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SUMMARY

Cystic fibrosis (CF) is an inherited autosomal recessive disorder that is characterised by
frequent lung infections commowlcaused by.aeruginosaThe standard treatment for this
AYFSOGAZ2Y A& |y | YA Y dastdntaDdpatiersdite®rogivernyiltbR & A 1 K
courses of these antibiotics over many yeaminoglycosides are narrow therapeutic index

drugs where themargin between safety and toxicity is small. Therefore, it is important to

monitor patients who are on aminoglycosides to ensure safety and efficacy of therapy and
advise on current and future dosage regimens. The focus of this thesis was to use
population  pharmacokinetic methodologies to examine how aminoglycoside
pharmacokinetic parameters change over time in this group of patients and to develop and

evaluate dosing regimens and data interpretation methods.

A population pharmacokinetic analysis wastficonducted using the package NONMEM
with the FOCE (parametric) algorithm. Aminoglycoside concentritiom profiles were
available from 166 patients treated within the Glasgow Cystic Fibrosis Unit and comprised
1075 courses of therapy an2R38 concentation measurements collected over 15 years.
The final, two compartment, population model identified an influence of height and
creatinine clearance on clearance and height on volume of distribution of the central
compartment. Inclusion of these descripsoreduced between subject variability from 23 %

to 18 % for clearance and 14 % to 12 % for volume of distribution of the central
compartment. Within-subject variabilitywas low at 11 %, and there were no changes in
aminoglycoside clearance over time. Imtal valuation of the population model using
bootstrap, prediction corrected visual predictive check and normalised prediction
distribution errors indicated that this model was stable and with good predictive ability. In
addition, an external model evaluah was conducted using data from The Hague that
comprised tobramycin concentration measurements from 165 patients who received 415
courses of therapy. The results of this analysis indicated good performance of the model in
predicting pharmacokinetic pamaeters and concentrations in another group of patients

with cystic fibrosis.



The combined Glasgow and The Hague datasets were subsequently analysed using a non
parametric approach with the software Pmetrig¢eely MN et al., 2012)In total, data from

331 patients with 1490 courses of therapy and 3690 aminoglycoside concentration
measurements were analysed. Despite the different assumptions of the two rdsthbe

final models were the same and the final parameter estimates were very similar.

The standard dose of aminoglycoside used in patients with cystic fibrosis is 10 mg/kg
administered once dailyThe typical daily area under the concentratitme cune (AUC)
arising from this dose was determined using pharmacokinetic parameter estimates reported
in the TOPIC studgEmyth A et al., 20059nd by examining the raw data from patients
within The Hague dataset who received this dosage regimen. The results of this analysis led
to a target daily AU®f 106 mg.h/L (range 8020 mg.h/L). A simulated dataset of 5000
patients was created with clinical characteristics based on patients with cystic fibrosis from
Glasgow and The Hague. Theal population model was then used to estimate
pharmacokinetic parameters and to predict centrations at defined time points according

to the standard dose ofl0 mg/kg/day and three alternative regimens3(mg/kg/day lean

body weight, 3 mg/cm/day and 326 mgffday). It was found that the dose based on
height (3mg/cm/day) had the highest probéty of achieving the combined targets of daily

AUC rangepeak concentrations d20-30 mg/L and trough concentrations < 1 mg/L.

C2NJ adl yRINR a2y 0OS RI Adosage adjusthefitznarhogréngs dafe R S
available that help clinicians to interpraminoglycoside concentrations and advise on dose
adjustments(Nicolau DP et al., 1995)For adult patients with cystic fibrosis tieeis no
dosage adjustment nomogram available for the 10 mg/kg aminoglycoside dose. Therefore,
one of the aims of the thesis was to develop an aminoglycoside (tobramycin) dosage
adjustment nomogram that could be used with dosesl6f mg/kg/day and 3 mg/Kday.

The nomogram was derived from the concentratitme profiles that were generated from

the simulation approach described above and consisted of three areas representing below,
within and above the target range<reliminary validation work indicatedhat the

nomogram could identify patients with low, within and above targeily area under the
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concentrationtime curve range from one sample point. Importantly, the nomogram was

able to identify patients with poor renal function.

The goal for any arfiacterial therapy is to ensure efficacy against treated organism and to
achieve high probability of treatment success. In this thesis, the likelihood of treatment
success for the 10 mg/kg and 3 mg/cm dosage regimens were determined against
P.aeruginosa Ths was achieved by determining the susceptibility breakpoint and
cumulative fraction of response for these dosage regimens and comparing them with the
breakpoints obtained from the European Committee on Antimicrobial Susceptibility Testing
(EUCAST) and thgritish Society for Antimicrobial Chemotherapy (BSAC). Breakpoints and
cumulative fraction of response were also examined for doses of 12 mg/kg/day and 4
mg/cm/day. The results showed that these regimens had similar MIC breakpoin of
mg/L to achievea Peak/MIC ratiok 10, and MIC breakpoint 0K0.5 mg/L for a daily AUC/
MIC ratiox 100 mg.h/L agains®.aeruginosaHowever, they were lower than the EUCAST
and BSAC susceptibility breakpoints against gnagative pathogenstd mg/L). Analysis of
the aumulative fraction of response identified an overall treatment success of more than 90
gAUGK ff NBIAYSYA T2 NWadruginoSatsingtlae EUCAST MIG 2
distribution. At a daily AUC/MIC ratio greater than 100, the cumulative fractioesponse
for tobramycin indicated a success rate between B0 % for all dosage regimens, with the
higher values being observed with the doses of 12 mg/kg/day and 4 mg/cm/day. However,
the 12 mg/kg/day dosage regimen was associated with high pealdaiiyl exposure and

might result in more toxicity compared with the high 4 mg/cm/day dosage regimen.

The population model developed in this thesis was able to describe and predict the handling
of aminoglycoside in patients with cystic fibrosis. The modat used to evaluate the
current 10 mg/kg/day dosage regimen, develop a new dosage regimen and develop a
dosage adjustment nomogram for clinical application. Furthermore, the model was used to
predict the efficacy of the standard and new dosage regimdémeugh determining the
susceptibility breakpoints and cumulative fraction of response against -gegative

organisms. In the future, the models could be used to help estimate individual
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pharmacokinetic parameters and design individualised dosage reginusitsy both

parametric and nofparametric clinical pharmacokinetic software.
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CHAPTER1: GENERAL INTRODUCTION



1.1 LUNG INFECTION IN PATIENTS WITH CYSTIC FIBROSIS

1.1.1 Influence of long -term aminoglycoside therapy in patients with cystic

fibrosis

Cystic fibrosis is an inherited autosomal recessiverdesathat is characterised by frequent
lung infections With the improved survival seen in this patient group, concerns about the
development of treatmerdassociated toxicity has increased over the years. Since the
infectingorganism is ofterP.aeruginosaaminoglycoside antibiotics areequently used in

the management of lung infections in patients with cystic fibrosis. However, these
antibiotics are known to be nephrotoxic. Bertenshatwal (2007)reported the incidence of
acute renal failure in patients witbystic fibrosis to be between 4.6 and 10.1 cases for every
10 000 patients per year and that 80 % of the cases were associated with the administration
of aminoglycosides. However, there is a lack of knowledge about thetéongeffects of
multiple coursesof therapy of aminoglycoside in patients with cystic fibrosis. The only
available study to date was conducted by-Adbul et al (2005) who investigated the
influence of repeated aminoglycoside use on renal function in 80 adolescent and adult
patients with cystic fibrosis. In their study, the aminoglycoside was administered with or
without colistin. They used creatinine clearance as a measure of renal functidn a
concluded that the frequent use of aminoglycosides in patients with cystic fibrosis was
associated with a reduction in renal function. However, the doses used, number of courses
and study follow up periods were not defined so it is difficult to asses<linical relevance

of these findings. There is evidence that gentamicin is associated with more nephrotoxicity
than tobramycin(Bertenshaw C et al., 2007, Smyth A et al., 2@@8)failure to separate the

effects related to gentamicin or tobramycin might have influencedrthesults.

This thesis addresses the impact of multiple courses of aminoglycoside therapy by
examining how aminoglycoside handling changes over time in patients with cystic fibrosis.
A population pharmacokinetic approach using the software NONNIE&4l SL et al., 2009)

is used to determine factors that influence aminoglycositearance and volume of
distribution, including the impact of multiple courses over long periods. In addition, random

variability in pharmacokinetic parameters within a patient at different times is examined.
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handling. Matthewset al (2004) examined 2567 aminoglycoside concentrations from 697
general medical patientwho were treated with aminoglycoside. They defined an occasion

as a dose followed by at least one measured aminoglycoside concentration and found that
the inclusion of withirsubject variability in both clearance and volume of distribution of the
peripheral compartment improved the model fit; however, their values were small at 8 and

19 %. In patients with cystic fibrosis, two studies to date have included watibrect
variability (Hennig S et al., 2007, Hennig S et al., 20IBgy used the same definition as
Matthews et al (2004) where one dosage interval with a subsequent measured
concentration was considered as one occasion and also found that veitiject variability

in clearance was small at 6.4{%ennig S et al., 200@nd 12.6%Hennig S et al., 2013)n

this thesis, the nature and extent of withirsubject variability in aminoglycoside
pharmacokinetics in patients with cystic fibrosis is examined using asefatvith multiple
O2dzNESE 2F (GUKSNILRI gKSNB |y a200larzyé Aa
dosage interval. This is the first time that aminoglycoside handling in patients with cystic

fibrosis has been examined in this way.

Model evaluaton is an important step for population pharmacokinetic analysis and involves

the examination of model performance and predictive ability. Typically, this is conducted

using the internal validation methods that are used in this thesis. Although the Bstav

evaluate a model is to test its predictive ability using a new independent dataset, this
GSEGSNYLté S@Ftdzad GA2Y FLILINRBLFOK 61 & LISNF 2 NYSR
studies between 2002 to 2008Brendel K et al., 200/7probably reflecting difficulties in

obtaining new datasets.In adition to the internal evaluation, this thesis describes an

external evaluation of the performance of the population model that was conducted using a

new dataset

Pmetrics(Neely MN et al.,, 2012 a new version of the USRACK(Jelliffe RW, 1991)
population modelling software, which is developed and maintained byLihleoratory of

Applied Pharmacokinetics at the University of Southern California (USC) in Los Angeles,



California. It uses the nonparametric adaptive grid (NPAG) algofiflatarinova T et al.,
2013)to estimate pharmacokinetic parartexs. To date, only one study has been published
that compares results from NONMEM and Pmet(itatarinova T et al., 2013)herefore, in
addition to the initial population pharmacokinetic analysis, a further analysis is performed
using Pmetrics to determine whether different model and parameter estimates are

obtained when a different approach is used.

1.1.2 Aminoglycosides dosage regimen in patients with cystic fibrosis

Aminoglycosides are concentratiaiependent antibiotics for Wwich either the peak
concentration or the daily AUC can be used for monitorisithough high peaks correlate
with efficacy(Moore RD et al., 19873aily AUC has been found to be a predictor of both
efficacy(Nielsen El et al., 2011, Vogelman B et al., 1988d)nephrotoxicityRybak MJ et

al., 1999, Croes S et al., 201IR) patients with cystic fibrosis, the target peak concentration
for the standard anmmioglycoside (tobramycin) dose of 10 mg/kg/day is20 mg/Land the
trough concentration should be less than 1 mgAlthoughno target daily AUC has been
established for this group of patients, some studies have arbitrarily defined a daily AUC
target of 100 mg.h/L with an 80 to 125 % variabil{tyennig S et al., 2007yhile others
(Coulthard KP et al., 2007, VandenBussche HL and Homnick DNba8d@)heir target of

100 mg.h/L on the established target for the dose of 7 mg/kg/dsgd ingeneral medical
patients (Begg EJ et al1995) In this thesis, an aminoglycoside (tobramycin) target daily
AUC is determined using data from patients who had been administered doses of 10

mg/kg/day.

A number of studies conducted in patients with cystic fibrosis have developed
aminoglycosidelosage guidelines and the common factor among them is the use of weight
as the scaling factofHennig S et al., 2007, Hennig S et al., 2013, VandenBussche HL and
Homnick DN, 2012, Lam W et al., 200R) the TOPIGtudy (Smyth A et al., 2005he
recommended dose of 10 mg/kg was néstied to a maximum of 660 mg, but there was no
justification provided for this restrictiorOnly one study used body surface area as scaling

factor for a twice daily regimenCampbell D et al., 1999)while another study



recommended lean body weigho be the scaling facto(Touw DJ et al., 1994)In this
thesis, the population model is used to examine the impact of different body size
measurements, includingheight, lean body weight and body surface area on the

achievement of target concentrations and daily AUC.

¢CKS al FNIF2NR y2Y23aINIYeée gl a GKS FANRIG INI LK?
concentration measurements following a dose of 7 mg/kg/dalycolau DP et al., 1995)

Although a tobramycin dosage adjustment nomogram is currently available for patients with

cystic fibrosisit was based on a 12 mg/kg daily dose in patients aged 9 months to 20 years
(Massie J and Cranswick N, 200®here is currently nnoomogram available fanterpreting

tobramycin concentrations in adults who receive the standard 10 mg/kg/day dbse.

thesis describes how the population model wased to develop a dosage adjustment

nomogram for clinical application.

The aim of antimicrobial therapy is to kill infecting organisms, and evaluation of the
likelihood of treatment success is thereforequired. The efficacy of antimicrobial therapy is
RSGSNY¥YAYSR o0& (0KS NBfI GA2yaKALHme DiodeSBY (KS
exposure and the minimum inhibitory concentration (MIC). Since aminoglycosides are
concentrationdependent antibioticstheir bactericidal effect is associated with Peak/MIC
and daily AUC/MIC ratios. One of the approaches that can be used to evaluate treatment
success is to use pharmacokinetic/pharmacodynamic relationships to determine the
antimicrobial susceptibility bregloint for the administered dosage regimen against the
target organism. Previous PK/PD studies conducted in patients with cystic fibrosis usually
defined an MIC breakpoint and examined whether the PK/PD indices of the tested
aminoglycoside dosage regimen svable to achieve that breakpoiriBeringer PM et al.,
2000, VandenBussche HL and Homnick DN, 2&i@yever, none of the available studies
have determird the susceptibility breakpoint for a dose of 10 mg/kg/day. In the current
thesis, the population model is used to determine the susceptibility MIC breakpoint for the
standard aminoglycoside dose (10 mg/kg/day) and the new dosage guideline. Another

approach that can be used to evaluate antimicrobial treatment success is to estimate the



overall treatment response against the organism. Therefore, the population model is also
used to predict the efficacy of standard and new dosage regimens through deterntineing

cumulative fraction of response against grai@gative organisms.



CHAPTER 2 BACKGROUND



2.1 CYSTIC FIBROSIS

Cystic fibrosis is an inherited autosomal recessive disease that most commonly occurs in the
white populationwith areported incidene of 1 in 2000in the USWright SW and Morton

NE, 1968and 1 in 2500 inhte UK(Dodge JA et al., 1997Yhe incidence is lower in other
ethnic groupsfor example the incidence of cystic fibsishas reported to be 1 in 90,0060
Asiang(Wright SW and Morton NE, 1968)d 1 in 12,000n mixedrace South African@ill

ID et al., 1988)In 2011, the Cystic Fibrosis Tr{€ystic Fibrosis Trust, 20Ir@ported that

the total number of patientshad beendiagnosed with cystic fibrosand registered in their
databasein the UK was B49. The diagnosis is usually made early in life at around 3 months
(Cystic Fibrosis Trust, 2013he disease is caused by a defect in chromosotfnd@wliton

RG et al., 1985, Tsui-C.et al., 198¢) KA OK Sy O2RSa F2N) GKS

OGN YaYSYONIyS O2yRdzOGI yOS NBIAdzZA  i2NEDP ¢KAA

water through chloride channels in epithelial cells andalbtsence may alter the volume or
composition of the fluid secreted by the pancreas, hepatobiliary tree, reproductive tract,
sweat glands and the airways. The majority of mutations are caused by a deletion of an
amino acid on the gene position 508 C p) fKerem Bet al., 1989, Riordan JR et al., 1989)

In the UK, then C p muation accounts for 90.6 % of all mutatio(@Systic Fibrosis Trust,
2013) Previously the disease was associated with high mortality rate at early age; however,
in more recent yearghe predicted survival has increased; from 35.2 in 2007 to 41.5 in 2011
(Cystic Fibrosis Trust, 2013)

The clinical manifestations of the disease are pancreatic insufficiency, abnormally high
concentrations of sodium andhloride in sweat and frequent lung infections. The
consequence of pancreatic insufficiency is deficient secretion of pancreatic digestive
enzymes, which leads to malabsorption of nutrients, malnutrition and possibly anaemia. In
addition, because patients with cystic fibiesare living longer, the number of patients
treated for diabetes mellitus has been increasing; 18.3 % patients with cystic fibrosis were
treated in the UK in 201(Cystic Fibrosis Trust, 201&)mpared with 17.2 % in 20 Cystic
Fibrosis Trust, 2012) However, 15 % of patients with cystic fibrosis were reported to have

pancreatic sufficiency, which was reflected by normal fat absorpii@orey M et al., 1984)

L
|



This led Kermaset al (Kerem B et al., 1989, Kerem E et al., 129@) Kristidigt al (1992)to
investigate the influence of the presence and absence of pancreatic insufficiency and the
severity of the disease. They found a link between mutationotyge and the severity of

the disease, where patients who had a homozygpteC p geynotype mutation were
younger, had a higher sweat chloride concentration at the time of diagnosis, and had a
more severe form of the disease, with pancreatic insufficiency and worse pulmonary
disease. In contrast, patients who were heterozygotediad another genotype mutation

had a milder form of the disease. These patients were diagnosed at an older age, had a
lower sweat chloride concentration, no pancreatic insufficiency and better pulmonary
function. In the UK, 52.0 % of patients with cysiilerdsis have a homozygoysCp ny
mutation, 38.6 % hee heterozygougn C p muwtation and 9.4 % havene of more than a
thousandother genotype mutatios (Cystic Fibrosis Trust, 2013) addition, McKonet al
(2006)developed anotheriskclassification for patients with cystic fibrosis, according to the
genotype functional defect. They defined high and low risk groups, wherentep ny
mutation was considered as a high risk genotgpe otherlow riskmutations. They found a
difference in mortality and median age of death between the grouwgsere patients in the

high risk group had low survival (median 36.3 years) compared with low risk patients

(median 50 years).

The clinical manifestation of the disease sweat glands is the production of abnormally
high concentrations of sodium and chloride, and the measurement of sweat chloride
concentration is considered the diagnostic test for cystic fibrosis. The consequences of
chloride transport defects in the pulnmary system are viscous secretions, leading to airway
obstruction. Persistent airway obstruction with mucus provides a good culture medium for
microorganism growth and is associated with recurrent lung infections. The most common
bacterial pathogens in pants with cystic fibrosis ar&taphylococcus aurey$S.aureusy
Pseudomonas aeruginogR. aeruginospand Haemophilus influenza@H. influenzag The
diversity of pathogens present in the airways of patients with cystic fibrosis that cause lung
infections places a challenge to treat. In particular with the increase in survival, these
patients are at risk for colonising more aggressive organisms suBlir&bolderia cepacia

complex B.cepacig nontuberculosismycobacteriaspecies, andAspergillus fumigas In
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the UK, lung infections caused Bycepacian patients with cystic fibrosis increased from
3.2 % in 201(Cystic Fibrosis Trust, 201®) 3.8 % in 201XCystic Fibrosis Trust, 2013)
Similarly, lung infections causéxy non-tuberculosismycobacteriaincreased from 3.4 % in

2010(Cystic Fibrosis Trust, 2018)3.9 % in 201{Cystic Fibrosis Trust, 2013)

2.2 ANTIMICROBIAL THERAPIES FOR THE MANAGEMENT OF CYSTIC
FIBROSIS

2.2.1 Eradication therapy

Antimicrobial therapy plays an important role in the management of cystic fibrosis. As a
result of the airway obstruction, organisms colonise the airways causing frequent lung
infection with the most common organism bei®R) aeruginosg36.5% of all infeabns)
(Cystic Fibrosis Trust, 2018ecurrent infections were found to be associated with a more
rapid decline in lung function and increased morta{imerson et al., 2005, Kerem E et al.,
1992) Therefore, Doringt al (2012)produced a recent awsensus review with guidance for
antibiotic treatment for lung infections in patients with cystic fibrosis. Based on the
evidence they reviewed, they recommended the usePofaeruginosaradication therapy

for 28 days when theP. aeruginosaculture is pogtive, without specifying a treatment
protocol. They produce their recommendations based on the results of two randomised
studies, the ELITRatjen F et al.,, 201@nd EPIGTreggiari MM et al., 20119tudy. The
ELITE studyRatjen F et al.,, 2010valuated the use of inhaled tobramycin for early
eradication of P. aeruginsa in 88 patients with cystic fibrosis. The eradication Fof
aeruginosawas successful in 66 8bthose who had 28 days treatment and 69 % in 56 days
treatment and lasted for 27 months. On the other hand, the EPIC giueggiari MM et

al., 2011)examined the influence of early eradication of four treatment protocols in 304
paediatric patients with cystic fibrosis. The examined protocols were; inhaled tobramycin
combined with oral ciprofloxacin or oral placebo evetyree months, and inhaled
tobramycin with ciprofloxacin or placebo when the quarterly culture was positivePfor
aeruginosa The success rate for the four examined protocols to eradieaseruginosavas

more than 80 % for 18 months with no difference Wween the administered protocols.
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2.2.2 Management of chronic P. aeruginosa infection

At early stages of the disease, aeruginosaan be eradicated and failure to do so could
lead to chronicP. aeruginosanfection (MayerHamblett N et al., 2012)in this case, long
term inhaled antibiotics could be use@yan G et al., 201 Flume PA et al., 2007)A
recently published Cochrane review examined the current evidence for the use of long term
inhaled antibiotics in this group of patien{fRyan G et al., 2011The authors concluded
after reviewing 19 trials with 1724 patientsahthe use of inhaled antibiotics improved lung
function and reduced exacerbation rates. Similarly, the Cystic Fibrosis Foun(Htiore PA

et al., 2007)oncluded from the evidence reviewed that chronic use of inhaled antibiotics
reduced exacerbations and improved lung function, and hence they recommended the use
of inhaled antibiotic in patients with chronf. aeruginosa However, the Cochrane review
also noted that there was an increased rate of resistance when long term inhaled antibiotics

were used.

