.  

External model evaluation (Paper III) 
External model validation was used to assess the predictive performance of 
the population PK model developed in Paper III. An external evaluation 
dataset was used, comprising 270 gentamicin concentration measurements 
(96 peak concentrations, 154 trough concentrations and 20 mid-point sam-
ples) from 113 neonates collected in a previous study [110]. The predictive 
performance was assessed by applying the final model, without parameter 
re-estimation, to the evaluation dataset. For each observation in the evalua-
tion dataset, the prediction error (PE) was assessed based on the population 
predicted concentration (according to 100×(Cpred-Cobs)/Cobs). Bias and preci-
sion were assessed in terms of the mean prediction error (MPE) and the 
mean absolute prediction error (MAPE) [131]. 

Model performance across experimental designs (Paper II) 
The performance of the developed semi-mechanistic PKPD model (Paper I) 
in describing and predicting observed bacterial counts within and across 
experimental designs was assessed using simulation-based diagnostics. The 
observed data (static and dynamic) were compared to model-simulations 
where the parameter estimates were obtained using three different sets of 
data: (i) static experiments, (ii) dynamic experiments, (iii) combined static 
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and dynamic experiments. The combined dataset (iii) was used as template, 
and 1000 simulated datasets were generated for each of the three scenarios 
(i.e. parameters estimated using the datasets i–iii). The observed data were 
compared with the distribution (median and 95% PI) of the simulated data 
and presented graphically as VPCs. The impact of differences in experimen-
tal setup between the static and dynamic experiments was also investigated 
using SCM, where the setup (i.e. static or dynamic experiments) was intro-
duced as a potential categorical covariate (equation 16) for each estimated 
parameter in the model.  

Predicting in vivo PK/PD indices (Paper V) 
The developed PKPD model was evaluated for its capacity to predict the 
previously determined PK/PD indices for the six drugs investigated in the 
thesis. To evaluate and challenge the methodology used in the establishment 
of the PK/PD indices, the sensitivity to factors such as different PK characte-
ristics, uncertainty in MIC, and choice of PD endpoint were also investigated 
by altering the simulation settings. 

Simulated dosing regimens 
A dose-fractionation study was simulated for each of the six drugs. A wide 
range of total daily doses (n=16) was simulated to be administered as con-
stant drug exposures or with dosing intervals of 4, 8, 12 and 24 hrs. The 
simulated doses corresponded to the daily doses needed to achieve an aver-
age unbound plasma concentration at steady state (Cuss,av) of 0.0078– 
256×MIC for each respective drug. In the simulations, benzylpenicillin, ce-
furoxime and gentamicin were administered as intravenous bolus injections 
and erythromycin, moxifloxacin and vancomycin were administered as con-
tinuous intravenous infusions over 60 min. For each drug, a common clini-
cally used total daily adult dose was also included. These were as follows: 
6000 mg, 2250 mg, 1200 mg, 315 mg, 400 mg, and 2000 mg daily for ben-
zylpencillin, cefuroxime, erythromycin, gentamicin, moxifloxacin and van-
comycin, respectively. 

Default simulation setting 
PK models were searched for in the literature and combined with the semi-
mechanistic PKPD model developed in Papers I–II and IV. For benzylpeni-
cillin and gentamicin, three-compartment PK models were used to simulate 
the human concentration-time profile [63, 132]. For cefuroxime, erythromy-
cin, moxifloxacin and vancomycin, two-compartment PK models were used 
[133-136]. The combined models were used to predict the bacterial killing 
kinetics in a start inoculum of 106 CFU/ml following the dosing regimens 
described above. The bacterial count after 24 hrs of drug exposure was used 
as the PD endpoint. 
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Altered simulation settings 
• Modification of PK. Predictions were performed after (i) CL was re-

duced to 1/3 of its value in the default setting and (ii) the PK model was 
altered to characterize the concentration-time profile for benzylpenicillin 
and gentamicin in preterm neonates (GA 30 weeks, PNA 2 days) [137-
138]. 

• Uncertainty in MIC. The sensitivity to the measured MIC value was 
investigated by changing the MIC to (i) one step-dilution higher or low-
er, i.e. 0.5×MIC and 2×MIC, (ii) the estimated EC50 value, and iii) an 
MIC value calculated from the in vitro PKPD model, i.e. the static con-
centration (adjusted for in vitro drug degradation) that, after an incuba-
tion period of 20 hrs, resulted in a bacterial count of 107 CFU/ml using a 
start inoculum of 5×105 CFU/ml. 

• Alternative PD endpoints. In addition to the bacterial count after 24 hrs 
of treatment, the following alternative PD endpoints were also investi-
gated: (i) the bacterial count after 12, 48, and 240 hrs of exposure; (ii) 
the time needed for the initial inocula to be reduced 100-fold (T99%),       
1 000-fold (T99.9%) or 10 000-fold (T99.99%); and (iii) the area under the 
log10 of the bacterial count curve from 0 to 24 hrs (AUBC24) or 0 to 48 
hrs (AUBC48) [20, 139]. 

• Modification of the concentration driving the antibacterial effect. The 
relationship between the antibacterial effect and the PK/PD indices was 
also assessed by letting the concentration in one of the peripheral com-
partments (instead of the central PK compartment) driving the antibac-
terial effect.  

Data evaluation 
The three PK/PD indices (fCmax/MIC, fAUC/MIC, and fT>MIC) were deter-
mined for each dosing regimen and each of the six drugs [17]. The relation-
ship between the effect and the PK/PD indices was evaluated according to: 

γγ

γ

50
0 EXX

XPDEE
+

⋅−= max    (18) 

where E is the PD endpoint, E0 is the baseline effect representing the value 
of E without drug treatment, X is the value of one of the three PK/PD indic-
es, PDmax is the maximum effect, EX50 is the magnitude of X required to 
achieve 50% of Emax, and � is the sigmoidicity factor, reflecting the steepness 
of the relationship. Each drug and each PK/PD index was fitted separately 
but simultaneously for all data from all dosing regimens. The coefficients of 
determination (R2), the log-likelihood value and a visual inspection of the 
graphs were used in the selection of the PK/PD index that best predicted the 
antibacterial effect. The magnitude of the selected PK/PD index required to 
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achieve a bacteriostatic or bactericidal effect was calculated, where a bacte-
riostatic effect was defined as an unchanged bacterial count at 24 hrs com-
pared with the initial inocula, and a bactericidal effect was defined as a 3 
log10 decrease in bacterial count (99.9% killing) at 24 hrs compared with the 
initial inocula. These simulations were performed without variability, i.e. the 
simulations were predictions based on typical structural model parameters. 