2.2.3 Management of acute pulmonary exacerbation

Patients with cystic fibrosis can also suffer from an acute pulmonary exacerbation, where
systemic animicrobial therapy is recommendg@dring et al., 2012, The UK Cystic Fibrosis
Trust Antibiotic Working Group, 2009 ulmonary exacerbation is usually characterised by
an increased productive cough, breathlessness, decreased exercise tolerance, loss of
appetite, change in appearance or volenof sputum, fever, and/or fall in respiratory
function (The UK Cystic Fibrosis Trust Antibiotic Working Group, 2068avenous
antibiotics are preferred over oral or inhaled antibiotics to ensure achievenoértigh
concentration of the antibiotic in the lung. The most common organism causing pulmonary
exacerbations i®. aeruginosand hence antibiotic therapy should be effective against it.
Usually, a combination of antibiotics with different mechanismadiion is prescribed and a

02 Y0 Ay I dast@m/and2amindglycoside is commonly ug€de UK Cystic Fibrosis Trust
Antibiotic Working Group, 2009Aminoglycoside therapy is the main focus of this thesis.
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In addition toP. aeruginosaother organisms colonise the airways in patients with cystic
fibrosis including B.cepacia nontuberculosis mycobacteria species, andAspergillus
fumigates which increase the virulence 8 aeruginosalf these organisms arguspected

to cause the exacerbatiorthen appropriate antimicrobial therapy should be considered
(The UK Cystic Fibrosis Trust Antibiotic Working Group, 2009)

2.2.4 Prophylaxis therapy

Although the most comimn pathogen causing lung infection in patients with cystic fibrosis
isP. aeruginosaS.aureuss considered the second most common pathogen (15.7C¥8tic
Fibrosis Trust, 2013) Stutmanet al (2002) examined the use foanti-staphylococcal
antibiotics as prophylactic therapy for 7 years in infants and children with cystic fibrosis.
They found that the growth oB.aureusvas suppressed, but with an increased incidence of
positive P. aeruginosaulture in the treated arncompared with placebo, leading to more
incidences of pulmonary exacerbations. Therefore, routine-stagphylococcal prophylaxis

was not recommended in children with cystic fibrosis.

2.2.5 Anti-inflammatory therapy

Macrolides were recommended for the @&i@s a long term therapy in patients with cystic
fibrosis because of their antnflammatory effect and influence oR. aeruginosaiofilm
formation (Flume PA et al., 2007, The UK Cystic Fibrosis Trust Antibiotic Working Group,
2009) Long term treatment with macrolides (azithromycin) for 3 months and up to 24
weeks was associated with 3¢76.2 % improvement in lung functiqiqui A et al., 2002,
Wolter J et al., 2002, Saiman L et al., 2083) was associated with a reduction in the
incidence of pulmonary exacerbatiorfSaiman L et al., 20Q3However, improvement in

lung function was only seen in patients who were infected vidthaeruginosand not in

those uninfected witHP. aeruginoséSaiman L et al., 2010)
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2.3 PHARMACOKINETICSN PATIENTS WITH CYSTIC FIBROSIS

The consequence of cystic fibrosis on drug handling was expected to alter as a result of the
alteration in pathophysiology of gastrointestinal tract, liver and kidney. &egl (1998)
reviewed publications focused on examining pharmacokinetics in patients with cystic
fibrosis. The authors hypothesized that drug absorption in patients with cystic fibrosis might
be decreased as a result of gastric acid hypersecretion and bile acid malabsorption.
However, the results from the reviewed studies indicated that the drug gitem was
slower for some drugs and not changed for most of the drugs. Therefore, the authors
recommended that these recommendations should not be generalised to all drugs used in

this patient group.

As a result of pancreatic insufficiency, these pasesre usually malnourished, which might
affect the distribution of drugs. Volume of distribution of drugs in patients with cystic
fibrosis was found to be highly influenced by the body size measurement use for
normalisation(Rey E et al., 1998) This issue will be discussed further in the next section

with a focts on aminoglycoside pharmacokinetics in patients with cystic fibrosis.

Cystic fibrosis can also cause hepatic dysfunction, which affects hepatic enzyme production.
Therefore elimination of hepatically metabolised drugs was expected to change in this
group of patients in favour of increased elimination for some dr{igsy E et al., 1998)
Moreover, the influence of cystic fibrosis on renally cleared drugs has been extensively
studied, showing conflicting results. Aminoglycosides are renally cleared drugs and their
clearance in patients with cystic fibrosis has belown to increas¢Kearns GL et al., 1982,
Mann HJ et al., 1985, Levy J et al., 1984not changgMann HJ et al., 1985, Hennig S et

al., 2013) The current thesis will examine aminoglycoside hagdin patients with cystic

fibrosis in detail.
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2.4 AMINOGLYCOSIDES

Aminoglycosides are one of the most frequently prescribed types of antibacterial agents for
the treatment of pulmonary exacerbations in patients with cystic fibrosis. Aminoglycosides
are hydrophilic antibiotics with poor oral absorption. They are mainly administered
intravenously or intramuscularly for systemic indicatiof@&chentag et al., 2006When
aminoglycosides are transported across bacterial cell membranes, they bind to 30S and 50S
ribosomal subunits to cause misreading of genetic codes, whiclhiimmpacterial protein
synthesis. This induces membrane damage, and an increase in intracellular osmotic pressure
and bacterial cell death. They are active against aerobic -gregative organisms including
Escherichia cqliProteus Enterobacter Klebsiel, Acinetobactey PseudomongsSerratig

andProvidenciaspecieqSchenag et al., 2006)

2.4.1 Aminoglycoside pharmacokinetics, pharmacodynamics and toxicity

2.41.1 Pharmacokinetics

Aminoglycosides are polar drugs with lafbumin bindingangng from zero for gentamicin

and tobramycin to 35 % for streptomyci{ordon RC edl., 1972, Myers DR et al., 1977)
whose distribution is essentially limited to the extracellufarid compartment, although

they can diffuse into synovial, peritoneal and ascitic flldese TH and Kozin F, 197Gl

MA and Kern JW, 1979, Marsh DCJr et al., 1974, Rodriguez V et al., 1970, Chow A et al.,
1971)and cross the placent@ernard B et al., 1977, Yoshioka H et al., 19%&jmal studies

have demonstrated active transport into the inner ear and renal proximal tubule and
accumudtion in these tissues has been associated with the development of ototoxicity and
nephrotoxicity. Aminoglycosides have poor penetration into lung tissue and bronchial

secretiongLevy J, 1986)

Aminoglycosides are eliminated unchanged, mainly through renal elimination by glomerular
filtration (Gyselynck AM et al., 1971, Plantier J et1&76, Kirby WM et al., 1976)hey are
also actively reabsorbed by the proximal tubule, which may lead to renal toxic eftedts
FC and Kleit SA, 1974, Schentag JJ et al., 1977, Schentag JJ et aSnidig@nounts of
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aminoglycoside havalso been found in bil@Mendelson J et al., 1973, Pitt HA et al., 1973,
Smithivas T et al., 1971)able 2.1 shows summary of aminoglycosides (gentamicin,
tobramycin and amikacinpharmacokinetic parameters obtained from the literature for

general medical patients.

Table 2.1 Summary of aminoglycoside (gentamicin, tobramycin and amikacin)
pharmacokinetic parameters for general medical patients obtained from the literature.

Parameer Gentamicin Tobramycin Amikacin
Volume of
distribution (/kg) 0.31+0.1 0.33+x0.@ 0.27 £0.06
Protein binding (%) ~ 10 " 10 4
Clearance 0.82 CrCL + 0.11 0.98CrCL+32% 0.6 CrCk 014
(mL/min/kg)
Elimination haife 2.0¢3.0 22401 23+0.4
(hour)

Reference(Hardman JG et al., 2001)
Key: CrCL is creatinine clearance.

2.4.1.2Pharmacodynamic and resistance patterns

Aminoglycosides are bactericidal antibiotics that exhibit concentration deperki#imig,
which is defined as a progressive increase in the killing rate with increasing antibacterial
concentration(SancheNavarro A and $&hez Recio MM, 1999)Achievement of a higher
aminoglycoside peak level to MIC ratioaissociated witha positive therapeutic outcome
including decrease in high temperature, decrease in leukocyte counts and resolve of signs of
infection at the site ofnfection (Moore RD et al., 1987although, daily AUC to MIC ratio
has also been suggested to be relatedte antibacterial effect of aminoglycosidéNielsen

El et al.,, 2011) Furthermore, aminoglycosides have a pastibiotic effect, which
represents the time that inhibition of bacterial growth continues after exposure of the
bacterium to an antibacterial, even though the antibacterial concentratian fallen below

the bacterial MIQSanchefNavarro A and Sanchez Recio MM, 1999)e duration of the
aminoglycoside posantibiotic effect has been reported as two to four houmsvitro and up

to ten hoursin vivoagaing gram negative bacill{(Craig WA et al., 1991owever, in arnn

vitro pharmacokinetic model simulating human pharmacokinetics, theraotycin post
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antibiotic effect was observed to decrease as the concentration decreased during the 12
hour dosing interval and it completely disappeared after the drug concentration reached the
MIC forP. aeruginoséDen Hollander JG et al., 1998he authors therefore questioned the

use of a long posantibiotic effect as supportive evidence for prescribing aminogios

with an extended interval dosage regimen such as once daily. Aminoglycosides also exhibit a
post-antibiotic leukocyte enhancement phenomenon, whereby the antibiotic enhances
bacterial susceptibility to leukocyte phagocytosis and killing in the presehevhite blood

cells (neutrophilsjFantin B et al., 1991, Kapusnik JE et al., 1988, Vogelman B et al.,. 1988b)

Organisms that are initially sensitive to an aminoglycoside can develop resistance to the
drug. Pwole (2005) reviewed the current publications onP. aeruginosaresistance to
aminoglycoside and reported that several possible mechanisms contributed to the
resistance, including enzymatic andn-enzymatic mechanisms. An enzymatic mechanism
through modifying enzymes such as aminoglycoside phosplrangferaseaminoglycoside
acetytransferase, and aminoglycoside adetrgnsferase, which inactivate the drug, is
well-established. A noenzymatidnduced resistance is also another possible mechanism by

affecting aminoglycoside permeability and reduction of its uptake by the bacterial cell.

Another type of bacterial resistance to aminoglycosides that is influenced by the duration of
antibiotic e)posure and not to genetic mutation, is called adaptive resistaf@Barclay ML

and Begg EJ, 2001lpuring the first several hours of aminoglycoside exposure, bacterial
killing will be in a concentration dependant fashion. After a prolonged exposure to the
aminoglycoside, the bacterial pathogen dowegulates aminoglycoside transpofDaikos

GL et al., 1990, Jackson GG et al., 1990)vever, this type of resistance is unstable and can
be reversible within few has, yielding pathogens that are fully susceptible to the
aminoglycoside killing effect if they have a diftge period. More recentin vitro work
identified amultidrug efflux pump systemknown asthe MexXYefflux pump as a possible
explanation for the eduction of aminoglycoside accumulatienthin the bacterial cell and

the occurrence of adaptive resistan¢8obel ML et al., 2003Yhe authors observed a fast

activation of MeXY production (within 2 hours) afté. aeruginosaexposure to an
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aminoglycoside and a reduction in the efflux pump expression when the organism was no

longer exposed to the antibiotic.

2.4.1.3Toxicity

The main aminoglycoside side effects are nephrotoxicity and ototoxicity, and also
neuromuscular blockade to a smalégree. The reported incidence of nephrat@ity in
generalmedicalpatients wasup to 20 %(Kahlmeter G and Dahlager JI, 1984, Barza M et al.,
1996, De Jager P and Van Altena R, 20D2¢ predisposing factors for aminoglycoside
induced nephrotoxicty arelevated serum trough levels (>2 mg/abnormal baseline renal
function (Selby NM et al., 2009nd the use of concomitant nephrotoxic dsyguch as
vancomycin(Rybak MJ et al., 1999nd fuosemide (Prins JM et al., 1996However,
aminoglycoside dose and durah of course werenot associated with the development of

the nephrotoxic effect.Although aminoglycosides are eliminated mainly by glomerular
filtration, a fraction of the dose is reabsorbed into the proximal tubule and this is thought to
be the primary ge for nephrotoxicity(Schentag JJ et al., 1979, Schentdgnd Plaut ME,
1980) Aminoglycosides are reabsorbed and transported into the renal proximal tubule by
pinocytosis and sequestered in lysosomes, mitochondria and the body of the Golgi
apparatus(Sundin DP et al., 20Q0Ihey induce cellular death by inhibiting protein synthesis
and alteration of lysosomal membrane permeability, cagsitisruption of the membrane

and release of lysosomal enzymes into the cytoplasm. Moreover, molecular studies have
shown other possible mechanisms. Proximal tubule calcium receptors might be activated
by the antibiotic leading to renal damad@/ard DT et al., 2002)ut this requires further
investigaion. Another suggested mechanism is by reducing glucose reabsorption in kidney

by reducing its transporterélakamoto K et al., 2003)

The incidence of aminoglgsde induced ototoxicity was smalkss thar20 % (Kahlmeter G
and Dahlager JI, 1984, De Jager P and Van Altena R, 200@)glycoside induced
ototoxicity includes cochlear and vestibular dysfuncti(®chentag et al., 2006Cochlear

toxicity may manifest as tinnitus, hearing loss, pressure, and sometimes pain in the ear,



18

while vestibular toxicity symptoms include Zizess, vertigo, ataxia, and nystagmus.
Symptoms of aminoglycoside induced ototoxicity can occur as early as three to five days
after starting therapy or even up to four to six weeks after stopping therapy. Several factors
have been reported to predispode LI GASy G G2 GKS RNMzZZIQa 2420
renal insufficiency, prior abnormal audiogram, older age, septicaemia, dehydration, high
temperature, total cumulative dose, prolonged duration of therapy3(2veeks), prior
aminoglycoside exposurgeak serum concentration, trough serum concentration, and
concomitant administration of ototoxic drugs, such as loop diuretics. Current thinking
NEIIFINRAY3I  LI2aaArAoftS LINBRAALRAaAAYA FlLOG2NI F2N
mutation. The predisposingmutation is the A1555Gin the 12S ribosomal RNA gene
(Prezant TR et al., 1993and was associated with 30 % of hearing loss caséschel
Ghodsian N et al., 1997)he genetic mutation does not stop at the individual level, but can
be inherited (Gardner JC et al., 1997, Hu DN et al., 198&)ydneret al (1997)reported a
Southern African familyin which nine members went deaf following streptomycin
treatment, whileHuet al (Hu DNet al., 1991Yeported 36 Chinese famili¢sat had a family
history of aminoglycosidenduced hearing lossThis suggests the need take a family
history before aminoglycoside administratioButhrie (2008)reviewedin vitro and in vivo

work to explain possible mechanisms for aminoglycoside ototoxieigy reported thathe
possible molecular mechanisro tnduce vestibulocochlear damage was by formation of an
aminoglycosideron complex that produced oxidative stress in the inner é&cently the
production of oxidative stress was found to be associated g#hetic mutations at the
oxidative stresgelated gene (PNOS3GSTZland GSTPQene to induceaminoglycoside
vestibulotoxicity(Roth SM et al., 2008 urrent research is moving towards finding possible

protection strategies, for examp|éhe use of iron chakors and free radical scavengers.

Aminoglycoside induced neuromuscular blockade is a rare but potentially fatal adverse
effect (Schentag et al., 2006)The effect can be clinically relevant in patients with-pre
existing neuromuscular disease, such as myasthenia gravis, patients who are hypocalcaemic
or hypomagnesaemic, ceaomitant administration with other neuromuscular blocking drugs

or anaesthetic agents, and patients receiving calcium channel blockers. The drug interferes

with presynaptic uptake of calcium, thus reducing the release of acetylcholine, and binds to
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the podsynaptic acetylcholine receptathannel complex. Usually the toxicity can be
reversible in mild cases by stopping the drug, whereas in more severe cases pharmacological

intervention is needed, including administration of calcium gluconate or neostigmine.

2.4.2 Aminoglycoside pharmacokinetics in patients with cystic fibrosis

2.4.21 Volume of distribution in patients with cystic fibrosis

A number of studies compared estimates of aminoglycoside volume of distribution in
paediatric and young adult patientgith and without cystic fibrosis and found that patients
with cystic fibrosis had higher estimates of volume of distribution when normalised to body
weight(Kearns GL et al., 1982, Levy J et al., 1984 xhe other hand, other studidailed to

find any difference between volume of distribution in patients with cystic fibrosis compared
to those without the diseas@ann HJ et al., 1985, Hennig S et al., 20TBg reason may

be related to participant characteristics, inclag nutritional state. Levyet al (1984)
suggested that malnourished patients had higher extracellular volume on the basis of
weight, and because aminoglycoside is a hydrophilic dhen it would distribute to
extracellular fluid. Another possible explanation could be the influence of body size
measurement used to normalised volume of distribution. For example, when éteay
(1984)normalised volume of distribution to weight, a difference was observed. However,
when volume of distribution was normalised to body surface area, no difference in volume
of distribution was observed between patients with and withaystic fibrosis. Hennigt al
(2013) used lean body weigh{Janmahasatian S et al., 200&) estimate volume of
distribution and no difference was observed between patienthwaind without the disease.
Patients with cystic fibrosis are usually malnourished and lack adipose tissue; this difference
in body composition is taken into account in addition to body size when lean body weight
was used compared with weight. Thereforéetuse of lean body weight eliminated the

difference between patients with cystic fibrosis and those without the disease.
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2.4.22 Clearance in patients with cystic fibrosis

Findings from several studies in paediatric and adult patients with cystic iBbsapported
higher aminoglycoside clearance values, both when compared to control and to historical
estimates(Kearns GL et al.,, 1982, Mann HJ et al., 1985, Levy J et al., A9Bd}¥sible
explanation for these ifferences might be an additional, naenal elimination pathway.
Sputum has been suggested as an alternative route of aminoglycoside elimination,
particularly for tobramycir(Levy J et al., 1984Because mucus plugs in patients with cystic
fibrosis are composed of negatively charged glycoproteins, positively charged compounds,
such as tobramycin, could bind and be eliminaigevy J, 1986, Hunt BE et al., 1995
Ramphal R et al., 1988n contrast, MacDonaldt al (1983)suggested that the severity of

the disease might influence aminoglycoside pharmacokinetics, where patients with mild
disease had lgher drug clearance. In contrast, a recent study conducted in eight centres
did not find any difference in clearance in patients with cystic fibrosis compared to the
general population(Hennig S et al., 2013)The differenceén results could be related to the
sample size; studies that observed an increased aminoglycoside clearance in patients with
cystic fibrosis included less than 30 patients and the age group was limited to paediatric and
young adults (less than 18 years Jldearns GL et al., 1982, Mann HJ et al., 1985, Levy J et
al., 1984) However, in the study of Hennigt al (2013) a total of 732 patients were
included with a wide nage of age (0.01 to 66.4 years old). Usually, paediatric patients have
higher clearance compared with adults and because the mean age of Ketaah§1982)

Mann et al (1985)and Levyet al (1984)was between 11 and 16 years old, that might
explain the increased aminoglycoside clearance that was observed. In addition, the method
used to estimate renal function might influemdhe results. Levet al (1984)used two
methods to estimate renal function; clearance of iothalamate and creatinine clearance by
measuring creatinine concentration in the urine.ahh et al (1985) estimated creatinine
clearance by the Cockcroft and Gault equation with no information on how to handle low
serum creatinine. There is some evidersl®wed that the use of low serum creatinine
values(less than 60 umol/L) to estimate creatinine clearance by the Cockcroft and Gault
equation might result in overestimation of creatinine cleararff€euw DJ et al., 1996)On

the other hand, Kearnst al (1982)used 12 or 24 hour urine collection to estimate

creatinine clearance. However, Henmigal (2013)used the serum creatinine, age and lean
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body weight, which take imt account body size and composition, to estimate

aminoglycoside clearance.

2.5 AMINOGLYCOSIDE USE IN PATIENTS WITH CYSTIC FIBROSIS

Patients with cystic fibrosis suffer from frequent lung infections caused mainly.by
aeruginosaCystic Fibrosirrust, 2013and the UK Cystic Fibrosis Trust recommend the use
of intravenous antibiotics to treat pulmonary exacerbations or low grade symptoms which
are not responding to oral antibioticéThe UK Cystic Fisis Trust Antibiotic Working
Group, 2009) The Trust recommends a combination of antibiotics with different
mechanisms of action to be prescribed and a combination of ceftazidime and tobramycin is

commonly used.

2.5.1 Aminoglycoside dosing

2.5.11 Exended interval dosing

Traditionally, aminoglycosides were administered every six or eight hours, but further
understanding of their pharmacodynamics has moved dosing regimens towards extended
interval, twelve hourly and particularly once daily administrati The rationale behind this
change is that aminoglycosides have concentratiependent activity so high peaks
correlate better with efficacy. They also have a long fodtbiotic effect, from three to ten
hours againsP.aeruginosdFantin B et al., 1991, Vogelman B et al., 1988b, Craig WA, 1993)
which is even more prolonged in the presence of neutroplitspusnik JE et al., 1988)nce

daily administration reduces the development adaptive resistance, although the exact
duration is still unknowr(Daikos GL et al., 1991, Gilleland LB et al., 1989, Daikos GL et al.,
1990) Moreover, once daily aminoglycoside dosing has been associated asghdiug
being accumulated in the kidney and hence a reduced risk of nephrotofztydroe ME et

al., 1991, Verpooten GA et al., 1989)
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The efficacy and safety of once lgaaminoglycoside dosing was compared with three times
daily dosing in a metanalysis conducted by Munckhet al (1996) who evaluated 20
studies including 2881 adybiatients. The authors found that once daily dosing resulted in a
small improvement in clinical efficaeyith a difference o0f3.5 %(95% confidence interval

0.5 to 6.5% p = 0.027 compared with three time daily dosing, but with a similar rate of
nephraoxicity (difference: 1.3 %; 95 % confidence interv@.1 to 5 % p = 0.19) and
ototoxicity assessed by audiometry (difference 0.7 %; 95 % confidence inte/®4dl to4.5

% p = 0.84. In addition, Hatalaet al (1996)evaluated thirteen randomised controlled trials
that compared the efficacy and safety of aminoglycoside once and three times daily dosage
regimens in adult general medical patients. The results flloenmeta-analysis showed that

both regimens had equivalent efficaayth risk ratio of 1.02 (95 % confidence interval, 0.99

to 1.05) However, although the differensewvere non-significant, the once daily dosage
regimen was associated with relative riskreduction of nephrotaicity of 13 % a relative

risk reduction of ototoxicity of 33 %@nd a relative risk reduction of 9 % fanortality
compared with three times daily Furthermore, Contopoule®annidis et al (2004)
examined 24 studies that compared the efficacy and safety of once and three times daily
dosage regimens in paediatric patients treated with aminoglycosides. The results indicated
a trend for better efficacy associated with once daily compared hiiee times daily
dosingwith a risk ratio of 0.71 (95 % confidence interval, 0.45 to 1.11; p = @i&)with
comparable rate of nephtoxicity, risk ratio0.97 (956 confidence interval, 0.55 to 1.69; p
=0.90)and ototoxicity risk ratio 1.06 (95% confidence interval, 0.51 to 2.19; p = 0.92)
Moreover, aminoglycoside associated nephrotoxicity was compared for twice and once daily
dosage regimeim general medical patien{&®kybak MJ et al., 1999)he authors reported six
cases of nephrotoxicity in the twelve houdpsing and no cases in the once daily dosage
regimen group. These results confirmed that less frequantinoglycoside dosing was
associated with reduced risk of nephrotoxicifyhe available evidence encouraged the use

of extended interval aminoglycoside dosing in different patient groups treated for

susceptible infections.
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2.51.2 Aminoglycoside dosing patients with cystic fibrosis

The dose recommended by the cystic fibrosis Trust for both children and adults is
tobramycin 10 mg/kg/day every 24 hours by infusion over 30 minutes up to a maximum of
660 mg. This dose should be administered for two vieekg A 0 K & (0 N2 dzZaA K €
monitored before the second and eighth doses. The target concentration for samples taken
18 hours post dose is <1 mg/The UK Cystic Fibrosis Trust Antibiotic Working Group, 2009)
In addition,plasma creatinine should b@onitored before the first dose of tobramycin and
again before the eighth dosét is recommended that baseline audiometry is performed at
the beginning of each treatment with intravenous tobramycin, i.e. withia first two days

after the first dose(Scheenstra RJ et al., 201Bpwever, not all cystic fibrosis units follow
these guidelines. The current practice in Glasgow is to prescribe a tobramycin db2e of
mg/m? twice daily, according to the work of Campbetllal (1999) aiming for a peak of-82

mg/L and trough less than 1 mg/Bgrsonal Communication, cystic fibrosis pharmacist at

Gartnavel Hospital, Glasgow, May 11, 210

The Cyic Fibrosis Trust recommendations resulted from cumulative evidence supporting
the effectiveness and safety of once daily tobramycin. One piece of evidence came from the
TOPIC studgSmyth A et al., 2005yvhich contained 219 patients given a dose of 10 mg/kg
tobramycin once daily or eight hourly for 14 days. This is cersidas one of the largest
clinical trials comparing once to three times daily dosing of aminoglycosides in patients with
cystic fibrosis. There was no difference in efficacy in patients with acute pulmonary
exacerbations but a tendency for a greater g@se in serum creatinine concentrations was
observed in adult patients with cystic fibrosis in the once daily group. In addition, patients
from the TOPIC study were further investigated for the occurrence of ototoxicity assessed
by audiometry (Mulheran M et al.,, 2006) The analysis showed no difference in the
incidence of ototoxicity between once and three times daily dodimgddition, Scheenstra

et al (2010)examined the incidence of ototoxicity for tobramycin dose of 10 miglkg

administeredin two divided dosesand found no hearing loss in patients with cystic fibrosis.

'daYy
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The results from the TOPIC study are in agreement witkergpublications that showed an
equivalent improvement in lung function with once daily and three times daily dosing of
tobramycin with no difference in nephr@r ototoxicity in patients with cystic fibros(Bates

RD et al., 1997, Vic P et al., 1998, Master V et al., 2001, Burkhardt O et al.,r200éyer,

Vic et al (1998) favoured once daily dosing as it reached higher tobramycin sputum
concentrations compared with three times daily dosing. In addition, although the diitere
was small, patients treated with three times daily dosing had higher microglobulinuria on
day 14 compared with the once daily group, suggesting better renal tolerance for once daily
dosing. Batest al (1997)reported also an increase in blood urea nitrogen level but without
nephrotoxicity following once daily dosing. However, blood urea nitrogen is not a specific
indicator for nephrotoxicity and the authorsuggested a high protein diet effect or
corticosteroid administration might have caused this increased level. On the other hand,
Master et al (2001) reported ototoxicity in the form of tinnitus as a result of rapid

administration of tobramycin with both three times daily and once daily dosing.

Despite the evidence supporting once daily administration of tobramycin in patients with
cysticfibrosis, Beringeet al (2000)and Burkhardet al (2006)raised some concerns about
administering once daily aminoglycosides in these patients. Although the pharmacokinetic
/pharmacodynamic index of peak to MIC ratio was greater with once daily cadpa
twelve or eight hourly, and it had greater bactericidal activity, the time below the MI€.for
aeruginosawith once daily dosing exceeded the pasttibiotic effect in bothin vitroandin
vivostudies in adult patients with cystic fiborogBeringer PM et al., 2000) he authors were
concerned about a possible emergence Rof aeruginosaesistance following once daily
dosing as a result of the prolonged time below the MIGs Ty allow greater bacterial +e
growth during the dosing interval and the development of resistance. This observation was
supported by the study of Burkhardt al (2006)in patients with cystic fibrosis. They found

an increase in the MIC @&. aeruginosafter 24 hourly dosing, whereas the MIC after 8
hourly dosing did not change. In additi, Masteret al (2001)reported that both once and
three times daily tobramycin dosage regimens led to an increase in MIC adainst
aeruginosa where the once daily tobramycin dosage regimen resulted in a statistical

significant increase with multiple courses of the antibiotic. This raises another concern
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about developing resistance because patients with cystic fibrosis have recuuegt |
infections and would require more frequent treatment with aminoglycoside. Further
evidence comes from a UK evaluation susceptibility test study in a range of patients, which
showed thatP. aeruginosaNB a A & (i | y OS -labthni) &rinoglyésidé &nquindlone
agentswaslow, less than twelve per cerfHenwood et al., 2001 However, a patient sub
group analysis showed that high resistance rates were reported for isolates from patients

with cystic fibrosis.
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CHAPTERS: WITHIN SUBJECT VARIABILITY IN
AMINOGLYCOSIDE PHARMACOKINETICS IN PATIENTS WITH
CYSTIC FIBROSIS
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3.1 INTRODUCTION

Cystic fibrosisis an inherited autosomal recessive disease characterised by viscous
secretions within the respiratory tract leading to persistent aiywabstruction with mucus,
which provides a good culture medium for microorganism grovthronicand intermittent
infections withP. aeruginos@ommonly occur in this group of patienf€ystic FibrosisTrust,
2013) and are typically treated with acombination of an aminoglycoside (usually
tobramycin) and d -lactam, such as ceftazidim@he UK Cystic Fibrosis Trust Antibiotic
Working Group, 2009) Sincepatients with cystic fibrosisnow live longe, with a median
survival of 4lyears reported in 201@nd 2011 corpared with 34years in 2009 Cystic
FibrosisTrust, 2013Yhey are potentially at increased risk of developing aminoglycoside
induced renal toxicity through exposure to multiple courses of therapy over a prolonged

period of time.

The incidence foacute renal failure has been reported as-4®5 per 10 000 patients with
cystic fibrosis per year in the UK, and 88 of these patients were prescribed an
aminoglycoside(Bertenshaw C et al., 2007revious studies have mainly focused on
nephrotoxicity arising from singleourses of aminoglycoside therapy and have studied
patients within a range oflimical specialties, includingystic fibrosis(Prestidge C et al.,
2011, Smyth A et al., 20Q%eneral medicinéDrusano GL and Louie A, 2011, Sweileh WM,
2009) critical illnesgGalvez R et al., 201Bnd tuberculosigDe Jager P and Van Altena R,
2002) However, there is currently little information on the impact of multiple courses of

aminoglycoside therapy on renal function in patients wattstic fibrosis

3.2 AIMSOF STUDY

The aims of the present study were as follows:

1 to investigate the influence of covariates on aminoglycoside pharmacokinetic
parameters in patients with cystic fibrosis.

1 to determine the nature and extent of withisubject variability in aminoglgside

pharmacokinetics in patients with cystic fibrosis.
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1 to determine how pharmacokinetic parameters change over time in patients with cystic
fibrosis who have received multiple courses of therapy and their impact on future

dosage recommendations.

3.3 METHODS

3.3.1 Patient data and setting

The study was a retrospective analysi$¢ data contained withina database of
aminoglycoside therapeutic drug monitorirfgr adult patients with cystic fibrosigata
covering the period 1993 to 2009 total of 219 cotses of therapyfrom 51 of these
patients, collected between 1993 and 1997, have been analysed and reported previously
(Campbell D et al., 1999n addition, data from a maximum of 2 courses from 163 patients
were included in a recent population n@eanalysis that compared tobramycin
pharmacokinetics in children and adults with and withaysstic fibrosis(Hennig S et al.,
2013) The project was conducted using the data thaere routinely collected by the
therapeutic dug monitoring service provided by clinical pharmacists to Adeilt Cystic
Fibrosis Unit, Gartnavel General Hospital, Glasgdw. number of active patientsithin the

unit in 2011 was 2174Cystic FibrosisTrust, 2013)All files containing theragutic drug
monitoring data from patients who were treated in theystic fibrosisunit with an
aminoglycoside antibiotic and were stored withire database in the pharmacy department
were eligible for inclusion in the study. Aminoglycoside dose and coratenmt data are
routinely analysed using a MAP Bayesian pharmacokinetic package(Kelian et al.,
1982) Hard copies of OPT data collection forms and output are stored within the pharmacy

department and electronic copiexf OPT files are stored on the hospital computer network.

The database was constructed using the spreadsheet package Excel. The following clinical
data were entered into the database and summarised: anonymised paitkemtification
number, date of starof therapy, time of drug administration, duration of therapy, age, sex,
actual weight, height, and serum creatinine concentrations. If clinical characteristics were
missing, the median of the patient group was imputed. No patient identification data wer

stored in the final database. The following pharmacokinetic data were also entered into the
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database: drug name, administered dose amounts, dates, times and rates of infusion, dates
and times of concentration measurements. Ethical approval was obtanoed the West of
Scotland Research Ethics Service committee (Reference number 09/S0709/50). A copy of
the ethics approval letter is shown in APPENDIX |. Patient consent was not obtained since
the data were retrospective and had been anonymised by clipicaimacists before entry

into the database.

3.3.2 Serum creatinine and d rug assay

Serum creatinine was measured by th&ffémethod and there was no change over tirime

the analytical method Aminoglycoside concentrations were measured by the clinical
microbiology laboratory of the hospital using Fluorescence Polarization Immunoassay (TDXx,
Abbott Laboratorieswith no changein methodology over the data collection periodhe

limit of quantification was 0.1 mg/and 2.5 % of the concentrations were repaitas 0.1

mg/L. Five concentration measurements were below this limit were excluded from the
analysis. The inteassay coefficients of variation were 6.3% at 1 mg/L, 3.7% at 4 mg/L and

4.3% at3 mgl/L.

3.3.3 Population data analysis

The data were analysagsing the population pharmacokinetic software NONM@Bdal SL

et al., 2009) The modelling approach withinONMEM is divided into three swuhodels:
structural, statistical and covariate model. The structural-swddel describes the time
course of the drug in the body in a specific individual (the drug behaviour in the body),
which is decided based on the avaie drug concentration data to follow one or multi
compartment model, using fixed effects parameters. The fixed effect parameters include
the typical population estimates of pharmacokinetic parameters such as clearance and
volume of distribution, that calve a function of various covariatg$Sheiner LB and Beal SL,
1981a) A covariate is any variable that is specific to an individual and may influence the
pharmacokinetics or pharmacodynamof a drug including age, weight, dose, and presence
of concomitant medication. The statistical soimdel accounts for the random effect

parameter, which are the amount of pharmacokinetic variability including betwsdnect
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variability (BSV), withisulgect variability (WSV) and residual variability, e.g. assay error,

doses times, and incorrect pharmacokinetic model.

3.3.3.1Structural model

In the current study, one compartment and two compartment linear models were
compared. They were tested usigdNMEM version.T (Beal SL et al., 2008%ing the first
order conditional estimation with interaction algorithh (FOCE IYhe FOCE is an estimation
algorithm that conditiors the linearization of the model around each individual parameter
estimate for the betweersubject variability random effectdn addition the Stochastic
Approximation Expectation Maximizatig® AEM) algorithm was trie@he SAEM algorithm
is a stochastic approximation version of the expectation maximization algorithm linkad to
Monte Carlo procedure to estimate the maximum likelihqédihn E and Lavielle M, 2005)
¢2 RSTFAYS | O2YLI NLIYSy(d Y2RSt stoyldbe belecied,a = |y
and to reparameterise these parameters the pharmacokinetic parameters requested by
the modeller the dTRANS subroutines could be selected also There are several fe
parameterisation options available within NONMEM, and TRANS 2 was chosen for the one
compartment model. This converts the basergmeters k (the elimination rate constant)
and V (the volume of distribution) into clearance (CL) and volume of distribution (V)
according to the following relationship

k=CLV

For the two compartment model, ADVANV&sused with TRANS 4, which-parameterised

the basic pharmacokinetic parameters for ADVAN 3 to:

CL clearance
V1 central volume
Q intercompartmental clearance

\Z peripheral volume

according to the following relationships
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klO: CL/V
kio= QM
ko1= Q/\,

Initial values for the pharn@okinetic parameters were obtained from the paper by
Campbellet al (1999) The initial estimate of clearance used for the amempartment
model was 4.3 L/h and the volume of distribution estimate was 14 L. For the two
compartment paraneters, both clearanceand volume of distribution of the central
compartment values were similar to those used in the one compartment model. Different
initial estimates for volume of distribution of the peripheral compartment and mnter

compartmental clearace values were tried.

Betweensubject variability was modelled using an exponential model because
pharmacokinetic data are usually rigsitewed (Lacey LF et al., 199@nhd log normal
distribution is assumed, and to force the parameters to be greater than zero (to get positive

parameters) as follows;

CLi = TVCL exji)(

Where CLi is clearance f8Fsubject, TVCL is the typical population clearance estimats;

the deviation from thetypical for thef'a dzo 2SOl s A G K 1 SNERB Th¥igiiay I+ y R
values for all BSV variance were set at 0.05. The block matrix was tried and was retained in
the model if it improved the fit of the dateBecause lognormal distribution was assumed

the estimated variance is in log scale, it should be converted to the original scale by
estimating a coefficient of variation. The coefficient of variation can be estimated then using

the following formula:

CV (%) = Vw? x 100

Within-subject variability (WSV) was then adto the structural model applying the

Karlsson and Sheiner mod&arlsson MO and Sheiner LB, 19@8jollow:
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CLi=TVCL e

OoCg¢ OCG + in OCCj)

Where | is the occasion number e.g. j=1,2...0s;is the deviation from the population
typical estimate due to variability from occasion j. It is assumed that epdias zero mean

'Y R @I RIJAlcosfficnt of variation can be estimated using the CV formula previously
stated. The value of the WSV variewas constant across all occasions; APPENDIX Il shows
an example of a control file that contains the coding for WSV. The definition of one occasion
was one aminoglycoside treatment coursBesidual error was also modelled where
additive, proportional anccombined error models were tried and compared using the base

model.

The criteria set for choosing the structural model were: first, a significant reduction in the
difference in objectiveF dzy QG A2y @I £ dzS 6khC+0 I ModyH F2NJ
Secondly, an improvement in the goodness of fit plots, such as observed versus population
and individual predicted concentrations, and conditional weighted residual errors (CWRES)
versustime after dose and population predicted concentrations. CWRES is the weighted
difference between the model prediction and data calculated using the FOCE method
(Hooker AC et al., 20Q7%catter plots for the measured verspsedicted concentrations

were examined for agreement.

In order to decide onvhich algorithmto be taken forward and used for covariate modelling,
run times for the FOCHE and SAEM algorithms were compared. In addition bias and
imprecision in pharmacokinties and individual concentration predictions were examined
usingthe Sheineret al approach(1981b) The algorithm which was fast and produced

unbiased and precise predictions was used for covariate modelling.

Bias and imprecision were estimated ftre pharmacokinetic parameters of interest,
clearance and ) and the measured versus population predicted concentrations. Bias was

defined as mean difference in prediction error if the results were normally distributed or
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median if they were not(Sheiner LB and Beal SI981b) Lower bias indicates higher

accuracy in model predictions. Bias was then assessed by compaangprediction errors

gAGK T SNR dzaAy3da (GKS {GdzRSyGdQa ( e @édiak T 0 K
prediction usinghe Wilcoxon signedank test otherwise with statistical significance set at p

<0.05. The 95% confidence interval of the difference was also examined using Minitab
Version 15 (Minitab Ltd.). The following formulas were used to estimate the prediction

errors for pharmacokinetiestimates and concentrations;

PK Estimate Prediction Error = Individual PK Estimate — Population PK Estimate

Concentration Prediction Error = Measured Concentration — Predicted Concentration

Imprecision was based on the root mean squared prediction error if the data were normally
distributed, or the median absolute (unsigned) error if the data were -normally

distributed. A lower value indicates higheregision in model predictions.

3.3.3.2Covariate model

The covariates tested were age, weight, height and serum creatinine concentration. In
addition, other derived covariates were tested, including lean bodgight (LBW
(Janmahasatian S et al., 200&hd body surface area (BSMosteller RD, 987)t G A Sy (i Qa
nutrition status was determined using the bodyass index (BMIYXWorld Health
Organisation, 2011groupedaccording to the World Health Organisation categorisatiao

four groups; underweightBMI < 18 kg/nf), normalweight (BMI = 18.5 to 24.99 kgfn

overweight (BMI = 25 to 29.99 kgfh= | YR 20545 ?oWarld Heglth on 1 3
Organisation, 2011)Theformulas used to determinéhe derived body ige measurements

and body mass index are as follow;
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9270 x Weight (kg)

LEW for males (kg) = .
6680 +216 x BMI (“9/ 1)
9270 x Weight (k
LBW for females (kg) = g Ecg}
8780 + 244 x BMI("9/ 2)
|Height (cm) x Weight (k
BSA (m2) = |Peight (cm) ght (kg)
N 3600
Weight (k
Bl = —Veight (kg)
(Height (m)®)

In addition, enal function wasanother tested covariate and it wasstimated by the
Cockcroft and Gault equatiofi976)using three approaches. The first approach was to use
the measured concentration and the second was to fix serum creatinine concentration to 60
pmol/L if the measured concentration was less than 60 pumol/L, as recommended by Duffull
et al (1997)and Rosari@t al (1998)

1.04 x (140 — Age) x Weight (kg)

Clerif F le =
crif Female Serum creatinine (umol/L)

1.23 x (140 — Age) x Weight (kg)

Clerif Male =
crif Male Serum creatinine (pmol/L)

A further approach was to multiply the Garoft and Gauledimate of creatinine clearance
by 0.69for individuals whowvere underweight by 15% or mof&huu T et al., 2010Weight
was used in the Cockcroft and Gault formula. The methodology of Ktwal (2010)was
followed whereby ideal body &ight was determined by the Devine methd@evine BJ,

1974) thenpercentunderweight was calculad as follows:

IBEW for Female = 455 kg + 2.3 kg (Height in inches — 60)
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IBW for Male = 50 kg + 2.3 kg (Height in inches — 60)

2] t nderweight = 1 ( W) 100
T, — — — *
ercentage u weig TBW

The mechanistic model proposed by Matthews al (2004) and Anderson and Holford
(2009), which separates drug clearandato renal and norenal components, was also
investigated. This model assumes different creatinine production rates for patients whose
creatinine concentration is above or below 60 pmolLfull mechanistic model, which all
model parameters were estimated from the dataset, and a model that included the fixed
parameters for creatinine clearance reported by Matthestsal (2004)were comparedAn
example of the control file usetbr this modelis shown in APPENDIIX In addition,other
potential covariatesincludingaminoglycoside type (gentamicin or tobramycin), tihenber

of coursesf therapy andhe time sincethe first coursewere evaluated

The relationships between individual pharmacokinetic estimates and covariates were
visually examined by scatter plots using the NONMEM -postessingpackage Xpose 4
(version 4.3.% (Jonsson and Karlsson, 1998)plemented in R (versioR.151) (R Core
Team, 2012)Covariates that were identified as having a potentially strong relationship with
a pharmacokinetic parameter were included in the model first. In addition, a generalised
additive model (GAMjMandema JW et al., 1993palysis otovariates and parameters was
performed using Xpose 4. Covariates suggested by the GAM analysis with the lowest Akaik

number were added to the model.