Prediction of gentamicin dosing regimens 
Gentamicin concentration-time profiles were predicted by the PK model 
developed in Paper III and initially evaluated according the traditionally 
used therapeutic target concentrations. It was assumed that the gentamicin 
treatments were started on the day of birth and they included four dosing 
regimens with doses of 4–5 mg/kg (as 5 min infusions) given with dosing 
intervals of 24–48 hrs. The PK profiles were predicted for four typical study 
individuals with GAs of 25, 29, 34 and 40 weeks and birth weights of 778, 
1200, 2710 and 3500 g, respectively. Further, for all studied neonates with 
weight measurements during the first post-natal week, the same four dosing 
regimens were simulated (N=1000) based on the final model using the indi-
vidual covariates. The 10th, 50th, and 90th percentiles of the simulated trough 
and peak (1 hr post-infusion) gentamicin concentrations were calculated 
after the first dose and after one week of treatment for each neonate and plot-
ted against the GA. 

The change in bacterial count over time was also predicted by combining 
the PK model in Paper III with the PKPD model developed in Paper IV. The 
covariate characteristics of the four typical study individuals described above 
were used in the predictions. Also here, it was assumed that the treatments 
would start on the day of birth, and doses of 2–7 mg/kg (as 5 min infusions) 
administered at dosing intervals of 8–48 hrs were included. It was also as-
sumed that the drug concentration in the central PK compartment was driv-
ing the antibacterial effect, i.e. resembling systemic bacteremia, with the 
pathogen located in the plasma compartment. 

Software 
Modeling and simulations were performed using the first-order conditional 
estimation (FOCE) method (Papers I, III), or the Laplacian method (Papers 
II, IV, V) in the population analysis software NONMEM, version VI� or VI 
[129]. The Xpose program [140] (xpose.sourceforge.net, accessed 
2011/02/05), S-Plus (Insightful Corp), and R (www.r-project.org, accessed 
2011/02/05) were used in graphical, statistical and explanatory analyses. 
Pearl-speaks-NONMEM (PsN) was used for SCM, nonparametric boot-
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straps, simulations and calculations for NPC and VPC, and for the execution 
of log-likelihood profiling (LLP) [126, 141](psn.sourceforge.net, accessed 
2011/02/05). In Paper V, R was used to visualize the data, perform non-
linear curve fitting (nls) and calculate the coefficients of determination (R2) 
and log likelihood. 
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Results 

Semi-mechanistic PKPD model 
A semi-mechanistic PKPD model was developed to describe bacterial 
growth and killing kinetics in in vitro bacterial cultures following a wide 
range of exposures to six antibacterial drugs with different mechanisms of 
action. A schematic illustration of the final model is shown in Figure 2. This 
figure represents the full model. Reductions were made when the model was 
applied to subsets of the data. For instance, the PK component was reduced 
to a single central drug compartment when the model was applied to the data 
from the time-kill curves. Similarly, the part describing adaptive resistance 
was only used when there was an indication of such resistance in the data.  

 
 

 
Figure 2. Schematic illustration of the full PKPD model describing the time course 
of drug concentration, bacterial growth and killing after antibacterial treatment, and 
the development and reversal of adaptive resistance. C, central drug compartment; 
P1 and P2, peripheral drug compartments (used for simulation purposes); CE, drug 
effect compartment; AROFF and ARON, compartments describing adaptive resistance 
(used for gentamicin); S, proliferating, drug-sensitive bacteria; R, resting, drug-
insensitive bacteria; ke, drug elimination rate constant; kdeg, rate constant for drug 
degradation; ke0, rate constant for effect delay; kon and koff, rate constants for devel-
opment and reversal of adaptive resistance, respectively;  kgrowth, and kdeath, rate con-
stants for multiplication and degradation of bacteria, respectively; kSR, rate constant 
for transformation from the growing, sensitive stage into the resting stage. 
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General PKPD model (Papers I–II) 
Representative time-kill curves for the static experiments used in the initial 
development of the PKPD model are shown in Figure 3. In these experi-
ments, an S. pyogenes strain was exposed to a wide range of constant con-
centrations of the five antibiotics: benzylpenicillin, cefuroxime, erythromy-
cin, moxifloxacin and vancomycin. As expected, bacteria exposed to no 
antibiotics or low concentrations of antibiotics grew exponentially until high 
bacterial counts were reached and a stationary level was approached (Figure 
3). At higher drug concentrations, the killing curve was biphasic, with a de-
cline in the killing rate over time, for all antibiotics except vancomycin. 
Vancomycin only produced a modest antibacterial effect and showed indica-
tions of an all or nothing effect. For the same bacterial strain and antibiotics, 
a second set of experiments with dynamic concentration-time profiles were 
performed (Figure 4, right panel) with varying start concentrations (2 and 16 
×MIC) and elimination conditions (human half-life, reduced half-life and 
constant concentrations). In these experiments, the initial bacterial killing 
was typically followed by bacterial regrowth as the drug concentration de-
clined. 

 
Figure 3. Time-kill curves for S. pyogenes after exposure to five antibiotics at static 
concentrations ranging from 0–64 times the MIC. Data from single experiments are 
shown and the lines represent model predictions using estimation based on the static 
data alone. 
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When the static and dynamic time-kill curve data were analyzed separately, 
the final PKPD model described both types of data well for all five studied 
antibiotics. As shown in the VPCs in Figure 4, the final model also ade-
quately described both the static and dynamic data when they were analyzed 
simultaneously. However, with the simultaneous analysis, the model slightly 
under-predicted the effects of vancomycin in some of the dynamic experi-
ments (Figure 4, top panel). In contrast, the model over-predicted the effects 
towards the end of the experiments for the lower initial concentration of 
cefuroxime using a reduced half-life (Figure 4, CXM 2:r).  

 
Figure 4. VPCs for the final PKPD model describing the growth and killing kinetics 
of an S. pyogenes strain using estimation based on the combined dataset (static and 
dynamic experiments). The figure shows a selection of the static time-kill curves 
(left) and the dynamic time-kill curves (right) with observations (	) and model pre-
dictions as medians (solid lines) and 95% PIs (broken lines). Observed bacterial 
counts below the LOD are plotted as 5 CFU/ml. PEN, benzylpenicillin; CXM, cefu-
roxime; ERY, erythromycin; MXF, moxifloxacin; VAN, vancomycin. The number 
in panel strip indicates the start concentration of the antibiotic as a multiple of the 
MIC; n, simulated human half-life; r, simulated 1/3 of human half-life; c, constant 
concentration in the in vitro kinetic system. 

Final parameter estimates (typical value and relative standard error, RSE%) 
from separate and simultaneous analyses of data from the static and dynamic 
experiments are presented in Table 3. A sigmoidal Emax model gave a signif-
icantly better fit than the ordinary Emax model (� set to 1) for all five antibio-
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tics. For erythromycin, � was estimated to be less than one, indicating a more 
shallow concentration-effect relationship than for the other studied drugs. In 
some situations, the sigmoidicity factor was estimated to very high values 
(>50). Because these high values could result in mathematical problems in 
the minimization process, � was fixed at the lowest value that did not have 
an effect on the fit (in this case, 20). Implementation of a mixture model that 
allowed for variations in the fraction of bacteria in the resting stage at the 
start of the experiment significantly improved the fit (resulting in a drop in 
OFV of 279 units). 

Table 3. Parameter estimates (typical value and RSE%) of bacterium-specific and 
drug-specific parameters describing the effects of five antibacterial  drugs on S. 
pyogenes, as estimated from separate or combined analyses of static and dynamic 
time-kill curve data. PEN, benzylpenicillin; CXM, cefuroxime; ERY, erythromycin; 
MXF, moxifloxacin; VAN, vancomycin. FIX, parameter not estimated. 

Parameter              Type of data used in parameter estimation 

 Static Dynamic Static and dynamic 
kgrowth  (h-1) 1.35 (5.1) 1.61 (6.2) 1.46 (4.1) 
kdeath (h-1) 0.182 (6.8) 0.342 (12) 0.187 (6.2) 
Bmax (CFUml-1) 4.13×108 (8.4) 7.24×108 (32) 5.00×108 (8.7) 
fpers (-) 0.0547 (48) 0.00810 (54) 0.0652 (49) 
f Mix1 (-) 0.747 (16) 0.698 (21) 0.880 (7.5) 
Emax PEN (h-1) 2.44 (8.4) 3.08 (5.2) 2.70 (7.4) 
Emax CXM (h-1) 3.32 (6.6) 2.73 (5.4) 2.72 (5.1) 
Emax ERY (h-1) 2.03 (6.2) 3.24 (26) 2.46 (13) 
Emax MXF (h-1) 3.21 (4.5) 3.34 (8.0) 3.40 (4.6) 
Emax VAN (h-1) 1.36 (5.1) 1.64 (5.3) 1.52 (5.3) 
EC50 PEN (mgL-1) 0.00436 (8.0) 0.00768 (8.9) 0.00531 (25) 
EC50 CXM (mgL-1) 0.00832 (7.8) 0.0124 (15) 0.00787 (8.3) 
EC50 ERY (mgL-1) 0.0275 (14) 0.0953 (119) 0.0336 (44) 
EC50 MXF (mgL-1) 0.0745 (2.8) 0.145 (3.3) 0.0750 (6.9) 
EC50 VAN (mgL-1) 0.384 (0.9) 0.298 (2.9) 0.304 (13) 
� PEN (-) 1.29 (11) 20 FIX 1.06 (24) 
� CXM (-) 1.69 (8.3) 20 FIX 1.35 (14) 
� ERY (-) 0.770 (19) 0.461 (21) 0.652 (20) 
� MXF (-) 1.59 (6.8) 20 FIX 1.42 (7.6) 
� VAN (-) 20 FIX 20 FIX 4.99 (24) 
ke0 PEN (h-1) 0.990 (9.6) 100 FIX 100 FIX 
ke0 CXM (h-1) 0.848 (19) 100 FIX 100 FIX 
ke0 ERY (h-1) 100 FIX 100 FIX 1.02 (21) 
ke0 MXF (h-1) 0.635 (20) 0.893 (4.5) 0.627 (18) 
ke0 VAN (h-1) 100 FIX 100 FIX 100 FIX 
� (-) 0.986 (10) 1.44 (9.4) 1.40 (7.4) 
�repl (-) 0.465 (4.7) 0.475 (5.2) 0.468 (3.7) 
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In general, there was good agreement between the parameter estimates based 
on static and dynamic time-kill curve experiments and the parameters were 
estimated with acceptable precision. However, due to the sparseness of the 
dynamic data, a separate analysis of these data resulted in greater uncertainty 
(RSE%) for most model parameters. There was also a trend for lower values 
of � when using the combined dataset, which could have been a result of 
differences between the static and dynamic data and/or increased informa-
tion content in the combined dataset. An additive residual error model using 
ln-transformed data adequately described the random variability. The repli-
cate residual error (�repl) and overall residual error (�) was estimated to 0.47 
and 1.40, respectively, using the combined analysis, corresponding to 0.20 
and 0.61, respectively, using log10-transformed data.  

Adaptive resistance of gentamicin (Paper IV) 
A third set of static and dynamic time-kill curve experiments was performed 
in order to characterize the bactericidal activity of gentamicin on a strain of 
E. coli (Figure 5). Initially, exposure to gentamicin caused a rapid and ex-
tensive killing of the bacteria. However, this was followed by bacterial re-
growth in the majority of the experiments. The presence of adaptive resis-
tance was evident from both the static and dynamic time-kill curve experi-
ments and the bacterial killing was consistently limited with subsequent dos-
es for experiments using repeated dosing. 

The general semi-mechanistic PKPD model (Papers I–II) was applied to 
the data and the model was further developed to include the development 
and reversal of adaptive resistance. The final model (Figure 2) characterized 
the development of adaptive resistance by a binding function and, as indi-
cated by the VPCs (Figure 5), it described the observed data well for both 
static and dynamic experiments. Alternative models (e.g. those with a time- 
and concentration-dependent EC50 or a bacterial compartment with adaptive 
resistant bacteria) were tested, but did not fit the data as well.  

Parameter estimates (typical value and 95% CI) are presented in Table 4. 
The antibacterial effect was adequately described by a simple Emax model (� 
set to 1). kSR was set to zero at low bacterial counts to describe the pro-
nounced bacterial killing observed following high gentamicin exposures, and 
the transfer from the sensitive stage into the resting stage only occurred 
when the total bacterial content in the system exceeded an estimated break-
point (2.09×106 CFU/ml). The rate constant for the development of adaptive 
resistance in the presence of gentamicin (kon) was estimated at 0.0426    
Lmg-1h-1. The rate constant for the bacteria to return to the susceptible state 
after developing adaptive resistance (koff) was, because of insufficient infor-
mation in the data, fixed at 50 hrs. The implementation of a mixture model 
to account for variations in the start inoculum was not supported by the data. 
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Figure 5. VPCs for the PKPD model describing the growth and killing kinetics of an 
E. coli strain after static (top) and dynamic (bottom) exposure to gentamicin. Shown 
are observed bacterial counts (	) and model predictions as medians (solid lines) and 
80% PIs (broken lines) of simulated data. The LOD (10 CFU/ml) is included as a 
dotted line; observed bacterial counts below the LOD are plotted as 5 CFU/ml.  

 

Table 4. Parameter estimates (typical value and 95% CI obtained from LLP) for the 
PKPD model describing the killing of E. coli by gentamicin. FIX, fixed parameter. 

Parameter Typical value 95% CI 
kgrowth  (h-1) 2.00 1.89 – 2.27 
kdeath (h-1) 0.179 FIX - 
Bmax (CFUml-1) 8.26×108 6.18×108 – 11.1×108 
Breakpoint (CFUml-1) 2.09×106 1.01×106 – 3.32×106 
Emax (h-1) 51.0 44.6 – 61.6 
EC50 (mgL-1) 9.93 8.45 – 12.1 
AR50 (-) 0.113 0.0983 – 0.146 
kon (Lmg-1h-1) 0.0426 0.0376 – 0.0478 
koff (h-1) 0.0139 FIX - 
�static (-) 1.69 1.52 – 1.83 
�dynamic (-) 2.80 2.56 – 2.98 
�repl (-) 0.618 0.590 – 0.649 
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Evaluation of model performance 
Internal model evaluation (Papers I–II, IV) 
The VPCs (Figure 4–5) showed that the predictions from the PKPD models 
were in good agreement with the original data in Papers I–II and IV. The 
model that was developed using experiments with static drug concentrations 
was also evaluated using internal validation with XV and CDD (Paper I). 
When the XV was used, the model showed good internal predictability. 
CDD indicated that the model resulted in robust parameter estimates, as only 
two parameters (fpers and ke0) changed substantially (>20%) when parts of the 
data were excluded. The sensitivity of fpers to data exclusion was expected, 
since this has a direct influence on the fraction of experiments in the differ-
ent subpopulations. The sensitivity of ke0 indicates that not all experiments 
supported the estimation of the time-delay.  