There is noconsensus of how best to do covariate modelling when WSV is to be used,
before or after the addition of WSV. In the current studye taddition of covariates was
modelled first without WSV. Withisubject variability was then added to tipotential final
covariate modes. The reason behind this decision was to avoid the long computation time
associated with the very complex mod€lovariats wereretained in the model when a
statistically significant improvemem the fit of the model to the data wasbsewed. This
significant improvementwaBR ST AY SR & | NBRdAzOGA2Y Ay GKS

h (
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stepwise addition of covariates and an increase in OF¥wofi do 6t ~ nonnamo
stepwise removal of covariateBurthermore, an increase in goodrsesf-fit caused by the
introduction was examined by theeasured and predicted concentrations, and conditional
weighted residuals against time after dose and population predicted concentratidres.
addition of more covariates into the model was decidedeafexamining parameter
variability (etas)plots against covariates tassess whether anything wasissing from the

model.

Linear and allometric relationships with weight and power relationships for time and course
number were tested. In addition, clintal factors were centred or scaled to their median
value as appropriateThe following different structures for modelling covariates were used

singly or in combination:

Linear modelling:

CLi =TVCLM bp+1(Covariate Median) EXP' (i)
CL = (TVCk Body size measurementi(b,+1(Covariate Median)) EXP ()

CLi = (n+1x Body size measurements +.1 (Covariate Median)) EXP {)

Nonlinear model:

CLi = (TVC[Qovariate/Mediah ™) EXP' ()

Allometric scale model:
CLi = (TVCWeight/70¥-"9 EXR' i)

Mechanistic model:
CLE] 1a(LBW/7097°F 1.4(CrCL(/N)/7.26 L/Ih/70 kg x LBW+0.211(Weight BW)/70)°")
EXP(i)

Where CLi is the clearance value for thesuibject, TVCL is the typical clearance estimate,

" n+1iS the proportional change ofypical value per unit of covariatéj is betweensubject
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variability and representthe difference between the individual parameter and the typical
population value for the " & dzo0 2S00 6 A G K 1T SNRZ TH&H NFR6/R
L/h/70kcg in the mechaistic model refesto the standard GFR fa@n adult patient weighing
70 kg, and the 0.21ik a correction term for the contribution oaf masso GFR

Models investigated for ¥ included direct linear relationships with body size
measurements, linear efationships with an intercept, nodinear relationships and

allometric scaling as presented below:

Linear model:
Vii= (TVYx Body Size) EXPiX
Vii= TVM (M b n.{bodysize- median))) EXP {)

Non-linear model:

Vii= (TVV (body size / median)™?) EXP' ()

Allometric scale model:

Vii= (TVM (Weight / 70) EXP {)

Mechanistic model:
V= TV\ x(LBW WT-LBW)/70)) EXR" i)
V=TV (1+ ni1(LBW WT-LBW)/70)) EXR’ i)

Where Vf;is the volume of distribution of the central compartment of tiksuibject, TVMs
the typical population value foriV ,.1is the proportional change of typical value per unit
of covariate,' i is betweensubject variability and represents the difference between the
individual parameter and the typicabpulation valuefor the i subjectwith zero mean and
F NX 2 ADe&ample of a covariate modelling control file is shown in APPENDEXIII

In addition, time since the first course was modelled as covariadenonlinear (power)

relationship was used to test relationships between CL and time as follow;

DI
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IF(OBST.EQ.0)THEN

CLi= TVCLEXP' ()

ELSE

CLi= TVCL x ((OB®&tlian) ™% EXP'(i)

ENDIF

Where ClLis the clearance of thé"isubject, TVCis the typical population value for Clo:s

is the proportional change of typical value per unit of covariatejs betweensubject
variability and represents the difference between the individual parameted the typical
population value for the"l subjects AG K T SNB Y SI ¥ OBST Refe®loNte y O S

observation time in years.

3.3.3.3Distribution and elimination halfves estimates

The individual parameter estimates obtained with the final modere used to calculate
individual estimates of distribution and elimination hafé. For the one compartment

model, the elimination hadfife was estimated as follows:

0.693
byjg = .

Where k is the elimination rate constams discussed in the structural model seg.

For the twecompartment model, the distribution halffe was estimated as follows:
5 0693

L0 = jl

Where<; was calculated with the following formula:

1 ¥
‘:ld. = E [(kig + k!i + kj_[:.} + \"f(klz + k!l + kll}}‘ — 4w k!i W kil}]

The elimination ha#fife was estimated with the following formula:

2 0.693

1/2 — FR

r

Where<, was calculated with the following formula:



39

1 ~
Ay = 3 (keyg + kog + kegg) — v (kg + kog + kyg)? — 4% kgy % 3‘71[:']

where ki, and l; are the transfer rate constants from central to peripheral contpent
and vice versa and;kis the elimination rate constant from;V These parameters were

estimated from:

Q

ki, = —
12 Vl
Q

kﬂ -
217y,
CL

kig = 7

3.3.3.4Pharmacokingc parameter changes over time

The influence of multiple courses of therapy on aminoglycosidarancewas examined
visually by plotting individuatlearanceestimates against course number for all patients
who received more than one and more than 10 courses of therapy and by comparing first
and finalclearanceestimates in patients who received at least 10 courses afae (paired

{ G dzR Stysii @<B.05ignificantData were plotted using Minitdb version 15, (Minitab

Ltd, Coventry, UK).

3.4 RESULTS
3.4.1 Patient characteristics

Aminoglycoside concentratietime data wee available from 166 patients of who&1 were
male and 85 femaleThe demographic and clinical characteristics of all 166 patiants
grouped according to gendare summarized in Table 3.The majority of patients were
young, with a median age of 23 years. Although the eldest patient was 66 gkage,
patients were typically less than 40 years of age for most of their cowk#serapy, as
shownin the histogram plot of age iRigure 31. Information from 22 patients (58 courses)
was available when they were more than 40 years @ldefemale patient hada missing
height, so the mediarfemale height was usedSince the highest estimate of BMI was 29

kg/m?, none of the patients was obese, but patients were defined as overweight (BMI = 25
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to 29.99 kg/nf) in 4% of courses and underweight (BMI <518g/nf) in 40% of courses.
Tobramycin was useth 96%o0f courses and gentamicin #P6. Females were significantly

smaller in body size compared to males with median weights and heights of 48 kg and 158

cm versus 55 kg and 171 cmespectively (P <0.001).Figure H aK2g¢a LI A ¢
characteristics as a matrix plot. The difference in body size measurements because of
gender is clearly seem lean body weightas expected fromJanmahasatiaret al (2005)

equation against weight and body surface areéhese matrix plots indicated also a poor

correlation between weight and height in this group of patients

Twenty nine of the measured serum creatinine concentrations had already been fixed to 60

when the data were @lected and the actual values were not availab@f 1075 creatinine
concentration measurements, 136 (13%) were <rtbl/L andwere fixed to 60nmol/L for

the purpose of calculatg creatinine clearance. Patientgpicallyhad normalrenalfunction;

however, one patienthad moderate renal impairment wittan estimated creatinine
clearancethat ranged betweer85 and 48 mImin during different courses of therapyNo

GNBYR 61 a&a 20aSNIBSR Ay KA A frdglteicy distfitugd of S y | £ F
measured serum creatinine concentrations damreatinine clearance estimated by the

Cockcroft and Gault equatidar all courses is shown Figure 33.
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Table 31 Summary of the demographic and clinical characterigtic&lasgow patients
as overall and group based on gender

Patient Characteristic Gla_sgow data _Male I_:emale
Median (Range)  Median (Range)  Median (Range)
Number* 166 81 85
Age (years)** 23 (14- 66) 24 (14¢ 66) 22 (14¢ 56)
Weight (kg)** 50 (36 86) 55(32¢ 86) 48 (30¢ 80)
Height (cm)** 163 (139 191) 171 (150¢ 191) 159 (139 174)
Se;ﬂg;;ﬁ;ﬂ”'”e 71 (29- 203) 76 (38¢ 203) 67 (29¢ 112)
BSA (ri)** 1.5 (1.07¢ 2.08) 1.6 (1.2¢ 2.1) 1.4 (1.1¢ 1.9)
LBW (kg)** 37.4 (22.1-65.8) 48 (32¢ 66) 33 (22¢ 46)
BMI (kg/mé)** 19.1 (11.5 29.3) 19 (12¢ 28) 19 (13¢ 29)
CGCL (ml/min)** 92 (35- 181) 104 (35¢ 181) 85 (50¢ 128)
EGCL (mL/min)** 93 (35-228) 105 (35¢ 181) 86 (50¢ 228)
FGCL (mL/min)** 82.4 (24.%, 227) 82 (24¢ 181) 82 (40¢ 228)

Key: BSA= Body Surface AreaW=BLean Body WeighBMI= Body Mass Index, CGCL= Correctednegéd creatinine clearanceising

the Cockcroft and Gault equation (C&Q@Jockcroft DW and Gault MH, 197@jth minimum serum creatinine concentration fixed to 60
pmol/L (Duffull SB et al., 1997, Rosario MC et al., 199BLGCL= estimated creatininkarance using C&JCockcroft DW and Gault
MH, 1976)and the reported serum creatinine, FGCL=igsited creatinine CL using C&G and a factor for individuals who were 15 % and
more underweight(Khuu T et al., 2010)

*based o number of patients = 166

**pased on total number of courses = 1075

Figure 31 Frequency histogram of patient age in the Glasgow dataset
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Figure 32 Matrix plots of paient characteristics grouped according to gender
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Key: The black open circles indicate females and the red open dindieated males.
WT= Weight (kg), HT= Height (5rBSA Body Surface Area @n(Mosteller RD, 1987)LBW= Lean Body Weightg) (Janmahasatiar$ et al., 2005)serum creatinine (umol/L)Creatinine clearance estimated by

Cockcroft and Gault equatigii976)with serum creatinine concentrations below to 60 pmflfixed to 60 pmol/L(Duffull SB et al., 1997, Rosario MC et al., 1998)
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Figure 33 Frequency distribution of serum creatinine and cresten clearance
estimates from 1075 courses in 166 patients
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In total, there were 1075 courses of thergpgingngfrom 1 to 28per patientwith a median
of 5 occasions, as illustrated kiigue 3.4. Of the 166 patients, 38 (23%) had only one course
of aminoglycoside therapy, 57 (34%) had up to 5 courses, 38 (23%) had up to 10 courses, 25

(15%) had up to 20 courses and 8 (5 %) more than 20 courses.

Figure 34 Number d occasions versus patient identification number
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3.4.2 Aminoglycoside doses and concentrations

Aminoglycoside doses were administered by balygction or 5 minute infusion. The
median dose was 360 mg/day and ranged frb2® to 660 mg/day. Overall, 44 (4 %) of the
courses were administered 8 hourly, 1022 (95 %) 12 hourly and 9 courses (1%) 24Aourly.
total of 2238 aminoglycosideserum concentratioa were available and the number of
samples per occasion per patient ramg from 1 to 11, with a median of Zable 3.Zhows

a summary ofthe peak, middose and trough measured concentration$he majority of
samples were peak concentrations (49%, typically 1 hour post dose, median 9.3 mg/L, range
2.6 ¢ 18 mg/L) or trough catentrations (37%, median 0.4 mg/L, rar@é ¢ 3.2 mg/L) and

most (83%) were withdrawn within 72 hours of starting drug therafjne measured

concentration versus time after dose plotggesented inFigure 35.

Table 32 Summaryof the measured aminoglycoside concentrations (n = 2238)
AminoglycosideConcentrations Median Range
Peak Concentration (mg/L)*
(n = 1086) 9.3 2.6-18
Mid-doseConcentration (mg/L)
(n = 316 0.8 0.1¢8.9
Trough Concentratiorfmg/L)
(n = 836 0.4 0.1¢3.2

Key:*&t S| 1é¢ O2yOSYyiNlIGA2ya 6SNB YSI &d2NBR gAGKAY GKS FANRG W K2 dzN&
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Figure 35 Scatter plot of the Glasgow observed aminoglycoside concentrations versus
time after dose

15

Aminoglycoside concentrations (mg/L)

Time after dose (hours)

3.4.3 Population pharmacokinet ic analysis

3.4.3.1Structural model

A two-compartment model (OFV 38r FOCE | and 30r the SAEMalgorithm) provided a
better fit of the data than a one compartment model (OFV 13i7FOCE | and 168 ftire
SAEMalgorithm). Although the OFV indicated advantage in using a two compartment
model, this was not clearly observed raster plots ofthe measured concentrations plotted
against predicted concentrationswith either the FOCEl (Figure 3.6 laove) or SAM
algorithms (Figure 3.6 below). With both nodels there was more variability in the higher
concentrations There was no difference betwedime FOCE | and SAEM algorithms in regard
to model preference or parameter estimategs shown in Tabl&.3. However, un times

were longer usingthe SAEM algahm (1715 for the one and 9922 secondsfor the two
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compartment model compared withthe FOCE | algorithm (12fr the one and 79.6

seconddor the two compartment model regardless of theompartment model used.

The FOCE | algorithm produced unbiasgelarance(-0.02 L/h 95 % confidence interval;
0.07, 0.03) and inter-compartmental clearance(-0.001 L/h (95 % confidence intervak
0.003, 0.002)) estimates with high precision (0.6 and /8, whereaghe SAEM algorithm
produced biasedlearance(0.06 L/h (95 % confidence interval.006, 0.11)) estimates but
with high precision (0.&/h). On the other handthe FOCE &lgorithm produced biased ¥
estimates {0.165 L (95 % confidence intervak0.28, -0.06) compared withthe SAEM
algorithm ¢0.10L @5 % confidence intervatp.22, 0.08)) and slighly lower imprecision
(1.15 Land 1.19L). Bth algorithms produced biased, ¥stimates (QL5L ©5 % confidence
interval; 0.08, 0.21) and 1.44 19§ % confidence intervall.15, 1.7%) but the SAEM
algorithm produced éssprecise estimates compared withe FOCE | algorithif2.78 vs 0.79
L). The FOCEdlgorithm produced unbiasegopulation concentration predictionsQ.015
mg/L (95 % confidence interval).01, 0.046), whereas the SAEM algorithm produceddsd
population concentration prediction&0.042 mg/L (95 % confidence intervai().071, 0.01L3))
but both algorithms weréighly precise (0.38 mg/L).

Theconditional weighted residual versus time after dose pkitswn in Figure 3.7 (a and b)
did not irdicate any improvement in fit with the more complex model since both plots had a
random distribution around zero and an acceptable range of errdrtp 4). Both models
tended to underpredict concentrations 15 hours after administration; however, thentt
was lesgpronouncedfor the two-compartment model The conditional weighted residuals
against population model predictionglot indicated that both models predicted
concentrations with a few outliers whose conditional weighted residuals were greader th
+4.Since there was no difference betwetdre FOCE | anthe SAEM algorithms and the run
time was muchlonger using the SAEMalgorithm, the FOCE | algorithmas used for
covariate modellingEta shrinkageising FOCE | algorithwas low for drug clearamq7.4%)

and volume of distribution of the central compartment;}\{18.5%) but high for volume of
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distribution of the peripheral compartment §Y/(75%) and intecompartmental clearance

(Q) (6%%)in comparison ta typical accepted shrinkage valoélessthan 30 %

Table 33 One and two compartment structural model comparison using the FOCE | and
the SAEM algorithms

Parameter One compartment Two compartments

FOCE | SAEM FOCE | SAEM

OFV 177 168 33.1 30.1
CL(SEXL/h) 4.56(0.08) 4.51(0.09) 4.63(0.10) 4.60(0.09)
Vi (SE)L) 14.7(0.19) 14.6(0.21) 14 (0.22) 13.7(0.26)
Vs (SE)L) - - 6.81(1.79) 5.64(1.52)
Q(SE)L/h) - - 0.37(0.04) 0.48(0.08)
A?Sdli_:t;’r‘;ge/[r)or 0.17(0.01) 0.17(0.01) 0.16(0.01) 0.15(0.01)
grrr‘;‘:c(’gg’;:;') 16.9(0.007)  16.9(0.007)  16.9(0.007)  16.9(0.007)

Key: FOCE I= First order conditional estimation with Interaction, SAEM= Stochastic Approximation Expectation Maximizatten, OF
Objective function value, CLElearance);= Volume of distribution of the central compartment, ¥ Volume of distribution of the
peripheral compartment, Q= Intecompartmental clearance, SE= Standard error.
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Figure 36 Observed versus predicted aminoglycoside conceitnat panel a) one compartment model using FOCE | (above) and SAEM

(below algorithms, and panel b) two compartment structural models using FOCE | (above) and SAEM (below) alfoethiack line is the
line of unity and the black dashed line is a smooth

a) ' ' ' ' ' ' b) ' ‘ ' ! !
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Figure 37

Conditional weighted residuals

Conditional weighted residuals
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Scatter plot of conditional weighted residual versus time after dose population predicted concentrations for the one
comaprtmnet model (panel a) and two compartment model (paneldijg FOCE | (ab®vand SAEM (below) algorithms.
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3.4.3.2Covariate model

Figures 3.8 and 3.9shows scatter plots of individual estimates d&aranceagainst the
various covariates. The strongest relationships walbarancewere seen with estimated
creatinne clearance using actual serum creatinine values (EGCL) and when creatinine
concentrations below 6@mol/L were fixed to 60 pumol/L (CGCL). Negative trends were seen
with serum creatinine. Body size measurements, including weight, height, body surface
area, and lean bodyveight showed weaker correlations with aminoglycosidearance
Figure3.10 (a and b)shows the GAM analysis results for potential covariates dl@arance

that resulted in the lowest Akaiki valuemnd residuals versus potential covarest The
suggested covariates arlearancewere heightanda non-linear relationship with estimated
creatinine clearance (CGCly.Figure 3.1 the individual influence othe GAM fit showed

that two patients (40 and 89%ad a high influence on the fit andhe certainty in the fit

would dependon these data points
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Figure 38 Scatter plots of individual estimates of clearance versus serum creatinine,
creatinine clearance measurements, and age. The grey line mgea smooth through the
data points
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Figure 39 Scatter plots of individual estimates of clearance versus the different body
size measurements. Thygey line represents a smooth through the data points
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Figure 310 Clearance GAM analysis showa)gAkake value for different covariate models and b) residuals versus potential covariates
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Figure 311 Individual influence on GAM fit for clearance
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Relationships between covariates and aminoglycosidearé illustrated in Figure 324
Although there was a trend with weight, the plots suggested that heighdly surface area
and lean body weightvere better descriptorsThe GAM analysis suggested height, a non
linear relationship withlean body weightand estimated creatinine clearanceCGC)L as
potential covariates for V(Figure3.13). In Figure 3.4 the individual influence on GAM fit
showed that two patients (89 and 127) had high influence on the fit and the certainty in the

fit would depend on these data poisit
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Key:WT= weightin kg, HT= heightn cm, BSA= body surface ar¢losteller RD, 1987n m’, LBV= lean bodyweight (Janmahasatian S

et al., 2005)n kg
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V1 GAM analysis showing a) Akaki values for different covariate models and b) residuals versus potential covariates
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Figure 314 Individual influence on GAM fit for,V
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For \4 the GAManalysis showed that height and a ntmear relationship withcreatinine
clearance(CGCLgould be potential covariates. The potential covariates for Q were a non
linear relationship with hght and serum creatinine. Theatter plots for Yand Q agairts

the different covariates failed to identify any trends.

Table 3.4hows the results obtained when covariates were added singly and in combination
into the population model. A reduction in the OFV was obtained wihendifferent renal
function estimates(FGCLCGCLand EGC). were added toclearancemodel. Although
estimated creatinine clearance using actual serum creatinine measurements (EGCL)
producedthe lowest OFV there was no difference iBSV and residual erroabtained from
models using the actuaerum creatining(EGCLYr setting a minimum serum creatinine
level (CGCL)Weight was also included into clearance model using allometric scaling, the
OFV increased to 193 with no change in BSV when the power was fixed to 0.75. However,

when the power wa estimated the OFV reduced to 2Zhe addition of body size
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measurement to the ¥Ymodel resulted in further reduction in OFV and B8Xen clinical
factors werecombined inthe population model, statistically significant improvemsm fit
were identified with CGCL and height arlearanceand height in the Y model. These
reduced BSV from 23 to 20 % fdearanceand 14 to 10 % forV This model is highlighted
in red inTable 3.4 When height in clearance model was centred on median heigit,
additionalparameter was required that was close to 0 atid not improve the fit (change in
objective function value = 0). The simpler model was therefore chddsingactual weight
or lean body weightather than height to describelearanceagainproduced a poofit with
an increase in OFV frofi7 to 184 with actual weight and to 57 wilkan body weightBSV
also increased, from 23% ta1Z% with actual weight and to 25% witban body weight
Usingbody surface areaaslightimprovement was seen irthe modelfit (OFV 33 to 10)An
additional model in whiclage was modelled as categorical variable with a cut off at 18 years
old was also testedHowever, OFV (33) did not change and both group oieptt had

similarclearancesstimates of 4.6 L/h

With the meclanistic model, a better fit was obtained when CrCL parameters were
estimated rather than taken from the model of Matthews al (2004)(OFV-75 vs-63) and
reduced BSV from 23 to 20 #nd height was a better descriptor than allometrically scaled
aArl S TN\ tlékyaRcgOFV-75 compared to-39). For both the empirical and the
mechanistic models, CrCL only had a snmlilience onclearance Estimated CrCL using
both the mechanistic approachand the Cockcroftand Gault equation were highly
correlated as shown in Figure 31 However, patients whose serum creatinine was 60
pmol/L or less tended to havkigher estimates of CrCLusing the mechanistic approach
(maximum 264 mL/mingompared withthe Cockcroftand Gault equation(maximum 181

mL/min).