Model performance across experimental design (Paper II) 
The performance of the developed PKPD model in predicting observed bac-
terial counts across experimental designs was assessed using simulation-
based diagnostics. The model developed in paper I (static data alone) was 
applied to the dynamic dataset without parameter re-estimation, i.e using the 
dynamic data as an external evaluation dataset. For the majority of the dy-
namic time-kill curve experiments, the observed bacterial counts were rea-
sonably well predicted by the PKPD model with parameter estimates based 
only on the static data (Figure 6). However, for vancomycin, the killing ef-
fect in the dynamic experiments with the lower initial concentration 
(2×MIC) persisted a longer time period than anticipated by the analyses of 
the static experiment alone. This prolonged killing effect was not observed 
when the bacteria were exposed to a higher initial concentration (16×MIC). 
In contrast to these findings, for cefuroxime a faster regrowth was observed 
in the dynamic experiments than predicted by the static experiments alone. 

A covariate analysis was carried out to search for general differences be-
tween the static and dynamic experiments, using experimental setup as a 
categorical covariate. When separate parameter estimates based on the type 
of experiment were allowed, a higher kgrowth (1.8 versus 1.3 h-1) and a higher 
kdeath (0.41 versus 0.17 h-1) were found for the dynamic experiments. No 
general trend was found for the drug-specific parameters; however, for three 
of the five studied drugs, a statistically significantly higher Emax (benzylpeni-
cillin, erythromycin, and vancomycin) and/or a higher � (benzylpenicillin, 
cefuroxime, and moxifloxacin) were found for the dynamic experiments. 
There were no differences in growth characteristics between growth control 
experiments performed in test tubes (i.e. static setting) and in the in vitro 
kinetic system (i.e. dynamic setting). 
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Figure 6. Observed time-kill curves for the dynamic experiments with model predic-
tions (as medians and 95% PI) using parameter estimates based on data from static 
experiments only (external validation). Observed bacterial counts below the LOD 
are plotted as 5 CFU/ml. PEN, benzylpenicillin; CXM, cefuroxime; ERY, erythro-
mycin; MXF, moxifloxacin; VAN, vancomycin. The number in the panel strip indi-
cates the start concentration of the antibiotic as a multiple of the MIC; n, simulated 
human half-life; r, simulated 1/3 of human half-life; c, constant concentration in the 
in vitro kinetic system. 
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Population PK of gentamicin in newborn infants 
Patients and collected data 
Sixty-one preterm and term newborn infants (GA 23–42 weeks, PNA 0–45 
days) were enrolled in the study. The median gentamicin treatment duration 
was 6 days (range 2–19 days) and, besides the study treatment course, 17 of 
the neonates received 1–3 additional courses of gentamicin treatment. In 
total, 894 serum gentamicin concentrations were available for the PK analy-
sis, with a median of 12 samples per individual (Figure 7). Twenty-five per-
cent of the measured concentrations were “peak” samples (collected 0.5–1.5 
hrs after the end of the infusion) and 29% were “trough” samples (collected 
18–25 hrs after the end of the infusion).  

 

 
Figure 7. Observed gentamicin concentrations (	), loess smooth of observed data 
(dashed line) and loess smooth of simulated data as median and 90% PIs (solid 
lines) versus time after dose. 

Population PK model 
The basic PK model was a 3-compartment model. A combined additive and 
proportional residual error model was applied to ln-transformed data with 
IIV included in the CL, the central volume of distribution (V1) and the resid-
ual error magnitude. When parameter dependence on WT according to al-
lometric scaling was included, there was a pronounced drop in OFV (of 350 
units) and reductions in IIV for CL (from 81% to 37%) and V1 (from 81% to 
13%). All three age characteristics (i.e. PNA, GA, PMA) were identified as 
having a significant influence on CL. However, the most influential age 
variable was PNA and, in the final model, CL was dependent on both PNA 

0 10 20 30 40 50

0.1

1.0

10.0

Time after dose (h)

G
en

ta
m

ic
in

 c
o
n
ce

n
tr

at
io

n
 (

m
g
/L

)



 48 

and GA, which were included according to a non-linear power function and 
a linear function, respectively. Including these age-dependent variables for 
CL resulted in a total drop in OFV of 475 units and a decrease in IIV from 
37% to 22%. GA was also identified as having a significant influence on V1 
with preterm neonates having a slightly larger V1 in L/kg than term neonates 
(drop in OFV of 14 units). Using these data, neither serum creatinine nor 
serum cystatin C were significant covariates for gentamicin CL. The parame-
ter estimates for the final model are summarized in Table 5. 

Model evaluation 
NPC stratified for term and preterm (GA <37 weeks) neonates showed the 
90% PI to include 88.4% of the data for the term neonates and 91.8% of the 
data for preterm neonates. Further, when applying the final model without 
re-estimation to the evaluation dataset (external validation), the population 
predicted concentrations were unbiased, with an MPE of -3.6% and the pre-
cision (estimated by MAPE) was 28.4%. The bias and precision were 2.9% 
and 28.1%, respectively, for term neonates and -6.7% and 28.5%, respec-
tively, for preterm neonates. The structural parameter estimates were also 
confirmed to be similar (within 10%) for the original and a combined (origi-
nal + external) dataset. 

 

Table 5. Population parameter estimates (typical value and 90% CI obtained from a 
non-parametric bootstrap) for the final PK model. 
Parameter Typical value (90% CI) 

CL (Lh-1kg-3/4)a 0.00999 (0.00784–0.0127) 
�GACL (week-1)a 0.0862 (0.0729–0.0994) 
�PNACL(-)a 0.548 (0.468–0.638) 
V1 (Lkg-1)b 0.405 (0.388–0.421) 
�GAV1 (week-1)b -0.0116 (-0.0173– -0.0058) 
Q2 (Lh-1kg-3/4) 0.0939 (0.0793–0.111) 
V2 (Lkg-1) 0.310 (0.282–0.341) 
Q3 (Lh-1kg-3/4) 0.0173 (0.0108–0.0225) 
V3 (Lkg-1) 5.07 (2.49–7.52) 
�Add (mgL-1) 0.135 (0.088–0.178) 
�Prop (%) 15.2 (13.2–17.4) 
IIV CL (%) 21.6 (15.0–27.1) 
IIV � (%) 43.0 (31.5–54.5) 
a ( )( ) ( )PNACLPNA1GAGA1WTCLTVCL medianGACL

43 θθ +×−×+××= / , GAmedian=28.9 weeks 
b ( )( )median1GAV11 GAGA1WTVTVV −×+××= θ , GAmedian=28.9 weeks 
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Gentamicin dosing schedules in newborn infants 
Based on simulations from the final PK model (Paper III) using the covariate 
values for the study neonates, the majority of the term neonates receiving the 
standard dosing regimen of 4 mg/kg given once daily met the traditionally 
used therapeutic target concentrations, with peak concentrations >8 mg/L (1 
hr post-infusion) and trough concentrations <2 mg/L (Figure 8). However, 
following the same dosing regimen, peak gentamicin concentrations were 
low (<8 mg/L) for preterm neonates in the first and often critical days of 
therapy (Figure 8, top). For the extremely preterm neonates (GA <28 
weeks), the median trough gentamicin concentrations were also predicted to 
be consistently >2 mg/L, indicating an increased risk of nephrotoxicity. In 
order to reach the traditionally therapeutic targets higher loading doses (4.5–
5 mg/kg) and longer dosing intervals (36–48 hrs) would thus be needed for 
the preterm newborn infants. 
  

 
Figure 8. Simulated trough and peak (1 hr post-infusion) gentamicin concentrations 
as medians (solid lines) and 10th and 90th percentiles (dashed lines) versus GA after 
the first gentamicin dose (top) and after one week of treatment (bottom) for newborn 
infants following four dosing regimens. 
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Predictions for 4 newborn infants (GA 25, 29, 34 and 40 weeks) were per-
formed based on the typical parameter estimates from the final PK model in 
Paper III and the PKPD model developed from the time-kill curves in Paper 
IV. Although preterm neonates reaches lower peak gentamicin concentra-
tions (<8mg/L), the overall bacterial killing was predicted to be higher than 
that for the term neonates (Figure 9). When comparing the standard dosing 
regimen of 4 mg/kg every 24 hrs with the alternative regimens of 4.5 mg/kg 
every 36 hrs or 5 mg/kg every 48 hrs, the bacterial counts was predicted to 
have reached the levels used as the starting inocula (5×105 CFU/ml) earlier 
following the extended dosing interval regimens (Figure 9). Unless the dif-
ference in the initial killing phase is of high importance, doses higher than 
4.5 to 5 mg/kg are thus indicated in order for the extended dosing interval 
regimens to be as effective as once-daily dosing. When the dose was in-
creased (4–7 mg/kg), only minor differences in bacterial killing were ob-
served initially (first 6 hrs post-dose), however, by the time of the second 
dose, the predicted difference in bacterial counts between the highest and 
lowest dose was several log10s (Figure 10). No major advantage was ob-
served for a fractionated schedule over 36 hrs when a single dose of 6 mg/kg 
was compared with fractionated schedules with the same total dose. 

 
 

 
Figure 9. Model predictions of gentamicin concentrations (top) and E.coli counts 
(bottom) for four typical newborn infants with varying GA following three com-
monly used dosing regimens. Grey dashed lines represent gentamicin concentrations 
of 2 and 10 mg/L (top) or bacterial counts of 5×105 and 1 CFU/ml (bottom). 
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Figure 10. Model predictions of gentamicin concentrations (top) and E.coli counts 
(bottom) for different initial doses (4–7 mg/kg) and subsequent doses of 5 mg/kg 
every 36 hrs. Predictions are for a preterm neonate (GA 25 weeks, left) and a term 
neonate (GA 40 weeks, right). Grey dashed lines represent gentamicin concentra-
tions of 2 and 10 mg/L (top) or bacterial counts of 5×105 and 1 CFU/ml (bottom). 

Model performance in predicting PK/PD indices 
Default simulation setting 
The developed PKPD models (Papers I–II, IV) were evaluated for their ca-
pacity to predict the commonly used PK/PD indices for the six drugs inves-
tigated in the thesis. A dose-fractionation study was simulated for each drug 
and the relationship between the model-predicted PD endpoint (i.e. bacterial 
count after 24 hrs of treatment) and the three PK/PD indices are shown in 
Figure 11. The coefficients of determination and the magnitude of the most 
correlated PK/PD index (as determined in the default simulation setting) 
required for a bacteriostatic and bactericidal effect, respectively, are pre-
sented in Table 6.  

For the ß-lactam antibiotics (benzylpenicillin and cefuroxime), fT>MIC was 
selected to be the PK/PD index most predictive of the PD endpoint (Figure 
11). For these drugs there was also a clear benefit associated with dose-
fractionation schedules, with lower doses administered more frequently. For 
erythromycin, gentamicin, moxifloxacin and vancomycin, the fAUC/MIC 
was selected as the PK/PD index showing the highest correlation with the 
antibacterial effect, and the effects of these drugs were less dependent on the 
dosing frequency (Figure 11).  
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Figure 11. Relationship between the model-predicted bacterial count after 24 hrs of therapy 
and the three PK/PD indices after treatment with benzylpenicillin (PEN), cefuroxime (CXM), 
erythromycin (ERY), gentamicin (GEN), moxifloxacin (MXF), or vancomycin (VAN). Each 
simulated dosing regimen (i.e. dose and dosing interval) are represented by one data point in 
each panel. The non-linear least square regression line (red dashed line) and the coefficient of 
determination (R2) are included. The predictions for clinically commonly used dosing regi-
mens are indicated in green. NA, not estimable. 

The clinically commonly used dosing regimens were predicted to achieve a 
close to maximum effect for all drugs except for gentamicin (Figure 11). For 
gentamicin, standard dosing regimens of 4.5–7 mg/kg given once daily were 
here predicted to result in a fast initial killing phase followed by bacterial 
regrowth at 24 hrs. 
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Altered simulation setting 
The consistency of the PK/PD indices across different study conditions was 
investigated and a summary of the results are presented in Table 6.  
• Modification of PK. When CL was reduced to one third of its original 

value or by simulating the PK profile of a preterm neonate (benzyl-
penicillin and gentamicin), both fCmax/MIC and fAUC/MIC showed 
higher correlations with the PD endpoint for all investigated drugs 
(Table 6). With this simulation setting, fAUC/MIC was at least as good a 
predictor of the effect as fT>MIC for the ß-lactam antibiotics. Reducing 
the CL also had an impact on the magnitude of the PK/PD index needed 
to achieve a bacteriostatic or bactericidal effect. For the �-lactams, a 
shorter fT>MIC was needed to achieve the same effect. Similarly, a re-
duced fAUC/MIC was needed to reach the same antibacterial effect for 
erythromycin and gentamicin (Table 6).  

• Uncertainty in MIC. The MIC was highly influential on the correlation 
between fT>MIC and the PD endpoint, and a change in the MIC influ-
enced both the selection and the magnitude of the PK/PD index (Table 
6). As expected, the change in MIC did not influence the correlations for 
fCmax/MIC or for fAUC/MIC when the PK was unchanged, and the mag-
nitude of these PK/PD indices needed for effect was changed in propor-
tion to the MIC.  

• Alternative PD endpoints. In general, the choice of PD endpoint did not 
have a large impact on the selection or on the magnitude of the PK/PD 
index.  