Although the effect was less pronounced, with both the empirical and the mechanistic
models, Y was also better describedsing height rather than actual weight &gan body
weight BSV estimates for,Vand Q were poorly characterised and removal of these

parameters had no effect on OFV or other model parameter estimates. A series of analyses
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in which 4 and Q were assumed tbe related to size consistently found that such
assumptions produced poorer fits of the data, rounding errors, unsuccessful minimisations

and/or unrealistic parameter estimates.

Neither the number of courses of therapy nor time since the first courseamgdinfluence
on aminoglycosideclearance Aminoglycoside type (gentamicin or tobramycin) had no
influence on the model. Theain population pharmacokinetic model parameter estimates

for the empirical and mechanistic models are listed in T8ble
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Table 34 Summary of covariate sumodel building results

OFV CL model (L/hr) BS\L% Vi model (L) BSV1 %

Empirical approach (no WSV)

33.1 4.63 23 14.0 14
22.8 4.84 x (WT/70)* 22 13.9 14
-13.3 4.60 + 0.007(FG@R) 21 14.0 14
-16.2 4.60 + 0.011 (CG@R) 20 14.0 14
-18.7 4.58 + 0.009 (EG®OB) 20 14.0 14

184 0.088 x WT+ 0.00003 (CGE2) 245  13.6 x (1 + 0.0158 (WHD)) 11
58.1 0.116 x LBW + 0.0003 (CE&XQ) 25 12.0 x (1 + 0.214 (LB®7)) 11
10.5 2.98 x BSA8.001 (CGG82) 21 9.07 x BSA 10
-6.14 5.04 x (WT/70)* 22 15.5 x (WT/70)* 11
57.6 4.58 x (1+ 0.00264 x (CGHA)) 20  13.8 x(1+0.00820x(HTI63)) 10
77.1 0.0278 x HT + 0.0112 (CEX2) 20 13.7 x (1 + 0.0109 (HIB3)) 10

Mechanistic approach (nVSV)
5.24 x(LBW/705 "
38.6 +0.704 x (CrCL (/W26 L/N7TOKgx 19 ) a_gi/?/?rg/\(/ifg\f/;/io» 11
(LBW+0.211(WeightBW) /7057%)
0.022 x HT
-62.6 +0.866 x (CrCL (L/H)/26 L/I/70 kgx 20 13.8 x (18.00939(HT163)) 11
(LBW+0.211(WeightBW) /7057%)
0.0225 x HT
-75.4 +0.654 x (CrCL (L/f)l26 L/I/70kgx 20  13.7 x (1+ 0.00949 (HB3)) 11

(LBW+0.211(WeigQtLBW) /70579)

Key:OFV= Objective function value, CL= clearance,Jd3®etweensubject variability in clearance, ¥ Voume of distribution of the
central compartment, BS)= Betweensubject variability in \{, WSV= Withirsubject variability, WT= weightin kg, CGCL= estimated
creatinine clearancen mL/min using the Cockcroft and Gault equatidt976)with the lowest serum creatinine is 6@mol/L (Duffull SB
et al., 1997, Rosario MC et al., 1998JT= heightin cm, BSA= body surface aréilosteller RD, 1987n m?, LBW= Lan body weight
(Janmahasatian S et al., 2008)kg, CrCL=reatinine clearance estimated using the mechanistic approéitatthews et al., 2004,

Anderson BJ and Holford NHG, 2009)
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Figure 315 Scatter plot of creatinine clearance estimated by the mechanistic approach
against the estimates from the Cockcroft and Gault equation
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Key:The black open circle is patients whose serum creatinine was greater thagné6l/L. The red open circles are patients whose
serum creatinine was 6Qmol/L or less.CrCL= creatinine clearance estimated by mechanistic apprgAciderson BJ and Holford NHG,
2009, Matthews et al., 2004)CGCLestimated creatinine clearance using the Cockcroft and Gault equafi®ackcroft DW and Gault
MH, 1976)with the lowest serum creatinine is 6@mol/L (Duffull SB et al., 1997, Rosario MC et al., 1998)

3.4.3.3Within -subject variabity

The inclusion o¥WSVon clearanceachieved a further improvement in fit (OF304), before
the addition of covariateswith a reduction inthe BSV from 23 to 21 % arlde residual
error from 0.16mg/L and 17 % to 0.08 mg/L and 1584t addingwWSwvto Vi had no effect.
The creatinine clearance (CGCL) alone rediB®V from 21 to 18.5% and the addition of
height reducedt further to 18 %A similar improvement in fit was obtained wh&iS\Was
added to the mechanistic model (OF310) but CrCL parametec®uld not be estimated

andinstead werefixed to the values obtaed using the model witholVSV

The final population pharmacokinetic model parameter estimates for the empirical and
mechanistic models are listed in TaBl&. The empirical model iderfied a typicaklearance
estimate of 4.65 L/h at the median height of 163 cm and median CrCL of 92 mL/min. The
typical M was 13.3 L and changed by 11% for every 10 cm difference from 163 cm. Similar
results were obtained with the mechanistic modelsingthe final empiricalmodel, the

aminoglycoside distribution and elimination hdilfes were estimated. Thérst estimated
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population halflife (t= ¥),) was 1.2 hours (range 119-3.26) and the secongbopulation half
life (t= %) was 125 houis (10.815.2).

Table 35 Summary ofnodel with wthin subject variabilityncluded

BSV¢ WS\ BSV:1
OFV CL model (L/hr) % % Vi model (L) %
Empirical approach (full model withWS\)
-210 4.72(0.0942 21 11 13.6(0.225 16
304 0.0285(0.000504xHT+ 0.0114 18 1 13.30.189(1+0.0113 12
(0.0022) (CGCl92) (0.00127 (HF163))
Mechanistic approach (full model withVSv)
5.07(0.289 x (LBW/70} ">+ 0.83 8.84(0.953) (1+0.718
256  (0.100x (CrCL/7.26 L/I/70kgx 17 11 (0.223x LBW+(WT 13
(LBW+0.211(Weight BW) /707%) LBW)/70)
0.0216(0.00143 x HT+ 1.01
303 (0.192x(CrCL7.26 LUh/7T0kgx 18 11 1?(')4&8'015%;;?1'2?)58 12
(LBW+0.211(Weight BW) /707%) '
0.0226(0.00117 x HT+0.709
310 (0.126x (CrCl7.26 LUh/7T0kgx 18 11 13.4(0.199 (1+0.00974

(LBW+0.211(Weight BW) /70}79) (0.00103 (HTF163))

Key: OFV= Objective functioralue, CL= clearance, B$¥VBetweensubject variability in clearance, ¥ Volume of distribution of tie
central compartment, BSy= Betweensubject variability in \{, WSV= Withirsubject variability, WT= weightin kg, CGCL= estimated
creatinine clearancen mL/min using the Cockcroft and Gault equatidi976)with the lowest serum creatinine is 6@mol/L (Duffull SB
et al., 1997, Rosario MC et al., 1998)T= heighin cm, BSA= bog surface aregMosteller RD, 1987n m?, LBW= Lean body weight
(Janmahasatian S et al., 2008)kg, CrCL=zreatinine clearance estimated using the mechanistic appro@ietatthews et al., 2004,
Anderson BJ and HolforMNHG, 2009)Standard errors of each parameter estimate are shown in italics.

Figures 36 and 317 show the measured concentrations versus final model population and
individual predictions andhe conditional weighted residualagainst time after dose a@h
population predicted concentrationsThere is a close correlation between measured and
predicted concentrationslthough he model tended to over predict concentrations greater
than 10 mg/L. It had also the tendency for higher prediction errors with $esnpbtained

after 15 hours of aminoglycoside administratjas shown in the CWRES plot versus time
after dose. Both the conditional weighted residual plots contained a few outliers whose
conditional weighted residuals wereutside +4. In addition, the abolute individual
weighted residual plot shown in Figure 3.18 does not show any trend and confirmed that

the residual error model is adequate.
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Figure 316 Measured versus predicted aminoglycoside concentration plgmg the
final model The solid black line is the line of unity and the dotted black line is a smooth.
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Figure3.17 Plot of conditional weighted residual versus time after dose (left) and
population predicted concentrations (righiising tie final model
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Figure 318 The absolute individual weighted residsgersus individual concentration
predictions using the final model. Theegtine is a smooth.

[IWRES]

Individual predicted concentration {(mg/L)

3.4.4 Clearance change over time

Figure 3.19 showsserum ceatinine concentration and aminoglycosiadéearanceplotted
against the number of courses of therapy for the 128 patients who had more than one
course and the 43 patients who had at least 10 courses of therapy. No trend can be seen
with either group. Furhermore, there was no significant change dlearancein those
patients who had at least 10 courses of therapy (mean (SD) 4.71 (0.80) L/h first course vs
4.88 (0.99) L/h last course, p = 0.199,% confidence interval).39 to 0.057).
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Figure 319 Scatter plots of (a and c) serum creatinine and (b and d) aminoglycoside clearance versus the number of courses ofrtherapy fo
(a and b) the 128 patients who had more than one course of therapy and (c and d) the 43 patients who hatbi® aurses of therapy.
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3.5 DISCUSSION
3.5.1 Introduction

The aim of lhe current study was to investigate factors thaifluence aminoglycoside
pharmacokinetics and examirf®w these parametervary over time in a group of patients
with cystic fibrosis who received multiple courses of therapieight and creatinine
clearance were the best descriptofor clearanceand heidnt for Vi. These descriptors
reduced betweersubject variabilityfrom 23%to 18 % forclearanceand 14% to12 % for V.

The model included between occasion variabilitclearance however, the value wasnly

11 %.The results also indicated that aminoghgideclearancedid not change over time,

despite multiple courses of therapy.

3.5.2 Patients

This study is one of the largest population pharmacokinetic analyses in patients with cystic
fibrosis, as it included 1075 different courses of aminoglyeotigrapy from 166 patients.

The age range included in the current analysis was wide compared with previously
published studies witll3 % of patients older than 40 years old. The patients had similar
weight range with other published studies in this grafipatients(Campbell D et al., 1999,
Touw DJ et al.,, 2007, Burkhardt O et al., 2006 However, 40% of the patients were
underweight at one or multiplecourses. In the current study, patients with high serum
creainine were included, whereas previously published population pharmacokinetic studies
excluded such patient@Burkhardt O et al., 2006, Touw DJ et al., 2005though a wider
NIy3IS F2NJ LI GASyGtaQ SadAYFGSR ONBFGAYAYS
compared to previously published population pharmacokinetic studies in patients with
cystic fibrosigCampbell D et al., 1999, Touw DJ et al., 2007, Aminimanizani A et al,, 2002)

only one patient had a creatinine clearance estimate beb@wnL/min.

3.5.3 Structural model

Aminoglycoside pharmacokinetics are knownbt® best described by a multompartment
model as reported by Schentag al (1977) who identified a longerminal elimination hal

life of 100 hours In the present study, the twoompartment model produced a lower OFV
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than a onecompartment model (difference in OFV-H4). Although the plots of observed
versus predicted concentration were very similare tbonditional weighted residual versus
time after dose plot indicated a small trend for the tvgompartment model to produce less
biased predictions at later timesThis was confirmed using both FOCE | and SAEM
algorithms which performed similarly in theresent study with the FOCE | algorithm
running faster Gibianskyet al (2012)compared the performance of a number of algorithms
available in NONMEM 7nd found that SAEM algorithm provided similar parameter
estimates and standard error to the FOCE | algorithmaddition,Planet al (2012)found
that the FOCHEalgorithm in NONMEM was fast, robust, accurate and preciseerefore the
FOCE | algorithm was used developthe covariate model in the present worlA two-
compartment model provided a better fit in ¢hpresentpopulation analysis anthis is
consistent with findings from other studies in patients wittystic fibrosigAminimanizani A
et al., 2002, Burkhardt O et al., 2006ancer(Rosario MC et al., 1998hd general medical
conditions(Matthews et al., 2004)However,a onecompartment model is often assumed
for aminoglycosidegherapeutic drug monitoringlata (Campbell D et al., 1999, Touw DJ et
al., 2007, Touw DJ et al., 1997)

Using an extensive sampling strategfminimanizaniet al (2002) characterisd a
distribution half-life of 0.4 hourdollowing a single daily dosing regimen of tobramycin in 6
patients with cystic fibrosisThe apparentistribution half-life reported in the present study
was 1.75 hourswhich is closer to the typical elimination hdife of 3 hours reported
elsewhere(Aminimanizani A et al.,, 20Q2and is thereforelikely to reflect a mixture of
distribution and elimination.Moreover, the apparent elimination halife of 12.5 hours
reported in the present studyprobably represents a mixture of the principal elimination
phase and the slow terminal elimination that cazs with aminoglycoside antibiotics
(Schentag JJ et al., 1973)milar issues have been reported in previous populatiodistl

of aminoglycoside pharmacokinetics that used sparse @sl@thews et al., 2004, Rosario
MC et al., 198). This could be related to limitation in study design, which prevented the
identification of a longer elimination halife. The last sample in théugly of Aminimanizani

et al (2002) was withdrawn within 8 hours after administratioOn the other hand,

concentration measurements in the current study were withdrawn within 24 hour-gose
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with the majority within the first 2 hours and at 4I2 hour postdose and no concentration
measurements were available after 24 heum aminoglyoside treated patients a third
compartment has been demonstrated with hdilfes of 100 hour¢Schentag JJ et al., 1977)
This phase results from distribution of the drug from deeper tissues including within the
kidney and might be associated with the risk of toxi¢8¢ghentag and Jusko, 1977, Schentag
JJ et al., 1977, Fabre J et 4976) The reportedelimination halflife in the current study
was shorter (125 vs 100 hours), because most of the concentration measurements were
withdrawn within the first three days of therapy and drug tissue accumulation would not be

complete.

3.5.4 Identification of the covariate model

Patient height and creatinine clearance provided the best description of aminoglycoside
pharmacokinetic parametersCreatinine clearance was an expected covariate because
aminoglycosides are hydrophilic drugs aloinated mainly by glomerular filtration, which
makes renal function a good predictor for drug clearance and was consistent with previous
publications(Matthews et al., 2004, Rosario MC et al., 1998, Levy J, €t9%4, Touw DJ et

al., 1996) However,creatinine clearance was estimated usitige Cockcroft and Gault
equation (1976)with serum creatinine concentrations below 60 umol/L fixed to 60 pumol/L
(Duffull SB et al., 1997, Rosario MC et al., 1998)ng serum creatinine values less than 60
pmol/L canresult inan overestimateof creatinire clearancgTouw DJ et al., 19963nd an
improvement in the population predictions of gentamiashearancewas reported when
serum creatinine concentrations below 60 pumol/L were fixed@ypumol/L(Duffull SB et al.,
1997, Rosario MC et al., 1998) small reduction in OFV3(2) was observed in the current
study whenthe actual serum creatinine measurementgere usedto estimate creatinine
clearance However, since only 136 of 1075 creatinine aamcation measurements were

less than 60 pmol/L, a fixed minimuserum creatininevalue had little impact.

An alternative approach was also investigatedestimate creatinine clearance in patients
whose serum creatinine was less than 60 pmol/Chis irolved including a factor for

patients who were 15% and more underweight in the Cockcroft and Gault equAI9d®)
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as recommended by Khuat al (2010) Although the author suggested thaising an
adjustment factor for estimating renal function in underweight patients was more precise
and less biased than using a fixeglum creatinineconcentration(Khuu T et al., 2010}he
difference was not statistically significant. Both methods were found to be superior to
estimating renal function using the measurserum creatinineconcentration. However, in

the currentpopulation pharmacokinetic analysis, both estimating creatinine clearance using
the actual creatinine concentration and fixing serum creatinine measurements less than 60
pmol/L to 60 pumol/L produced lowerOFV compared with using an adjustment factore Th
little improvement observed wheitthe Khuuet al (2010)approach was applied might be
related to body weight at being closely related to serum creatinine in the studied group.
Underweight patients had a wide range of serum creatinine concentrations and did not

always have low levels.

The typical aminoglycosiddearanceestimate of 4.6 L/h reported from the anlysis is in
agreement with values ranging from 4.28 to 5.4 L/h that were found in other studies in this
group of patients(Campbell D et al., 1999, Beringer PM et al., 2000, Touw DJ et al., 1994,
Touw DJ et al., 199, but lower than the estimates of 5.h/h reported elsewhere
(Burkhardt O et al., 2006, Aminimanizani A et al., 20@2dhough between subject
variability inclearancewas lower than has been reported in a general population of hospital
patients who receive aminoglycosid@datthews et al., 2004)it was consistent with values

of 12-14% reported in othecystic fibrosistudies (Campbell D et al., 1999, Hennig S et al.,
2007) This difference probably reflects the narrow range of clinical characteristics
compared to a general patient population in which age, weigienal function, ce

morbidities and cemedications are more variable.

The final model indicated thatreatinine clearancéad low contributionto aminoglycoside
clearanceas it only reduced BSV from3% to 18.5 %. This prolably reflects thenarrow
range of serum creatinineconcentrations(96 % were below 106mol/L) availableand the
observation that only one patient had poor renal function in the current database.

Difficulties in characterising relationships between aminoglycoside clearance and renal
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function in this patient group have been reported previoudipuw DJ et al., 1997, Soulsby

N et al., 2010, Campbell D et al., 1999, Hennig S et al., 2007, Touw DJ et al., 1996, Hennig S
et al.,, 2013) Henniget al (2007) were unable to identify any factor other than size as
influencingclearanceand Soulsbyet al (2010)found no relationship between tobramycin
clearance and measuredlomerular filtration rate Consequently, the population model
cannot be used to predict aminoglycosidearancen patients withcystic fibrosis who also

haverenal insuficiency.

The present study provided no evidence that adult patients witktic fibrosishave higher
estimates of aminoglycosidelearancethan other patient groups. Kirkpatrioét al (1999)
reported a typicalclearanceof 4.0 L/h (range 0.68 to 12.5 L/h) in 957 general medical
patients with a wide range of renal functioRecently,Henniget al (2013)compared465
paediatric and adult patients with cystic fibrosisth 267 paediatric and adult patients
without cystic fibrosisand found no difference in tobramycin pharmacokinetics in patients
with and without cystic fibrosidn addition, Hendels et al (1987)found no difference in
pharmacokinetic parameters in patients with cystic fibrosis and without cystic fibrosis. In
contrast to other sudies that reported higher aminoglycosidéearancs in patients with
cystic fibrosiswhichwere typically conducted in small groups of paediatric and young adult
patients (Kearns GL et al., 1982, Levy J et al., 1984, Mann HJ et al.,ah@8&kre not

adequately corrected for size.

In the current studyheight produced a better OFthan weight when used to describe
aminoglycosideclearance Although heightonly provided a small improvement in fit,
reducing BSV from 18.5% witlneatinine clearancalone to 18% with the combination,
when weight was included in thelearancemodel, the OFV increased substantiatly184.
Although a wide range of weights was available in the raw data, they were not mirrored by a
wide range of clearance estimateshich more closely matched the narrow range of
heights.In addition, there was @oor correlation between weightrad height in this patient
group; some patients with low heights had relatively high weights, whereas some tall

patients had low weights Additionally,there was no relationship between low weight and
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low creatinine concentrationi.e. low serum creatinine concentrations were seen at a wide
range of weight valuesSubstitutinglean body weighthad similar issues; whelean body
weight was included intoclearancemodel the OFV value increased. Similar results were
obtained when the mechanistic approach was applied; height proved a better descriptor of
clearancethan allometric scaling with weightA better relationship was observed with
height because it ltha narrower range and was constant within an individual patient over

time.