• Modification of the concentration driving the antibacterial effect. When 
the antimicrobial killing effect was driven by the antibiotic concentration 
in one of the peripheral compartments, both fCmax/MIC and fAUC/MIC 
showed higher correlations with the PD endpoint. Similarities can be 
found with the simulations when CL was reduced since both alterations 
will result in reduced fluctuations in the concentration-time profile. 
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Table 6. Coefficients of determination (R2) and magnitudes of fT>MIC (benzylpenicil-
lin and cefuroxime) or fAUC/MIC (erythromycin, gentamicin, moxifloxacin and 
vancomycin) required for a bacteriostatic (BSTAT) or bactericidal (BCID) effect. 

Setting R2 BSTAT BCID 

 fCmax/MIC fAUC/MIC fT>MIC  
Benzylpenicillin
        Default 0.54 0.84 0.93 29 38 
        Reduced CL 0.73 0.94 0.93 25 33 
        PK neonate 0.86 0.98 0.91 24 32 
        0.5×MIC 0.54 0.84 0.98 40 52 
        2×MIC 0.54 0.84 0.88 20 26 
Cefuroxime 
        Default 0.72 0.90 0.96 30 41 
        Reduced CL 0.89 0.99 0.98 17 21 
        0.5×MIC 0.72 0.90 0.98 45 56 
        2×MIC 0.72 0.90 0.87 15 31 
Erythromycin 
        Default 0.78 0.93 0.90 11 34 
        Reduced CL 0.93 1.0 0.91 8.5 19 
        0.5×MIC 0.78 0.93 0.96 22 67 
        2×MIC 0.78 0.93 0.80 5.5 17 
Gentamicin 
        Default 0.70 0.92 NA 39 67 
        Reduced CL 0.86 0.98 NA 28 42 
        PK neonate 0.91 0.99 NA 26 37 
        0.5×MIC 0.71 0.92 NA 79 133 
        2×MIC 0.71 0.92 0.94 20 33 
Moxifloxacin 
        Default 0.93 0.99 0.94 11 19 
        Reduced CL 0.97 0.99 NA 11 19 
        0.5×MIC 0.93 0.99 0.98 23 37 
        2×MIC 0.93 0.99 0.85 5.7 9.4 
Vancomycin 
        Default 0.90 0.99 NA 54 NA 
        Reduced CL 0.93 0.99 NA 51 NA 
        0.5×MIC 0.90 0.99 NA 109 NA 
        2×MIC 0.90 0.99 NA 27 NA 
NA, not estimable 
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Discussion 

Semi-mechanistic PKPD model 
This thesis describes the development of a novel semi-mechanistic PKPD 
model that accurately predicts the time course of events seen in a bacterial 
culture exposed to antibacterial drugs of different classes. Despite its fairly 
simple structure, the PKPD model showed good predictive performance for a 
wide range of both static and dynamic antibacterial drug exposures. It was 
also found that the model could be applied to another bacterial strain and 
drug combination and that the semi-mechanistic structure allowed for addi-
tional complexity such as the adaptive resistance of gentamicin.  

In Papers I and II, we exposed the same bacterial strain to five antibiotics 
of different classes. All data were analyzed simultaneously in order to sepa-
rate bacterium-specific parameters describing the kinetic behavior of the 
bacterial system from drug-specific parameters describing the imposed drug 
effect. This is, to our knowledge, the first time that a PKPD model has been 
simultaneously fitted to data from several antibacterial drugs of different 
classes. This model makes it easy to compare the antibacterial effects of 
different drugs and because of the mechanistic structure of the model and 
that the model already includes information regarding the underlying bac-
terial system, new agents can be evaluated and compared by carrying out 
only a limited number of additional experiments. 

The developed PKPD model consists of two bacterial stages representing 
normally growing drug-susceptible cells and resting drug-insusceptible cells. 
This structure was used to account for the biphasic killing behavior seen in 
the time-kill curve experiments in Paper I, as well as the reduced growth rate 
and reduced drug-sensitivity at high bacterial levels. The structure resembles 
phenotypic switching between normally growing cells and persister cells 
with reduced growth rates and reduced antibiotic susceptibility [43-44]. The 
model developed here has structural similarities to the model proposed by 
Yano et al. [142-143]. Their model also describes two bacterial stages 
representing drug-susceptible and drug-insusceptible cells, respectively. 
However, that model does not include the transition of growing cells into 
persister cells when high bacterial levels are reached in the system, i.e. when 
approaching the stationary phase. Thus, their model is not able to character-
ize the reduction in drug susceptibility at high bacterial levels. 
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Except for a few experiments with moxifloxacin (1×MIC), the time-kill 
curve data used in the initial model development (Papers I–II) did not indi-
cate any presence or emergence of resistance and the PKPD model was 
therefore not developed to capture such phenomena. The semi-mechanistic 
structure of the model does allow, however, for adding additional complexi-
ty and, when the model was applied to the gentamicin data in Paper IV, a 
binding model with two compartments representing the degree of resistance 
development was included to describe the emergence of adaptive resistance 
to gentamicin. In this model, gentamicin triggers the development of adap-
tive resistance, which results in a graded reduction in the Emax value and 
thereby a reduced bacterial killing. The model also allows the resistance to 
be reversible, although there was limited information in these in vitro expe-
riments to estimate the return to the drug-susceptible stage, which limits the 
use of the model in making predictions beyond the studied time period. 

Another approach to describing the change in killing behavior over time 
has been to include a concentration- and/or time-dependent adaptation factor 
influencing either kgrowth [52] or EC50 [53-55]. This is, however, a rather em-
pirical approach which, based on our experimental data, did not satisfactorily 
capture the biphasic killing behavior seen in Paper I or the adaptive resis-
tance seen in Paper IV. It has also been suggested that a change in the killing 
rate over time could be explained by heterogeneity of the bacterial popula-
tion, with a number of subpopulations present in the start inoculum with 
different susceptibilities to drug treatment [52, 56, 58-59]. In those earlier 
studies, the heterogeneous bacterial populations were generally observed in 
rather high start inocula (107–108 CFU/ml). In our experiments, a lower start 
inoculum (105–106 CFU/ml) was used and the presence or development of 
true genetic resistance was thought not to be the explanation for the decrease 
in the killing rate.  

Initially, in Paper I, the model was developed from static time-kill curve 
experiments only. These experiments are rather simple in nature and there-
fore allow a wide range of concentrations to be studied and the full concen-
tration-effect relationship to be explored. Another advantage of static expe-
riments is that they allow for easier detection of the presence of persister 
cells than is possible with experiments in a kinetic system, where bacterial 
regrowth due to a declining drug concentration can mask such phenomena. 
However, for the PKPD model to be useful in predicting clinical effects, 
which is most often the overall aim, it is important that it is able to capture 
the effects seen following concentration-time profiles that mimic those ob-
served in vivo. Therefore, a second set of experiments in Paper II was used 
to confirm that the structure of the PKPD model was applicable across expe-
rimental designs and that the model was able to accurately capture the time 
course of antibacterial effects seen in bacterial cultures when the concentra-
tion of the antibiotic decreased over time, with similar half-lives to those 
observed in patients. It was also shown that the experiments with static con-
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centrations were in most cases informative in predicting the time-kill curves 
following dynamic concentration-time profiles. This could limit the need for 
the more time and labor consuming dynamic experiments, as the antibacteri-
al effect following dynamic concentration exposures can be simulated by 
including the PK model describing the change in drug concentration over 
time.  

Most data from static and dynamic time-kill curve experiments have pre-
viously been modeled separately. In only a couple of recent examples have 
data from static and dynamic experiments been simultaneously analyzed but, 
in these examples, common parameter estimates were generally used for the 
two experimental settings [41, 144]. In our study, we evaluated potential 
differences between the two in vitro systems (i.e. static and dynamic) using a 
modeling approach. There were no significant differences between the two 
experimental settings in the growth kinetics of the control experiments (i.e. 
without antibiotics). While significant differences in drug-specific parameter 
estimates were found when all the data were used in the estimation, there 
appeared to be no general trend that was consistent for all the studied drugs. 
For vancomycin, the sustained suppression of bacterial growth observed in 
some dynamic experiments (2×MIC as initial concentrations with simulated 
normal and reduced half-lives) was not well predicted by the model. This is, 
however, in line with previous findings of differences in the antibacterial 
effects between exposure to sub-MICs alone (SME) and to sub-MICs fol-
lowing concentrations exceeding the MIC (PAE-SME) [11, 145]. The pres-
ence of a long PAE-SME compared to the SME alone could indicate that a 
more extensive PD characterization is required than that provided by the 
static drug exposures and the developed model. In contrast to the results for 
vancomycin, for bacteria exposed to cefuroxime the regrowth was faster in 
the dynamic experiments than that predicted from the parameter estimates 
from the static experiments alone. However, the predictions improved signif-
icantly when both static and dynamic type data were used in the parameter 
estimation, without a negative impact on the model fit of the static time-kill 
curve experiments. 

Gentamicin treatment in newborn infants 
Gentamicin PK has previously been described using 3-compartment models 
in adults, with slow redistribution from the tissue compartment and terminal 
half-lives ranging from 30 to 700 hrs [62-63]. In Paper III, the disposition of 
gentamicin in neonates was characterized by a 3-compartment PK model 
with half-lives for the three phases of 1.3, 15 and 425 hrs, respectively, for 
the typical neonate in the study population. The model predicted that a term 
neonate (GA 40 weeks) would have a CL of 0.019 L/h/kg3/4 at birth, whereas 
a extremely preterm neonate (GA 24 weeks) would have a CL as low as 
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0.0057 L/h/kg3/4 at birth. By one week later, the model predicted that CL 
would have increased 3.7-fold in both cases. After correcting for differences 
in covariate distribution in the study populations, this is in line with what has 
been reported previously [110-111, 115].  

A correlation between gentamicin CL and either GA [112, 115, 146] or 
PNA [109, 111] has been reported in previous studies in the neonates. In our 
Paper III study, the majority of the neonates started gentamicin treatment on 
the first or second day of life and as many as 35% of the samples were taken 
during the first four days of life, i.e. when the GFR is known to change ra-
pidly. The prospective study design allowed for additional sampling at time-
points other than those used for routine TDM and also ensured data of high 
quality. Because of the relatively frequent sampling per individual and the 
wide range of GAs, it was possible to characterize the developmental PK of 
gentamicin with respect to both GA and PNA. It has been suggested that 
maturational changes with respect to age could best be characterized using 
the PMA (i.e. GA + PNA) [89]. However, separating the influence of GA 
and PNA has the advantage of being able to also capture the rapid increase 
in GFR that occurs during the first days after birth and we regard it to be of 
high importance to accurately describe the PK in these often critical days of 
therapy. 

Neither serum creatinine nor serum cystatin C were found to be predictive 
markers for gentamicin CL. Measurements of the marker substance should 
be made under steady-state conditions between production and elimination 
in order to reflect renal function. An assessment of renal function using en-
dogenous markers is therefore difficult during the first period of life. Not 
much is known about the production rate in this period, but there is a known 
rapid change in elimination capacity and usually also a highly variable hy-
dration status [67]. Serum creatinine levels measured soon after birth are 
also known to reflect maternal levels as a result of placental transfer [83]. A 
couple of previous studies have shown gentamicin CL in neonates to be cor-
related with creatinine concentrations [110-112]. However, in those study 
populations, the median PNA was somewhat higher (>5 days) than in ours. 
Although cystatin C has been reported not to pass the placental barrier, not 
much is known about how cystatin C levels are affected by different patho-
logical changes.  

The effect target for gentamicin (fCmax/MIC >8–10 mg/L) is based on 
clinical studies in adult patient populations using multiple daily dosing sche-
dules [32, 94]. In neonates, the treatment is often empirical and the MIC 
unknown. The therapeutic target currently in use is generally to achieve peak 
concentrations of >8–10 mg/L (1 hr post-infusion) and trough concentrations 
of <1–2 mg/L [68, 116]. According to PK model predictions, the majority of 
term neonates receiving the standard dosage of 4 mg/kg once daily would 
achieve these therapeutic target concentrations. However, following the 
same dosing regimen, preterm neonates are predicted to have low initial 
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gentamicin concentrations and trough concentrations consistently above 2 
mg/L. This suggests the use of higher loading doses (4.5–5 mg/kg) and long-
er dosing interval (36–48 hrs). On the other hand, prolonging the dosing 
interval could allow surviving bacteria to re-grow between doses. Differenc-
es in the frequency with which the peak concentrations are achieved will 
probably also have an effect on the treatment outcome. In this situation it 
could, therefore, be of value to develop the dosing regimens from predictions 
based on the PK as well as a PKPD model characterizing the time course of 
the growth and killing kinetics of the bacteria.  

In Paper IV, it was shown that, even though the peak concentrations were 
lower for preterm neonates, the overall higher drug exposure resulted in 
more pronounced bacterial killing compared to that in term neonates. It was 
also shown that, when extending the dosing interval to 36 or 48 hrs, higher 
peak concentrations than >8–10 mg/L were necessary in order for these 
schedules to be as effective as the once-daily dosing regimen. This suggests 
that the therapeutic target concentrations currently in use need to be re-
evaluated. For all patients, the use of the aminoglycosides is limited by their 
ability to cause toxicity and a more detailed characterization of the concen-
tration-toxicity relationship is also warranted in the design of optimal dosing 
regimens. Other limitations with these predictions are that they do not take 
the effect of the immune system into account (although maybe of less impor-
tance here since the neonates is regarded to be immunocompromised) and 
that the evaluations are performed without including inter-individual varia-
bility in PK and PD. 