Height was also thébest \{ descriptor, which g the first time this finding has been
documented in this group of patient®ut wasdocumentedrecently incritically illpatients
(Conil aM et al., 2010) Usuallyweight (Massie J and Cranswick N, 2006, Touw DJ et al.,
2007) is the covariate explaining between subject variability in aminoglycoside or other
derived body size measures suchbasly surface are@Campbell D et al., 1998} lean body
weight (Touw DJ et al., 1994Fhe previous papers used a ec@mpartment model, which
might account for the difference in findings, as Waetke al (1994) pointed out. They
02y Of dZRSR FTNRBY (GKSANI 62N H6AGK lfdAYARAYS
covariate and statistical samodels is highly depending on the structural model. For
example, weightand gestation age were found to influence V when a-oompartment
model was used to describe netilmicin data in neonates. However, the influence of these
covariates was lost when a tweompartment model was usedh the present studyheight
provided a bé&er fit than total body weight andean body weigh{Janmahasatian S et al.,
2005)on \W. This finding might be related to the observation that a high proportibthe
patients were underweight (40% at one or multiple cours&$ke lean body weight formula
used in the current study was developed from a total of 373 subjects who were 70 %
overweight or obese and no underweight subjects were inclu@mhmahasatian S et al.,
2005)

Since thedataused in the present studyere collected over 15 years and included patients
who grew up during this time periodage might have beenexpected to influence

aminoglycoside pharmacokineticdowever, there was no relationship between clearance
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(or V1) and age. In additionthere was no difference in clearance estimates when age was
modelled as categoricafariable.No effect of age waseen in the current analysisvhich is

not surprisingsince renal function mature by one year of age, and theaajority of the
patients were mainly youngadults In the present study, 69 patients (207 courses) were
under 18 years old with the youngest patient 14 years old and the median age was 23 years.
A smilar finding was documented by VandenBussehal (2012) who found no difference

in pharmacokinetic parameters between paediaf@tientsand young adults (less than 18
yearsold) or adults (greater than 18 years ol@n the other hand, Hennigt al (2013)

found that patient age influena@ktobramycin clearanceThey were able to find an effect
becausetheir studymore paediatric paents with cystic fibrosis (351 patientahd over a

wider range of age (0.01 to 17.9 years old) were included comparéide present study.
Therefore, the main focusf the presentwork was on adult patients with cystic fibrosis.
Using height as a covate is an advantage of the model, because it is easy to measure and
practical to use in clinical setting compared with using derived body size measurements. In
addition, derived body size measurements usually have more than one method for

estimation and tlere is a higher chana# calculation error.

The results with the mechanistic model were similar to those obtained with the empirical
approach. Renal function explath much of the variability irclearanceand height was

again superior taallometric scéed weight for bothclearanceand M® ¢ KS | LJJ- NBy {
NByY I t ¢ O2creaddngasag very Rifilar for the mechanistic and empirical models.

The typical value of Y133 L, was consistent with other studi¢Burkhardt O et al., 2006,
Aminimanizani A et al., 2002, Campbell D et al., 1999, Touw DJ et al., 1994, Touw DJ et al.,
1996) but slightly lower than estimates of 15.7 L obtained by Beringemal (2000) This

could be explained by the patients in the Beringer study being slightly bigger in size with
median weight of 54 kg. Touet al (2007)found that volume of distribtion decreased with
increasing age, which they suggested was related to aminoglycosides being water soluble
drugs that distribute into the extracellular fluid, which decreases with increasingTdug.

observation was not found in the current analysis hesmthe patient group included were
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mainly young adut However, irthe Touwet al (2007)analysis, both paediatric and young
adult patients were included and hence tieewas more scope to identify aeduction in
volume of distribution.There was no evidence in the current study that patients with cystic
fibrosis had higher estimates of aminoglycoside volume of distribution than other patients,
which contrasts with some (paediatramd young adulfsstudies(Levy J et al., 1984, Kearns
GL et al., 1982)put is consistent with other¢MacDonald NE et al., 1983, Mann HJ et al.,
1985, Hennig S et al., 2013)

The { and Q estimates5.62L and 0.5 L/h, were in agreement with the values reported by
Aminimanizaniet al (2002) However,it was difficult to characterisebetween subject
variability for \{ and Q, which indicates that the sparse data used in this analysis did not
contain enough information to quantify this parameter. Therefore, betwsabject
variability in ¥ and Q were removed from the final modelln the current study, no
difference in pharmacokinetics between gentamicin and tobramycin was found, which is in

agreement with Baueet al (1983)

3.5.5 Within subject variability

A unique aspect of the present sty was the availability of data from patients who were
administered several courses of aminoglycosaer a prolonged period of time, which
facilitated the estimation ofwithin-subjectvariability. Karlssoret al (193) recommended
including withinsubject variabilityinto the population pharmacokinetic model, because
they found that including withirsubject variability in a previously published covariate model
led to explaining some of the variabidis. In anotheexample, the effect of a covariate was
highly dependent on the inclusion of withgubject variabilityKarlsson MO and Sheiner LB,
1993) The authors concluded that failure to include witlsimbject variability might bias the
paranmeter estimates.The magnitude of withirsubject variability can be valuable for
decisions regarding drug therapjwo studiesto date included within-subject variabilityin
patients with cystic fibrosisexamined data from 35 patients with an average ofo4&
occasions(Hennig S et al., 200@nd 465 patients with an average of 4 to 7 occasions
(Hennig S et al.,, 2013) dzi RSTAPBSRAZ2WE G20 2yS R2aAy3

Ay
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course of therapy rather than one course of therappjie reportedwithin-subject variability

in clearance was small at 6.41%ennig S et al., 200&@nd 12.6%Hennig S et al., 201,3)

which indicated thatpatient)  LJK I NJY | pararheless & ¢l staDle from one dosage
interval to another Thereforein the present studyt y & 2 OO & ke isa cautséiof RS ¥
therapy rather than a dosage intervalb examine how the pharmacokinetics of
aminoglycosids vary between different courses of therapy patients with cystic fibrosis
Although he addition of withinsubject variability in te presentstudy improved the fitjts
magnitudewas smalht 11 %indicatinglittle variability within a patient betweerourses of
aminoglycoside therapyThis indicateda little variation in dose requirements within a

patient over timeand reflects the stable riare of this particular patient group.

3.5.6 Clearance change over time

The long duration of this study (up to 15 years) with up to 28 courses of therapy allowed the
long term risks of nephrotoxicity to be evaluated. No changes in aminoglycosideane

were identified with multiple courses of therapy. These findings contrast with the results of
the TOPIC studySmyth A et al., 2005)n which a trend towards an increase in serum
creatinine was identified during a two week course of treatment with once daily
tobramycin. Howver, renal damage has previously been found to resolve after stopping
treatment (Steinkamp G et al., 1986, Bertenshaw C et al., 280d)the present study is
consistent with these findings. The lower aminoglycoside doses used (median 7.2
mg/kg/day compared to 10 mg/kg/day in the TOPIC study) may also have contributed.
Smythet al (2008)investigated the risk factors for developing acute renal failure in patients
with cystic fibrosis. They found no influence of cumulative exposure to aminoglycosides
during the previous year on the developnmesf acute renal failure. In contrast, -Aloul et

al (2005)did find an association between repeated aminagiside use and lorigrm renal
damage. However, it is difficult to compare their results with the findings of the present
study since they did not document the aminoglycoside doses used or the study time scale.
In addition,Andrieuxet al (2010)followed 112 paediatrigpatients with cystic fibrosis over 8
years and found no correlation between the cumulative aminoglycosides dose and
glomerular filtration rate. They found alsoa low renal impairment regardless of

aminoglycosideused. However, they raised the question of what is the best method to
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estimate or measure glomerular filtratiorate in cystic fibrosis patients Halacovaet al
(2008)evaluated the use aferum cystatirC and creatinin@and their clearancet estimate
glomerular filtration rate in patients with cystic fibrosis on amikaciiney foundhat serum
cystatin C ancystatin C clearancevere better predictors of glomerular filtration rate in

patients with cystic fibrosis than serum cteane and creatinine clearance.

3.5.7 Conclusions

A two-compartment model that included within subject variabilityclearanceprovided the

best fit of the data

1 The covariate model foclearanceincluded estimatedcreatinine clearanceusing the
Cockcroft and Gault equation with serum creatinine concentrations below 60/umol
fixed to 60 pumol/L andheight.

1 The \ covariate model incided height

1 The impact of within subject variability was small from a clinical perspective

1 dearancedid not change over multiple administrations of aminoglycoside in patients
with cystic fibrosis

Although creatinine clearance waa statistically sigficant clinical characteristic in

explaining variability irclearance it was not a powerful factor due tds narrow range.

Because of the few data points collected, usually peakteough measurements, NONMEM

faced some difficulties in estimating &dQ values and their BSV. Modelling within subject

variability yielded a more stable model; however, its magnitude was not of clinical

significance. Multiple dosing did not influence aminoglycosiéaranceover time.
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4.1 INTRODUCTION

Basic model performance can be investigated by examining the standard diagnostic plots as
discussed and illustrated in Chapter 3. However, more sophisticated model diagnostic
methods, for example simulatiebased numegal and graphical diagnostics can provide

additional information.

Bootstrap analysis is an example of a numerical diagnostic and was first introduced by Efron
for general model evaluatio(Efron B, 1979)It provides information on model robustness

and assesses statistical accuracy and precision. Bootstrapping involves creating new
datasets by randomasnpling with replacement from the original data then applying the
same analysis steps to each of the new datasets as was performed on the original data. The
purpose of applying the bootstrap with 4®ampling is to assess the stability of the final
parametea estimates. The resulting distributions from a large numbédrawtstrap samples

are then used to provide confidence intervals for the parameter estimalég main

drawback of bootstrap is the extensive computation time to evaluate hundreds of datasets.

Another simulateeb 8 SR YSGK2RX (KS daxAadzrf t NBRAOGA DS
et al (Holford, 2005, KarlssoM and Holford N, 2008)is to generate a set of simulated

datasets using the model to be evaluatéthe purpose of a VPC is to assess whether the

model can reproduce the median and variability in the observed data graphically when
plotted against an indeendent variable (Bergstrand M et al., 2011)A number of
simulations with the model of interest are performed, typically using at least 1000 simulated
datasets. Then, the real data observations are compared with the distributiothef

simulated observations graphically by plotting them against imgiependent variable,

usually time or time after doseThe percentiles of the simulated data are compared to the

corresponding percentiles of the observed data graphically.

VPC plots she the level of agreement between observations and simulated predictions.

However, there are some drawbacks with the traditional VPC methods if doses, dosing
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times, observation times, and/or covariate values vary between subjBssystand M et

al.,, 2011) Under these circumstances, stratification by important variables might be
necessaryKarlsson M and Savic RM, 2QGHpwever, a number of strata might be required
and diagnosis for each stratum might become less informative as the number of graphs
increases and the amount of data availper graph decreases. Bergstraatial (2011)
developed another VPC method that tries to account for these limitations and knowe as
prediction corrected VPC (pcVPC)n this approach, concentrations are subjectexd
prediction correction before the statistics are calculat@&ergstrand M et al., 2011The
purpose of a pcVPC is to correct for the differences within a bin due to independent
variables, such as time and dose, and due to covasittat are included in the model. The
approach facilitates diagnosis of model misspecifications in both fixed and random effects.
However, this advantage is dependent on how large the differences are in expected

variability between observations in a sp&cbin.

Normalised prediction distribution error (npde) is another simulatb@sed model
evaluation technique, developed by Cometsal (2008) It is a normalisd version of the
prediction discrepancies developed by Mentré and Esco{@006) which is the percentile
of an observation and its prediction distribution with the assumption that the evaluated
model adequately describes the tda Using npde is preferred over prediction discrepancies
(Mentré F and Escolano S, 200®gcauseprediction discrepanciesvere found to be
affected by withinsubject correlation, while npde had the advantage of decorrelating
multiple observatios per subjec(Comets E et al., 2008, Brendel K et al., 20T8js is an
important issue to be considered in the present study)ewe multiple observations per

subject and multiple courses of therapy were included.

The previous model diagnostic methods evaluated model performance internally. However,
a more powerful method involves testing model performance with a new, independent
dataset. This is done by estimating model predictions then determining the bias and

precision of these predictions. In addition, the previous simulation based methods, pc VPC
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and npde, can be used to evaluate the adequacy of the population model to describw

dataset.

4.2 AIMS

To evaluate the adequacy of the developed empirical and mechanistic models listed in Table
4.1 to describe the data, using internal and external validation methods. The internal
validation methods were bootstrapping, predictioreected visual predictive check and
normalised prediction distribution error. The external validation was conducted using a

dataset that was generated in the Netherlands.

Table 41 Different covariate models tested using thdidation datasets
BS¢ WS/a BSV1
OFV CL model (L/hr) % % Vi model (L) %
Empirical approach
-304  0.0285x HT+ 0.0114 x (CIk92) 18 11 13.3 x (1+0.0113 (HT-163)) 12

Mechanistic approach

0.0226x HT+0.709
X (CrCL (L/h)7.26 L/h/70 kg x

=310 (LBNV+0.211(WeighiLBW) /70%7%)

18 11  13.4x (1+0.00974 x (HB3)) 12

5.07x (LBW/70§ ">+ 0.83
-256 X (CrCL (L/h)7.26 L/h/70 kg x 17 11
(LBW+0.211(Weight BW) /70%7%)

8.84(1+0.718

X (LBW-(WILBW)/70) 13

Key: CGCL= estimated creatinine cleamirtmL/min using the Cockcroft and Gault equatiq976)with the lowest serum creatinine
set at60 mmol/L (Duffull SB et al., 1997, Rosario MC et al., 1998)= heighin cm, LBW= Lean body weighianmahasatian S et al.,
2005)in kg, CrCL=reatinine clearance estimated using the mechanistigproach(Anderson BJ and Holford NHG, 2009, Matthews et
al., 2004)

4.3 METHODS

4.3.1 Internal model validation

4.3.1.1 Bootstrap

One thousandbootstrap data sets were generagd using PertSpeaks NONMEM (PsN
version 3.2.12]Lindbom L et al., 2004, Lindbom et al., 200@n the parameter estimates

for each of the 1000 samples were-estimated using NONMEM version {Beal SL et al.,
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2009)for the empirical model listed in Table 4.1. The median and 95th AmkEcentiles of
the median ob&ined for each of the parameters with the bootstrap samples were then
compared with the NONMEM estimates from the empirical population model. The following

is an example of the command used to perform the bootstrap:
bootstrap -samples=1000seed=4361-dir=Bootdir2 Run436b.modthreads=5

The meaning of the command is as follow:

bootstrap To call PsN to run bootstrap

-samples=N To set the number of bootstrap datasets to generate
-seed=N A seed to generate a random number

-dir= The directory ame where the output run would be stored
Run436b.mod Name of the model file

-threads=N The number of parallel processes

4.3.1.2Predictioncorrected visual predictive checks

The pc VPC was performed using NONMEM (Bdal SL et al., 200@nd PsN 3.2.12
(Lindbom et al., 2005, Lindbom L et al., 20@#h 1000 simulagd replicates of the original
dataset. In the current study, predictiarorrected VPC was performed using ttp@edcorr
option. Binning can help to visualise the results better when observation times are
heterogeneous between subjects and a range of lmgnapproaches were tried. One
method involved binning the independent variable such as time after dose with equal
intervals, an alternative is to have equal number of measured concentrations in each bin.
The data had variability in sampling times betweeaibjects and hence binning based on a
defined list of values of the independent variable (sampling schedule binning) was also
tested. Time after dose was used as the independent variable in the current study. An

example of pc VPC command is shown below:

VPRun436bVPC.moedamples=100adv=TADpredcorr-bin_by count=0
-bin_array=1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24
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The meaning of the command is as follow:

VPC Tocall PsN to run VPC

Run436bVPC.mod Name of the model file

-samples=N The number of simulated datasets to generate

-idv The independent variable to bin on

-predcorr Perform prediction correction of dependent variable
values

-bin_by count=0-0 A Y ¢ I NNIB:$ wased on a defined list of values of the
independent variable

The output from PsN was graphically presented using the package Xpose 4 in R version
2.15.1(R Core Team, 2012n the pc VPC plots, the observed and simulated data were
presented as median (80percentile) and 2.8 and 97.8' percentiles, which corresponded

to a 9%% prediction interval.Bins correspond to the 95% confidence interval of simulated
datasets. To plot pc VPC the following command was used in R following loading the xpose 4
package:

Library(xpose4)
then
xpose.VPC()

to generate more customised VPC plitte following options were added in the command

line:

xpose.VPC(main=NULL,PI.real="lines",Pl.real.up.col=1,Pl.real.down.col=1,Pl.real.med.col=1,t
ype="n"xlb="Time after dose (hours)", ylb=" Concentrations (mg/L)", Pl.ci="area",
Pl.ci.up.arcol="gray70", lel.down.arcol="gray70",Pl.ci.med.arcol="gray22",ylimza2))

main Plot title
Pl.real Plot the percentiles of the real data in the various bins
Pl.real.up.col The colour of the upper Pl.real

Pl.real.down.col The colour of the lower Pl.real

Pl.raal.med.col The colour of the median Pl.real
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Pl.ci Plot the prediction interval of the simulated data's percentiles for
each bin.
They can be plotted as lines or area or both

Pl.ci.up.arcol The colour of the upper Pl.ci

Pl.ci.down.arcol The colar of the lower Pl.ci

Pl.ci.med.arcol The colour of the median PI.ci

Type CharacEer u§ed to show the obser\{atio[l on the pIo,t. To not shAow the o
20aSNBFOAR2Y 2y UKS LX 20X 0KSYy dzaS 0

xlb, ylb Label for xand yaxis

ylim to set up yaxis limits

4.3.1.3 Normalised prediction distribution error (npde)

The normalised prediction distribution error was performed using the add on package for R
version 1.2AComets Eet al., 2008) Two files were required to compute npde, the dataset to
0S S@IFftdzr SR IyR OFffSR GKS a20aSNBSR RIGLF €
columns should be included in the npde data file, patient identification, the independent
varialde (xobs or xsim) such as time after dose which was used in the present study, and the
dependent variable (yobs or ysim) such as concentration. In addition, a missing data column
might be required, where a code of 1 indicated missing data and 0O indicéseheed data.

Other columns might be present in the file but would not be used by the program. The files
should be saved as a text file (.tab file). The simulations were performed using NONMEM
7.1 (Beal SL et al., 20Q9Wwhere 1000 simulated datasets were generated using the
$SIMULATION option. The evaluated model parameter estimates listed in Table 4.1 were
used. An example of the control file used to generate the npde simulations is attached in

APPENDIX IV. The function used to compute npde within R is as follow:
Library(npde)

x<autonpde ("Obsdata.tab","Simdatal2.tab",iid=1,ix=2,iy=3,imdv=4, boolsave=TRUE,
namsav = "npdel2", output = TRUE)

autonpde The function used to call npde
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Obsdata.tab Name of data file to be evaluated

Simdatal2.tab Name of the simulated data

iid Number of column in which ID is located in the observed data file

IX Number of columnn which the independent variable is located in the

observed data file

Iy Number of column in which the dependent variable is located in the
observed data file

imdv Number of column in which the missing data variable is located in the
observed datdile

boolsave Whether to save the graphs and results in to a file

namsav Name of the file in which results should be saved

output Whether the function returns the results

The assumption used impde isthat the modelconcentrationpredictionsfollow a normal
distribution with a mean of zero and variance o{domets E et al., 2008)he program is
setup to do the following default statistical tests; the Wilcoxon signed rask te test
whether the mean is different from zero, the Fisher test of variance to test whether the
variance is different from 1, and the Shapinilks test to assess whether the distribution is
different from a normal distribution. The authors of the pragh used another test called a
global test, which combines the p values from the previous three tests with a Bonferroni
correction and reported a p value multiplied by 3. To say that the model describes the data
adequately, the results from the statistidaist should be nossignificant. In addition to the
numerical results, four graphs are plotted following computing npde; thep@@of the
npde, the histogram of the npde, a scatter plot of npde versus the independent variable (x),
and scatter plot of tke npde versus the predicted dependent variable (Y). If the model is

adequate then no trend should be seen in the scatter plots.
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4.3.2 External model validation

A new set of data fronadult patients with cystidibrosis was received frorthe Apotheek
Haage Ziekenhuizen and Haga Teaching Hospitdlhe Netherlandsin the Netherlands,
ethical approval is needed when the patient undergoes a procedure or an intervention.
Since these data were routinely monieat data, anonymisedand no intervention or
procedure was performed, ethical approval was not requiréBersonal Communication, Dr
Touw, the Apotheek Haagse Ziekenhuizen and Haga Teaching Hospital, the Netherlands,
October 05, 2013)The database included patients wittystic fibrosis who had received
tobramycin. The data were supplied in an Excel spreadsheet format exported from the
software MWPharm (Mediware, Groningen, The Netherlar{@spost JH and Meijer DKF,
1992) The file initially contained 500 different courses of therapy. Tist fask was to
identify which courses came from the same patient (but at different times). Patients who
had the same date of birth were assumed to be the same individual. Courses of therapy that
contained insufficient data or suspected errors were removeain the dataset. For
example, a course of therapy was excluded if date of birth was not documented, if the
patient had the same date of birth but different sex or if the patient was less than 14 years
old. Further exclusions included cases for whichdberse of therapy was not clear or was

repeated with different concentration measurements at the same sampling times.

The dataset comprised clinical and demographic data, the dosage regimen(s) and a list of
measured concentrations. This format was nottable for a NONMEM analysis since
dosage information is required before each measured concentration. Lack of detailed

dosage information required some assumptions to be made. These were as follows:

T at SF1é¢ O2yOSYiGNIdA2ya ¢SNB ut dtardarBng theél 2 0 S
infusion.

1 If a measured concentration was recorded without information about the previous dose,
a dose was assumed to be administered similar to a previous recorded dose and dosage
interval.

1 Steady state coding was added to the ddil@. Samples taken at least 60 hours

following the start of therapy were assumed to be at steady state.
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These assumptions were confirmed as valid by Dr Touw, who had supplied the data from
the Apotheek Haagse Ziekenhuizen and Haga Teaching Hofipit&Netherlands. External
evaluation was pdormed for the models listed in Table 4.The control file contained the
population model and parameter estimates for fixed and random parameters. The
estimation step was omitted by using the code MAXEVAL = 0.l&mpupharmacokinetic
parameters and concentrations were estimated for each course of therapy and individual
parameters and concentrations were also obtained (using the POSTHOC option in the
estimation step). An example of the control file used is shawARPENDIX V. In addition, pc
VPCs and npdes were performed for the evaluated models using the new dataset. The
Hague dataset was then combined with the Glasgow dataset and the parameters of the final

model were reestimated.