Role of PKPD in optimizing antibiotic dosage  
In Paper V, it was shown that the PKPD models based on in vitro time-kill 
curve experiments (Papers I–II, IV) could well identify the commonly used 
PK/PD indices and the magnitude of these indices required for an in vivo 
effect, for all six antibacterial agents evaluated in the thesis. In accordance 
with previous findings in numerous in vitro and animal studies, fT>MIC was 
the PK/PD index that was best correlated with the PD endpoint for the two 
investigated ß-lactam antibiotics [22-26, 147], while fAUC/MIC was the best 
predictor of the effect for the remaining four antibacterial drugs (erythromy-
cin, gentamicin, moxifloxacin and vancomycin) [25-27, 148]. 

Further, the choice and magnitude of the PK/PD index were shown to be 
sensitive to study design and the concentration-time profile (PK) of the drug 
in the studied patient population. The ß-lactam antibiotics had the shortest 
half-life, and were also the drugs where fT>MIC was the major predictor of 
effect. When the rate of elimination of these drugs was decreased to mimic 
patient groups with lower clearances, fAUC/MIC was at least as important as 
a predictor of the effect as fT>MIC. Further, when long dosing intervals (i.e. 
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12 and 24 hrs) were excluded, fAUC/MIC became the PK/PD index that was 
most predictive of the effect for all evaluated drugs, which also is in line 
with previous reports [28]. The correlation between the fT>MIC and the effect 
was also highly dependent on the MIC and, since the MIC is generally 
measured with poor precision, this could be influential in the selection and 
magnitude of the PK/PD index. The MIC has several shortcomings and, 
since all PK/PD indices are based on the MIC, these shortcomings are car-
ried over into the PK/PD indices. 

After establishment of the magnitude of the PK/PD indices required for 
effect, these targets are commonly used in Monte Carlo simulations to sup-
port dosing regimens [35, 37]. In these simulations, variability in PK and the 
MIC are taken into account. However, the PK/PD targets are generally as-
sumed to be independent of differences in PK and to remain consistent with-
in a drug class and among species, pathogens, dosing regimens, and patient 
subpopulations, as long as variability in MIC and protein binding is ac-
counted for. The simulations presented in Paper V clearly demonstrate that 
this is not always the case.  

In the process of creating summary endpoints, such as the PK/PD indices, 
there is a loss of information which could limit their applicability across 
study conditions and study populations. A more advantageous approach in 
the design of dosing regimens would be to perform the Monte Carlo simula-
tions on models that provide a full quantitative description of the time course 
of all simultaneously occurring processes (e.g. PK, effect, resistance) as is 
the case for the pharmacometric models developed in this thesis. Categoriza-
tions necessary for practical dosage recommendations to different subpopu-
lations and bacterial susceptibilities (MICs) should be performed at the very 
end of the dose selection process, thus minimizing the loss of information 
and the use of potentially erroneous extrapolations related to summary end-
points such as the PK/PD indices.  
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Conclusions 

In this thesis, pharmacometric models for antibacterial agents have been 
developed and evaluated and it has been illustrated how such models can be 
implemented in the design of dosing regimens. 

 
• A novel semi-mechanistic PKPD model was developed to characterize 

bacterial growth and killing kinetics as observed in in vitro time-kill 
curve experiments. The model structure accurately described the 
changes in a bacterial system after a wide range of static and dynamic 
exposures to five antibacterial agents of different classes. The model was 
also applicable to another bacterial strain and antibacterial agent, and 
additional model components could be added to the structure to also cap-
ture the development of adaptive resistance.  
 

• Simulation-based diagnostics were used to illustrate that the majority of 
the time-kill curves with dynamic drug concentrations could be reasona-
bly well predicted by the model with parameter estimates taken from ex-
periments with static drug concentrations. The use of a modeling ap-
proach could therefore limit the need for time- and labor-intensive expe-
riments involving dynamic drug exposure.  
 

• The currently used PK/PD indices were successfully selected by predic-
tions from the final PKPD model for all six drugs investigated in the the-
sis. These findings support that PKPD models based on in vitro data can 
be predictive of the antibacterial effects observed in vivo. The selection 
and magnitude of the PK/PD indices were sensitive to study design and 
were not always consistent between sub-populations with different PK. 
The PK/PD indices appear therefore to extrapolate poorly across patient 
sub-populations, which limits their value in the dosage selection process. 

 
• A population PK model for gentamicin was successfully developed from 

a prospective study in term and preterm newborn infants. WT and age 
(GA and PNA) were found to be major factors contributing to variability 
in gentamicin CL. In contrast, cystatin C and serum creatinine levels 
were not correlated with gentamicin clearance and are therefore not 
likely to be predictive markers of renal function in this patient popula-
tion.  
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• Simulations based on the PK model showed that most term neonates 

achieve the traditionally targeted peak and trough gentamicin concentra-
tions after a standard dosage of 4 mg/kg given once daily. However, for 
preterm neonates, higher loading doses and prolonged dosing intervals 
are needed. When the bacterial killing kinetics and adaptive resistance 
were also taken into consideration, it was shown that even though lower 
peak gentamicin concentrations are reached in preterm neonates, more 
extensive overall bacterial killing takes place because of higher total 
drug exposure (AUC). The currently used therapeutic targets thus needs 
to be re-evaluated and this further highlights the advantages of using 
PKPD models in the dose selection process. 
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Future perspectives 

The use of pharmacometric models in the design of dosing regimens has 
increased in the last two decades. However, within the antibiotic area, the 
use of PKPD models characterizing the whole time course of the effect is 
still limited. This study supports mechanism-based PKPD modeling based 
on in vitro time-kill curve studies as a flexible and powerful tool for describ-
ing the effects of antibacterial agents. These models can be used in experi-
mental and clinical study design as well as in the development of dosing 
guidelines tailored to specific patient populations. 

Time-kill curve experiments are commonly performed early in the charac-
terization of antibacterial drug effects and the semi-mechanistic model de-
veloped here is likely to find applications in the early phases of drug devel-
opment. As presented, the structure of the PKPD model can be easily applied 
to other bacterial strains and antibiotics, and additional components can be 
added when needed. The model can also be used as prior information in op-
timal design. By optimizing the type of experiment to be conducted, includ-
ing the concentration-time profiles as well as the number of samples taken 
and the timing of sampling, the information gained in future experiments can 
be maximized with minimal cost. In vitro experiments are flexible, informa-
tive and have ethical advantages over animal studies. However, to reach their 
full potential, it is necessary to make these methods less labor intensive by 
standardization and automatiziation. Such methodological refinements 
would also allow for the effect to be evaluated beyond the relatively limited 
study period normally used in these experiments. 

Although the semi-mechanistic model structure described here was found 
to have good predictive properties, it still represents a simplification of a 
much more complex biological system. The model characterizes the effects 
observed in a homogeneous bacterial population. Important factors for future 
considerations are to also include pre-existing heterogeneity in drug suscep-
tibility as well as the possibility of spontaneous or drug-imposed changes in 
susceptibility (i.e. the development of drug resistance). Other factors not 
captured include the host defense mechanisms, the pathology of the infec-
tion, and the virulence of the pathogen. Also not addressed in this thesis is 
the exposure-toxicity relationship. When such characterization is available, it 
can be combined with the PK and PKPD model and utilized in an estimation 
of an overall optimal dosing strategy by maximizing the total expected drug 
utility.  
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