4.3.2.1Serum creatinine andrug assay

The Jaffé method was used to measure serum creatinine concentration ovedatze
period. Concentrations measured in The Hague (external validation data set) were also
measured using FPIA but on an AxSym platform (Abbott Laboratories). Grystesn, the

assay error was described by the following equation: SD = 0.011596 + 0.042146*C +
0.002791*G. The reported limit of quantification was 0.3 mg/L. The data set contained 10

concentrations below this value; the lowest was 0.1 mg/L.

4.3.3 Statistical analysis of the external validation

The MannWhitney test was applied to compare the characteristics of the patients in the
model development and validation datasets. Statistical significance was set at a p value
<0.05.

Bias and imprecision were é@stated for the pharmacokinetic parameters of interest,
clearance and ) and the measured versus population predicted concentrations. The
analysis was conducted according to the Sheiner method for measuring predictive
performance (Sheiner LB and Beal SL, 1981ias was defined as mean difference in

prediction error if the results were normally distributed or median if they were(8bieiner
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LB and Beal SL, 1981bpwer bias indicates higher accuracy in model predictions. Bias was

then assessed by comparing ameprediction errors wii K T SNR dzaAy 3 GKS { G«
the data were normally distributed anthe median usinghe Wilcoxon signed rank test
otherwise, with statistical significance set at p <0.05. The 95% confidence interval of the
difference was also examined using Mafit Version 15 (Minitab Ltd.). The following

formulas were used to estimate the prediction errors for pharmacokinetic estimates and

concentrations;

PK Estimate Prediction Error = Individual PK Estimate — Population PK Estimate

Concentration Prediction Error = Measured Concentration — Predicted Concentration

Imprecision was based on the root mean squared prediction error if the data were normally
distributed, or the median absolute (unsigned) error if the data were smmmmally

distributed. A lower value indicates higher precision in model predictions.

4.4 RESULTS

4.4.1 Internal model validation

4.4.1.1 Bootstrap

In total, 166 runs out of the 1000 runs terraiied with rounding errors. The median, ©®5

and 8" percentiles for each parameter were estimated by the bootstrap samples using all
replicates and only those replicates which minimised successfully, and are shown in Table
4.2 . The results obtained witlhé bootstrap and the empirical model coincided well with a
narrow confidence interval range. This indicates good precision in the empirical model
parameter estimates. There was no difference in the median and percentile confidence
interval of the parameterestimates obtained from all replicates or replicates which

minimised successfully.
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Table 42 The empirical model parameter estimates and bootstrap results using all and
minimised successfully replicates.

All Minimised successfully
Final n
Parameter population Boots.trap I?;ootstrar?1 Boots.trap Bootstrae] g
model median 5" and 95 median and 95
estimate  percentiles estimate percentiles
OFV -304 -322 -567,-81.8 -319 -559 -80.3
gutCL (L/h) 0.0285 0.0284 0.0276, 0.0293 0.0284 0.0276, 0.0293
Jrenal CL (L/h) 0.0114 0.0112 0.0077, 0.0149 0.0112 0.0077, 0.014¢
BOV (CL) 11.4% 11.0% 9.68%, 12.3% 11.0% 9.48%, 12.2%
BSV (CL) 18.0% 17.9% 14.8%, 21.4% 17.8% 14.8%, 21.3%
vz (L) 13.3 13.4 13.1, 13.7 13.3 13.0, 13.6
gut V1 0.0113 0.0114 0.0091, 0.0134 0.0114 0.0089, 0.0133
BSV (V) 11.6% 11.4% 9.49%, 13.2% 11.5% 9.48%, 13.2%
V, (L) 6.62 6.69 5.19, 8.62 6.54 5.16, 8.39
Q (L/h) 0.452 0.447 0.379, 0.522 0.449 0.381, 0.522
Additive error 0.086 0.0846  0.0665,0.118  0.0852  0.0652,0.118
(mg/L)
Proportional
14.8 14.8 13.8, 15.8 14.7 13.8, 15.7
error (CV %)

4.4.1.2Predictioncorrected visual predictive checks

Figure 4.1 shows the pc VPC for the empirical model using different binning approaches
Binning by width and dividing the imvals by hourly intervals resulted in more informative

pc VPC plots. There was no difference between the empirical and mechanistic model pc
VPCs as shown in Figure 4.2, which indicated that the evaluated models provided a

satisfactory description of theata.



88

Figure 41 Prediction corrected Visual Predictive Check using the empirical model after
binning the data by count (a) and by width (b).

a) 10 binning interval b) Hourly interval

1 1 1 1 1
20 - 20

Concentrations (mg/L)
Concentrations {(ma/L)

Time after dose (hours) Time after dose (hours)

Key: The black dotted lines are the 9¥.%nd 2.8" percentiles for the obseved concentrations and correspond to 95% prediction
interval. The black solid line represents the median of the observed concentrations. The shaded areas represent the binding a
correspond to the 95% confidence intervals for the 97,5%0" and 2.5" percentiles of the simulated dataset.
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Prediction corrected Visual Predictive Check using (a) the empirical model,
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the mechanistic model (b) with height and with (c) allometric scale of weifjet binning
the data by width in normal (right) and logarithmic (left) scale.
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Key: The black dotted lines are the 9¥.%nd 2.8" percentiles for the observed concentrations and correspond to 95% prediction
interval. The black solid lineepresents the median of the observed concentrations. The shaded areas represent the binning and
correspond to the 95% confidence intervals for the 9%,50" and 2.8 percentiles of the simulated dataset.
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4.4.1.4Normalised preittion distribution erro

There was no difference in the distribution of npde and the statistical tests when the three
models were evaluated, as illustrated in Table 4.3. The values of mean, skewness and
kurtosis were close to zero and slightly higher than 1 for the varianabeofexamined
models. Although the Fisher variance test, Shapwblks test, and the global tests were
significant, the quantilejuantile and histogram of npde plots in Figure 4.3 showed that the
normality assumption was not rejected. The npde scatter plagainst the independent
variable (time after dose) and the predicted concentrations plots were satisfactory in
general and did not show any trend. However, npde scatter plots against the independent
variable shows more positive npdes for samples obtaiaker 15 hours following the start

of infusion for the evaluated models.

Table 43 Results for the distribution of npde and statistical tests used to evaluate the
assumption of normality.

Independent variable (Timafter dose)

Npde test Mechanistic approach
Empirical model With height With aIIome.tric
scale of weight
Distribution of npde
Mean 0.016 -0.012 0.008
Variance 1.45 1.47 1.47
Skewness 0.191 0.165 0.177
Kurtosis 0.157 0.129 0.092
Statistical tests
Wilcoxon signed rank tes 0.700 0.183 0.556
Fisher variance test 0.001 0.001 0.001
Shapire Wilks test ~ 0.001 " 0.001 ” 0.001

Global test 0.001 0.001 0.001
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Figure 43 The npde graphical output using (a) the empirical model and (b) the mechanistic approach with height (c) the mechanistic
approach with an allometric scalef aveight. Quantilequantile plot of npde versus expected standard normal distribution (upper left);
Histogram of npde with density of overlaid standard normal distribution (upper right); Scatter plot of npde versus indepemiddre X (time

after dose)(lower left); scatter plot of npde versus predicted Y (concentration) (lower right).
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4.4.2 External validation

4.4.2.1 Demographics, dosage history and concentration measurement results

The final validation dataset comprised 165 patientsl at15 courses of therapy, ranging
from 1 to 13 with a median of 2 courses per patient. Table 4.4 shows a summary of patient
characteristics for both the Glasgow and The Hague datasets. Patients in the validation
dataset were significantly older, taller ameavier than patients in the model development
dataset but there was no difference in the distributions of serum creatinine. Figure 4.4
shows box plots summarising the clinical characteristics of the patients in each dataset and
shows clearly the differaze between the datasets in age, weight, height and creatinine

clearance, in addition to a few outliers.

Table 44 Summary of patient characteristics in tldasgowand The Haguelatasets.
_ Glasgow The Hague
chaf:éltzrr‘itstics (n = 16 patients) (n = 165 patients) P value
Median Range  Median Range
Age (years) 23 14-66 32 14 ¢ 88 "~ 0.001
Weight (kg) 50 30-86 60 35¢ 108 " 0.001
Height (cm) 163 139¢ 191 174 150¢ 194 " 0.00L
Serum creatinine
(Lmol/L) 71 29¢ 203 70 19¢ 209 0.06
Creatinine clearance o, 35.181 104 26174 ® 0.00L
(mL/min)

Key:Creatinine clearance estimatkby the Cockcroft and Gault equatidi976)with the lowest serum creatinie value fixed to 60
umol/L (Duffull SBet al., 1997)



93

Figure 44 Box plots illustrating the distributions of clinical characteristics of patients in
the Glasgow and The Hague datasets.
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Key: The box lines represent the first, median and third quartile from bottom to top. The black solid line represents teedogartile
range and the startsepresent the outliers.

There was only one 8 hourly aminoglycoside course in The Hague dataset, and had a 210
mg daily dose (70 mg 8 hourly). Twelve hourly dosing accounted for 33 % of courses with a
median daily dose of 560 mg (24@80), and 24 hauly dosing for 65 % with a median daily
dose of 500 mg (126 800). Three courses were 36 hourly and two patients had 48 hourly
dosing and were administered doses of 240 to 300 mg daily. Figure 4.5 shows the
distribution of the daily doses divided accaord to the dosage interval. In total, 1452

concentration measurements were available. Peak concentrations accounted for 37 %,
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troughs accounted for 8 % and the majority (54%) of samples weredosd. The
concentrationtime profiles are presented in Figu4.6. Table 4.5 shows a summary of the

measured concentrations categorised according to the dosage intervals.

Figure 45 The distribution of daily doses divided by dosage interval.
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Figure 46 Scatter plot for The Hague concentratiome profile.
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Table 45 Summary of The Hague measured concentrations in general and according to
dosage interval.

Number of

Variable samples Median Range
Peak concentration (mg/L) 544 17.0 4.20-40.0
Mid-dose concentration (mg/L) 790 1.80 0.10¢ 31.0
Trough concentration (mg/L) 118 0.40 0.10¢ 4.60

8 hourly (n = 1 courses)

Peak concentration (mg/L) - - -

Mid-dose concentration (mg/L) 1 1.60 -
Troughconcentration (mg/L) 1 4.60 -
12 hourly (n = 137 courses)
Peak concentration (mg/L) 306 15.0 4.20-28.0
Mid-dose concentration (mg/L) 251 1.90 0.10¢18.0
Trough concentration (mg/L) 67 0.52 0.10¢ 4.60
24 hourly (n=272 courses)
Peak concentration (rg/L) 229 21.0 8.80¢ 40.0
Mid-dose concentration (mg/L) 526 1.60 0.15¢ 31.0
Trough concentration (mg/L) 49 0.21 0.10¢ 1.20
36 hourly (n= 3 courses)
Peak concentration (mg/L) 7 13.0 11.0¢19.0
Mid-dose concentration (mg/L) 9 2.50 1.40¢4.20
Troughconcentration (mg/L) 1 1.40 -
48 hourly (n =2 courses)
Peak concentration (mg/L) 2 14.5 9.00¢ 20.0
Mid-dose concentration (mg/L) 3 3.20 2.80¢14.0

Trough concentration (mg/L) - - -

Key: Peak concentration was defined as samplésained within the first 2 hoursafter starting the infusion. Mid dose concentration
was defined as sampleshtained between 2 to 9.9 hours for 12 hour dosing, 2 to 17.9 hour for 24 hour dosing, and after 2 to@4 h

for 36 and 48 hour dosing. Trough concentration wasidefl as samples obtainedl0 hours post dose for 12 hourly dosing and 18 hours
for 24 hourly dosing.
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4.4.2.2Model performance

Figure 4.7 shows the measured concentrations against population and individual predicted
concentrations for the different maels tested. The three evaluated models showed good
agreement between the measured concentrations and predicted concentrations with no
favour for one model over another. Figure 4.8 shows the population and individual
predictions for clearance and, Usingthe different covariate models. All models provided a
narrow range for clearance and population predictions that ranged from 2.39 to 6.49 L/h

for clearance and 11.3 to 18.6 L foi. \However a problem was identified with the
mechanistic model for creatine clearance estimate where patients who were older than

70 years had negative estimates as shown in Figure 4.9.
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Figure 47 Measured concentrations versus population and individual predictionga)
empirical model, (b) mechanistic model with height and (c) mechanistic model with
allometrically scaled weight.
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Figure 48

model with allometric scale weight.
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Figure 49 Scatter plot for creatinine clearance estimated using the mechanistic
approach by parameter estimates generated from the model using (a) heigtt (b)
allometric scale versus age.
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Tables 4.6 and 4.7 show the results for bias calculations using the evaluated models. The
empirical model and the mechanistic model with the allonescale produced unbiased
predictions for clearance with similamprecisionof 0.5 L/h. However, the mechanistic
model with height produced biased clearance predictions, P < 0.05, but with low imprecision
of 0.6 L/h. All three models produced biasegdpredictions, with the empirical model being

the lowest, and comparable imprecision of 1 L. Predicted population concentrations from
the mechanistic approach with either height or an allometric scale of size were biased for
peak and miedose concentrationswhile accurate predictions were produced from the
empirical model with comparable imprecision values around 2.7 and 0.6 mg/L. Unbiased
trough concentrations were predicted using the mechanistic approach models compared
with biased predictions from the enmical model with low imprecision value around 0.18
mg/L. Figures 4.10 and 4.11 shows the distribution of imprecision (absolute prediction

error) arising from the evaluated models.
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Table 46 Median prediction error callation results for clearance and Wredictions
when the different covariate models were used

Model Medlar;rt’(;redlctlon 95% Confidence interval

Clearancdn = 415 courses)

Empirical model -0.08L/h -0.16, 0.00
Mechanistic model with HT 0.15L/h 0.06, 0.26*
Mechanistic msocdaelleWIth allometric 0.04L/h 0.04,0.13

V1 (n= 415 courses)

Empirical model 0.36L 0.19, 0.52*
Mechanistic model with HT 0.44L 0.28, 0.61*
Mechanistic model with allometric 0.53L 0.33. 0.69*
scale
FAYRAOI(GSE LI~ nonpo

Table 47 Median prediction error calculation results for the population predicted
concentration when the different covariate models were used divided by sampling time into
peak, middose and trough concerdtions.

- -
Model Median Prediction error 0270 Confidence

interval

Peak conc = 544
Empirical model -0.06mg/L -0.42, 0.30
Mechanistic model with HT -0.40mg/L -0.78,-0.04*
Mechanistic model with allometric 10.50mglL 10.86.-0.14*

scale
Mid conc = 790

Empirical model -0.03mg/L -0.09, 0.04
Mechanistic model with HT -0.25mg/L -0.33,-0.16*
Mechanistic m;)Cda(TIeW|th allometric .0.10mg/L 10.18,-0.03*

Trough conc =118
Empirical model 0.06mg/L 0.00, 0.11*
Mechanistic model with HT -0.00mg/L -0.06, 0.06
Mechanistic m;cda?Iewith allometric 0.04mg/L 0.01, 0.09

FAYRAOIGSE LI~ nonpo
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Imprecision for clearance andj\predictions using the tested models

presented as box plotkor (1) empirical model, (2) ecthanistic model with height and (3)
mechanistic model with allometric scale size.
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Figure 411 Imprecision for population concentration divideadtcording to sampling time

for (a) peak, (b) midlose and (c) trough concentrations, using the tested models presented
as box plots for (1) empirical model, (2) mechanistic model with height and (3) mechanistic
model with allometric scale size.
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Figure 4.12 shows the results from pc VPC using The Hague dataset with the different
evaluated models and indicated no model preference. The pc VPC indicatedentgnof

the model to undespredict concentrations, particularly at 2 to 5 hours following the start of
infusion. Similarly, there waso difference in the distribution of npde and the statistical
tests were observed when the three models were evalua@sl,shown in Table &. The
values of mean, skewness and kurtosis were close to zero and higher than 1 for the
variances of the examined models. Although the Fisher variance test, Sh@plks test,

and the global tests were significant, the quantjeartile and histogram of npde plots in
Figure 4.13 showed that the normality assumption was not rejected. The npde scatter plots
against the independent variable (time after dose) was satisfactory and did not show any
trend, whereas the npde versus predictedncentration plots showed a negative npde for
concentrations higher than 30 mg/L. However, the histogram of npde with the density of
the standard normal distribution overlaid indicated that more observations had value of 3
for the empirical model and thenechanistic approach using allometric scaling compared

with the model using mechanistic approach with height.
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Figure 412 Prediction corrected Visual Predictive Check using (a) empirical model, (b)
mechanistic modl with height and (c) mechanistic model with allometric scale weight in
normal (left and log (right) scale.
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Table 48 Results for the distribution of npde and statistical tests used to evaluate the
normality assumption using The Hague dataset.

Independent variable (Time after dose)

Npde test U Mechanistic ap.proach '
mpirical mode With height With aIIomej[rlc
scale of weight

Distribution of npde

Mean 0.007 -0.052 -0.034
Variance 2.30 2.16 2.16
Skewness 0.074 0.112 0.108
Kurtosis -0.518 -0.440 -0.432

Statistical tests
Wilcoxon signed rank tes 0.914 0.082 0.211
Fisher variance test 0.001 0.001 0.001
Shapire Wilks test " 0.001 ~ 0.001 ~ 0.001

Global test 0.001 0.001 0.001
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Figure 413 The npde graphical output using (a) the empirical model and (b) the mechanistic approach with height (c) the mechanistic
approad with allometric scale weight using The Hague dataset. Quamidtile plot of npde versus expected standard normal distribution
((upper left); Histogram of npde with density of overlaid standard normal distribution (upper right); Scatter plot of enstis independent
variable X (time after dose) (lower left); scatter plot of npde versus predicted Y (concentration) (lower right).
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Table 49 shows the parameter estimates from the empirical model based on the Glasgow
dataset and the estintas from the combined Glasgow and The Hague datasets. There was
no difference between the parameter estimates obtained from the Glasgow dataset and
when The Hague dataset was added. The residual error slightly increased when The Hague

dataset was added.

Table 49 Summary the Glasgow compared with combing both Glasgow and The Hague
datasets parameter estimates using the final empirical model.

Parameter Glasgow dataset Combined datasets
" wrCL (L/h) 0.0285 0.0286
" renal CL (L/h) 0.0114 0.0135
BOV (CL) 11.4 12.0
BSV (CL) 18.0 19.1
T vi(L) 13.3 13.2
AV 0.0113 0.0118
BSV (V) 11.6 12.4
V(L) 6.62 6.68
Q (L/h) 0.452 0.583
Additive error (mg/L) 0.086 0.0872
Proportional erra (%) 14.8 20.2
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4.5 DISCUSSION

The results from various model evaluation methods confirmed the adequacy of the

empirical model in describing the data and are encouraging to support further work with

the model for clinical applications

4.5.1 Bootstrap

Bootstrap was used to test the performance of the population model and its predictive
accuracy.Bootstrap parameter estimates were found to be sensitive to the number of
replicates and in order to obtain stable estimates the minimal recommendedber of
replicates is 100@Gastonguay MR and-E&htawy A, 2005, Efron and Tibshirani, 1993)
Therefore, 1000 bootstrap samples were generated and tHB &%d 5" percentiles were
estimated. Theesults from bootstrapping confirmed that the parameter estimates values
coincided well and were stable. In the current bootstrap, the results obtained using all
replicates, regardless of their termination status, and only those replicates which
terminated successfully, were examined. There was no difference in parameter estimates
and confidence intervals obtained from both approaches. Holfet al (2006)
recommended using all successful bootstrap samples and ftheadit provided accurate

and precise description of NONMEM estimates, while Gastonguay (2005)found that
minimisation status had minimal impact on bootstrap resulteey recommended the use

of all replicates regardless of their minimisation for the 95% confidence interval estimation.
Bootstrapping has the advantage of evaluating the entire tested model dataset and is a
useful technique for evaluating the stability gfarameter estimates in a population
pharmacokinetic mode{Ette EI,1997) However, it does not indicate whether the model
adequately describes the data. Predictioorrected visual predictive checks and normalised
prediction distribution errors are more powerful because they provided a visual

representation of the datarad simulations.
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4.5.2 Prediction -corrected visual predictive check

Bergstrandet al (2011)illustrated the usefulness for pc VPC methodology in a number of
examples over the traditional VPC. In pc VPC, the dependerdbie& was subject to
prediction correction before calculating the statistics. The aim of these corrections was to
correct for differences arising from the independent variable, which would facilitate picking
up model misspecifications in both parametertisgtes and variabilities. In the present
study,the pc VPC plots for the evaluated models did not show any obvious differences with
the tendency of poor ability to predict concentrations at late time points, which might
indicate a poor ability of the modeto predict patients with renal impairment. In the
Glasgow dataset, only one patient with renal impairment was included and hence little
information was available on the performance of the model in patients with renal
impairment. Therefore the developed adel should not be used in patients with renal
impairment. There was a gap imé pc VP®etween 18 and 22 houysvhichreflecteda lack

of concentrations at these time pointas shown irFigure3.5.

4.5.3 Normalised prediction distribution errors

Another method used to evaluate the models was npffeomets E et al., 2008 he
recommended number of simulated datasets is 1000mets E et al., 2008hd hence 1000
simulated datasets were generated in the present study. Although the normality
assumption was rejected and the variance was significantly different from 1, the mean was
not different from zero. Thesesaumptions appeared to be rejected because of the large
sample size in the present study. However, the npde plots for all examined models
described the data well and did not show deviation from normality or model
misspecification. The problem with failinige statistical tests despite having plots that look
satisfactory is recognised as an issue when very lal@ases are analysed (personal

communicationg from Emmanuelle Comets).
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4.5.4 External validation

External evaluation is the most powerful methéor testing the predictive ability of a model
because it allows testing the developed model using an independent dataset with different
patient characteristics. However, external evaluation was performed in only 7 % of
published pharmacokinetic studiesetween 2002 to 2004(Brendel K et al., 2007)
Fortunately, a new dataset from patients with cystic fibrosis from the Netherlands was

available for analysis.

Patients from The Hague were significantly bigger than the Glasgow patients who comprised
the model development dataset. In addition, in Thagide dataset, one patient managed to
live up to 88 years with cystic fibrosis. In general, patients with cystic fibrosis tended to have
short life spans; the current median survival rate is 41.5 years old (95 confidence interval;
35.7, 46.0) in the UKCystic FibrosisTrust, 2088) | 2  SOSNE GKA& LI GASY(Q
0SS SELX I Ay SR TETREnotgbk, ssuggestédby ¥ckagieal (2006) They
classified the five cy¥ie fibrosis mutations according to the mechanism by which they
disrupt chloride channel function into two broader genetic risk groups,-higlhand lowrisk
groups, based on the effect of the mutation functional class on phenotype and mortality
(McKone EF et al., 2003, McKone EF et al., 20b@&y found that there was a difference in
survival and median age at death. However, these differences in survival were not fully
explained by clinical measures of lung function, nutrition, and pancreasiafficiency,
suggesting that theCFTRyenotype was an independent predictor of survival. The authors
concluded that patients having a mild&FTRyenotype were more likely to have a less
severe clinical courseln the Netherlands,A455Eis the most comman cystic fibrosis
mutation (Kazazian HH, 1994)his mutation was found to be associated with less frequent
P.aeruginoseacolonisation and mild lung diseag&an KH et al.,, 1995, McKone EF et al.,
2003) and could explain having a patient who managed to live with cystic fibrosis for 88
years.In contrast, 52.0 % of mutations in the UK aremtoaygous with thgn C p mugation
(Cystic FibrosisTrust, 2018)hich is classified as a higisk CFTRjenotype groupMcKone

EF et al., 2006)and characterised by more severe clinical manifestatigferem E et al.,
1990)
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Bias and imprecision calculations indicated the accuracy and precision of the empirical
model in predicting clearance, peak and dmdiose concentrations. However, the
mechanistic model with either height or allometric scale of weight resulted in biased
clearance and peak and mdbse concentrationsProblems were encountered with the
mechanistic model when applied to The Hague dataSeice one of the age parameters for
creatinine clearance was 70, negative estimates were obtained with older pati€his.

problem resulted in limited use of the mechanistic model for the Glasgow data only.

Results from the diagnostic plots, pc VR apde, failed to show model preference. The
examined models had the tendency to ungeedict concentrations obtained 2 to 5 hours
after the start ofinfusion, whichmight be related tothe absence of concentrations at these
time points in the Glasgowatlaset as shown in the concentrativ@rsustime profile.
Checking the data showed clear outliers between the documented measured and predicted
concentrations, which raised the issue for sampling or documentation errors. When the
Glasgow and The Hague daets were combined and the empirical model was used, no
difference in the parameter estimates was identified with the exception of the residual
errors. There was slight increase in the proportional error component, which could be

related to the quality oflata collected or difference in assay measurements.

The strength behind the current validation is the use of an independent dataset with
comparable sample size with the model development datasets (165 vs 166 patients) and
with multiple aminoglycoside emses of therapy. Few population pharmacokinetic studies
have performed external validation using independent datasets. The majority of researchers
perform bootstrapping and VPC and a minority use data splitting. All these model
diagnostics involve usinthe model development dataset. However, there were some
limitations for the current analysis that need to be considered when interpreting the results.
Firstly, the data were from an external source and, unlike the development dataset, it was
impossible toreturn to the raw data and check individual patient records. A number of
assumptions had to be made about the dose and sample times, which might have

introduced data errors and increased variability.
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4.5.5 Conclusion

In conclusion, both internal and extel validation methods aided in choosing the final
model and showed good predictions of pharmacokinetic parameters and concentration
measurements. However, despite the fact that the populations were very different, the
empirical model fitted the data wellThe mechanistic model was limited by the age
parameter used to estimate renal function. The empirical model including height and
creatinine clearance in CL and height inwas chosen as the final model. The validation

results encourage the use of theddoped model for clinical applications.
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CHAPTERS5: NONPARAMETRIC MODELLING OF
AMINOGLYCOSIDE DATA FROM PATIENTS WITH CYSTIC
FIBROSIS USINEPMETRICS
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5.1 INTRODUCTION

Pmetrics(Neely MN et al., 2012} the new developed software by the Laboratory of
Applied Pharmacokinetics at the University of Southern California (USC) in Los Angeles,
California, and uses the nonparametric adaptive ¢NEAG) algorithniTatarinova T et al.,
2013) which is a nonparametric methods to estimate pharmacokinetic parameters. The lab
developed the first program in the early 1990s and it was known as thePB8E (Jelliffe

RW, 1991)which used the nonparametric expectation maximization (NPEM) algorithm
(Schumitzky A, 1991Yhen further development wagerformed to include in addition to

the NPEM algorithm the NPAG algorithm and renamed the-WBCPBK. The NPEM
algorithm was used to develop population pharmacokinetic model in patients with epilepsy
treated with carbamazepinéBondareva IB et al., 2006nhd valporic acidBondareva IB et

al., 2004) and tramadol in posbperative orthopaedics patient§Gan SH et al., 20Q4)
However, the NPEM algtinm required a powerful computer and long time to obtain the
results. Therefore, a new algorithm, NPAG, was developed by eeafylLeary RH et al.,
2002, Tatarinova T et al., 2013Jhe NPAG algorithm required less computational time
(Bustand A et al., 2006)

In this approach, no assumptions are made about the shape of the parameter distributions
while in the parametric approach a normal or {ogrmal distribution of parameters is
assumed. The adntages of using nonparametric methods was illustrated in a paper by
Neelyet al (2012) They showed a simulation example of a group dfepés who included

slow and rapid metabolisers and outlier. Although the nonparametric and parametric
approaches were able to identify the true central tendency of the data, the nonparametric
approach was able to identify the subpopulations and fitted thelier in a small group of
patients (50 subjects). In addition, the nonparametric approach produces discrete support
points (one for each subject) where each point has a set of the model parameter estimates
and its associated probabilifyratarinova T et al., 2013, Neely MN et al., 20IPhe sum of

all support points probabilities is one. The obtained support points would allow the use of

multiple-model design of dosa&gregimen(Tatarinova T et al., 2013, Jelliffe R et al., 2000,
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Bayard DS et al., 1994lowever, a major disadvantage of nonparametric approach is the

inability to estimate confidence limi{&Neely MN et al., 2012)

5.2 AIMS

The aims of the present study were to develop a population pharmacokinetic model using
nonparametric method with aminoglycoside data from Glasgand The Hague and
compare the results with those obtained from the parametric FOCE | method implemented
in NONMEM.

5.3 METHODS

The present analysis focused on population pharmacokinetic modelling using a
nonparametric approach with the software PmegidNeely MN et al., 2012Pmetrics can
be downloaded from the website of the Laboratory of Applied Pharmacokinetics, University

of Southern Californightp://www.lapk.org/) as a zip file then installed into(R Core Team,

2012) In the current study, Pmetrics version 0.3 was used within R version ZRXbre
Team, 2012)

There were two algorithms used with Pmetrics to estimate pharmacokinetic parameters,
one was the parametric iterativ2-stage Bayesian (IT2B) algorithm, and the other was the
nonparametric algorithm, Nonparametric Adaptive Grid (NP@NEgly MN et al., 2012 he

aim of the IT2B is to estimate initial ranges for the parameters, which can then be used in

the NPAG run.

The data file was reformatted within an Excel sprsheet to be suitable for Pmetrics
Fyrftearad ¢KS RIEGF FAES AyOt dzRESdoncanti@tonsLI (A Sy
602ftdzvYy yIFYS 6l a aGh! ¢éovr FyR GKS 020 NAI GSac

shown in Figure 5.1.


http://www.lapk.org/

Pmetrics data file.

Figure 51
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Variabilities within Pmetrics can be separated into assay emrat other environmental
sources of variability. The program is set up to estimate the assay standard deviation using
a polynomial model and hence the coefficients of the assay error polynomial for each
concentration was required to be included in the ddile (Neely MN et al., 2012)The

program assay standard deviation polynomial model was as follows;
SD = &+ G x (obs) + £obs)? + G(obs)®

Where SDis the assay standard deviation ang t6 G represent the coefficients of the
polynomial for concentration. Obs represents the measured serum concentratiof,i®bs
the concentration squared and obss the concentration cubed. If there is no available
AYTF2NXYEGAZ2Y F2N) 6KSaS O02STFFAOASy(laxz GKSy

script within R and before running NPAG. This approach was applied in the present study.

i K

In addition, other environmental sources of error, such as errors in prearaind
administration of the drug and documentation errors of samples and doses were taken into
account. The environmental error can be modelled using proportional or additive models by

multiplying (gamma) or adding (lambda) the error to the assay errdynoonial. In the
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present study, both gamma and lambda terms were tested. The initial estimate was set at 5
for gamma or 0.4 (5 timesy)for lambda. The script used to estimate the coefficients of the

assay error polynomial within Pmetrics was as follows
Library(Pmetrics)
then

OWWNHzy 0 Y2RSETé mO2YLIPAYRA NI RI GltYad 2YVidyada@é >

ERRrun To run assay error module
model Name of the control file
data Name of the data file

instr Name of the instruction file

A model flewas alsoregdiSR (2 NXzy t YSGNARO&ASEI GHKAOK O2Yyanhz
default setting in Pmetrics has the primary parameters as rate constants and volume of
distribution. For the current analysis, the primary variables were parameterised as CL and V

for the one compartment model and CL;, W, and Q for the two compartment model. To

achieve this, the rate constants were-kdl NI YSUGSNA&ASR gAGKAY GKS a
block as follows: &CL/Y; K=Q/\Vi; K1=Q/\,. Examples of the default control file atie

modified model control file used in the current study are shown in Figure 5.2 (a, b) to

illustrate the difference.



Figure 52 An example of Pmetrics model file using (a) the default setting and (b) when
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the eliminaton rate constant for a one compartment model waspa&rameterised to CL and

V.
a)
#Pri b) #Pri
Ke CL
vV V
#Cov #Cov
AGE AGE
GEN GEN
WT WT
HT HT
LBW LBW
ACREA ACREA
CGCL CGCL
#Sec #Sec
Ke=CL/V
#Out #Out
Y(1)=X(1)/V Y(1)=X(1)/V

In addition, to run iterative Ztage Bayesian (IT2B) or NPAG an instruction file is required. In
case a file was not available, before running IT2B or NPAG thenessl to answer
guestions and supply some necessary information. These instructions were saved as text file
and were used to run other models. The instruction file was modified as required. Before
running NPAG, the IT2Bethod, which is a parametric algthhm, was used to estimate

initial ranges of parameter values to be used in NPAG run. The scripts used to run IT2B and

NPAG after loading Pmetrics were as follows:

Library(Pmetrics)

then

LENHzy o Y2RSETéEmMO2YLIDGnSti=0%F RIGFTé/ 2YomnodOadé =
[Trun To runiT2B

model Name of the control file

data Name of the data file
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instr Name of the instruction file, if available

bt NHzy 6 Y2RSE ¢ mO2YLIPGEY & ENIRI it 2 ZvDyia e =

NPrun To run NPAG

model Name of the control file

data Name of he data file

instr Name of the instruction file, if available

5.3.1 Identification of structural model

The datasets from Glasgow and The Hague had previously been analysed using a traditional
parametric population modelling approach using NONMEM wite #HOCE algorithm
(version 7)Beal SL et al., 20Q0®s described in Chapters 3 and 4. These combined datase
were used to develop the model using Pmetrics with the NPAG algorithm. Both one and two

compartment models were examined.

5.3.2 Identification of covariate model

The influence of covariates was investigated using the NPAG algorithm. Several covariates
were examined for their influence on the model fit, including demographic and biomedical
data, such as weight, height and serum creatinine. In addition, derived covariates were
examined, including lean body weightanmalsatian S et al., 2005pbody surface area
(Mosteller RD, 1987and creatnine clearancgCockcroft DW and Gault MH, 197&erum
creatinine concentrations less @nh 60umol/L was set to 6Qumol/L for the estimation of
creatinine clearancéRosario MC et al., 1998, Duffull SB et al., 199f¢ median covariate
values from the combined data (Glasgow and The Hague) were used to normalise the
models. These covariates veemodelled using both the empirical approach and the
mechanistic approach described by Mattheetsal (2004)and Andersa et al (2009) In

addition, clearance estimates using age with a cut off at 18 years old, and the influence of
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gender and different populations (Glasgow and The Hague) were examined as categorical

variables.

The program was set up to perform stepwise linear regression analysis to examine
NBflFGA2yaKALIA o0SG6SSy O20INAFGSa yR . lFe&Saa
function in the statistics package (R Core Team, 2012)The relationships between each

covariate and parameter in the model were tested in a stépe multivariate linear

regression with forwards inclusion and backwards elimination. This analysis would generate

a P value for the relationship of covariates to Bayesian posterior parameter value. A value of

Gb! ¢ g2dzf R AYRAOI (S lidedidtheifikaBmodet. NA I 6t S gl a y2

An improvement in model fit was based on an increase in the likelihood (a reductionin the

2 log likelihood value) with improvement in model bias and precision values for the
individual predicted concentrations. Bias was det@raa as the mean prediction error of
observation subtracted from individual predicted concentration. Bias was then assessed by
O2YLI NAYy3I YSIY LINBRAOGAZ2Y SNNBNE gAGK T SN
significance set at p <0.05. The 95% a@rice interval of the difference was also examined

using Minitab Version 15 (Minitab Ltd.). Imprecision in the observed compared to the
predicted concentration was evaluated using the root mean squared error of the prediction
error. In addition, plots of e measured against the predicted concentrations and the
residual error were examined for any improvement in model fit. The model with the highest

likelihood and lowest bias and imprecision was chosen to be the final model.

5.3.3 Comparison of Pmetrics with NONMEM results

Equivalent models were compared between Pmetrics and NONMEM. The parameter
estimates and the measured versus predicted concentrations were compared for both the
base two compartment model without withisubject variability and the finatovariate
model without withinsubject variability. Bias and imprecision of Pmetrics and NONMEM

individual predicted concentrations were also compared.
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5.4 RESULTS
5.4.1 Description of the data file

Table 5.1 shows a summary of the Glasgow and The Hagua &y 6 4 Q OK I NI Ol S N&
dataset included 331 patients with 1490 courses of aminoglycoside therapy (for more
details refer to Chapters 3 and 4). In brief, Glasgow patients were younger and smaller in

size compared to patients from The Hague, amdhbgroups had good renal function. In

total, the full dataset included 3690 aminoglycoside concentration measurements, where

44% of the measured concentrations were peak, 23 % were mid samples and 33 % were

trough concentrations.

Table 51 Summary of patient characteristics in the Glasgow and The Hague datasets.

Glasgow data The Hague data
Patient characteristics (n = 166 patients) (n = 165 patients )
Median Range Median Range
Age (years) 23 14-66 32 14 ¢ 88
Weight (k9 50 30-86 60 35¢ 108
Height (cm) 163 139¢ 191 174 150¢ 194
Serum creatinine
(umol/L) 71 29¢ 203 70 19¢ 209
N .
Creatinine cl_earance 92 35¢ 181 104 26¢ 174
(mL/min)

Key: *Creatinine clearance estimated by the Cockcroft and Gault equafockcroft DW and Gault MH, 1976jth the lowest serum
creatinine value fixed to 6Qumol/L (Duffull SB et &, 1997, Rosario MC et al., 1998)

5.4.2 ldentification of the structural model

The IT2B run converged successfully for both onetamadcompartment base model with a
wide range of parameters initial ranges as shown in Talfle However NPAG would ot

run with these initialranges Therefore, the initial ranges dhe parameters were obtained
from the results of the NONMEM analysis performed in Chapter 3. The two compartment
model was superior to the one compartment model with an improvement in tbgative

log likelihood value from 9618 to 9004. In addition, although both models produced
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significantly biased predictions, bias and imprecision in predictions were lower for the two
compartment model (0.29 and 1.48 mg/L vs 0.35 and 1.54 mg/L). Thesiorclof
proportional errorgavea betterthe model fit compared with additive error (9004 vs 9049)
and with value of 1.11. There was also a slight improvement in the measured versus
predicted concentration where the smooth line of the data was closer édlitie of unity for

the two compartment compared with one compartment model as shown in Fig8e
Although the residual error plots shown in Figéd for one and two compartment model
were similar the mean weighted prediction errdior the two comparinent model was
comparableto the one compartment model (0.16 vs @.2ng/L). The residual error plot did

not indicate any trend with the errors all were within the randeto 4 and there were few
outliers with errors above4. There were 42 and 46 suppaoints for the population joint
parameters generated from the one and two compartment base models, respectively. Each
support point had a value for each parameter and its probability. The highest probably was
0.122 with clearance and volume of distributivalues of 4.56 L/h and 13.7 L using the one
compartment model. For the two compartment model, the highest probability was 0.105
and was for clearance;Wsand Q values of 4.59 L/h, 13.2 L, 7.99 L and 0.3 L/h.

Table 52 The initial parameters ranges for one and two compartment base model
following IT2B

Parameter One compartment Two compartment
Clearance (L/h) 1x10%-11.1 1 x10%¢ 10.9
Vi (L) 1.32-29.5 1x10%¢ 28.9
Q (L/h) - 1x10%¢2.32

Vs (L) - 1x10%¢33.5
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Scatter plots of measured versus population and individual predicted
concentrations from the oneaf and two (b) compartment base models using Pmetrics. The
black solid line is the line of unity and the black ltas line is a smooth line through the
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Figure 54 The residual error plot for the (a) one and (b) two compartment base models.
Panels 1 and 2 show the weighted residual error versus the individual predicted
coneentrations and time. Panel 3 shows the distribution of the weighted residual errors.
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Figure 5.5 shows the distribution of the two compartment model parameter estimates
following the NPAG run in Pmetrics. There was a wide range of clearance estwitie

high probability for a value of 4.5 L/h, but few patients had clearance less than 3 L/h. On the
other hand, Y ranges were narrower with the highest probability value being around 13.5 L.
There were a few outliers with low (less than 10 L) and (ggbater than 20 L) \éstimates.
There were clearly two groups of Q estimates, one with low (0.3 L/h) and another with high

(0.5 L/h) estimates. Similarly; &stimates were grouped with low (6 L) and high (8 L) values.

Figure 55 The probability distribution of the two compartment model parameters
following NPAG run in Pmetrics.

Probability
Probability
Probability
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Table5.3 shows the parameter estimates following the Pmetrics run compared with the
NONMEM run results for the base model. Parameter estimatbgwimg NPAG are shown

as mean and median, and they had similar values. Parameter estimates and variabilities
from the Pmetrics analysis were close to the NONMEM values. However, the mean
clearance estimate obtained from Pmetrics was slightly highed (b/B) compared with the
NONMEM estimate (4.85 L/h). Betwesubject variability in clearance was close for both
approaches (23 % for Pmetrics and 25 % for NONMEM), but slightly higher for variability in
V; estimated from Pmetrics (21 % for Pmetrics andd%or NONMEM). On the other hand,
variabilities in Q (79 % and 21 %) and(59 % and 13 %) were higher for NONMEM
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compared with Pmetrics. The measured versus predicted concentrations from Pmetrics and
NONMEM were also very close. However, predictionegerd by Pmetrics were closer to

the line of unity, as shown in Figubes.

Table 53 Parameter estimates obtained using Pmetrics and NONMEM for the two
compartment base model.

Parameter Pmetrics NONMEM
Mean Median BSV (CV Y Typical value BSV (CV %
CL (L/h) 5.24 5.22 23 % 4.85 25 %
Vi (L) 14.8 14.7 21 % 14.1 15 %
Q (L/h) 0.434 0.499 21 % 0.596 79 %
V(L) 7.08 7.99 13.8 % 7.18 59 %

Key: BSV= between subjeeariability



Figure 56

Scatter plot of measured versus populaticend individual predicted
concentration from base two compartment model using (a) Pmetrics and (b) NONMEM.

black solid line is the line of unity and the black dashed line is a smooth line.
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The

The stepwise covariate parameter regression analysis was performed for the two

compartment base model and the results are shown in T&bde This analysis suggested

weight, height and creatinine clearance to be potential covariates forratez. For Y

gender and creatinine clearance were suggested as potential covariates. For Q, the only

potential covariate was creatinine clearance whereas ferge€nder was the potential

covariate.
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Table 54 The multi-variate P values for the relationship between pharmacokinetic
parameter and covariates using thstepwise linear regression analysis for two
compartment base model.

Covariate CL V1 Q \2

Age (years) NA NA NA NA
Gender NA 0.0005 NA 0.028
Weight (Kg) 0.016 NA NA NA
Height (cm) 0.036 NA NA NA
Lean body weight (kg) NA NA NA NA
Ser‘grmcgﬁf)“”i”e NA 0.005 NA NA
Creat(im/emci'ne)arance " 0.001 " 0.001 " 0.001 0.06

Key: NA= notapplicableand indicates that the variable was not retained in the final model.

Scatter plots of parameters against covariates are shown in Figureand5.8. A clear
relationship was observed between clearancersus creatinine clearance, and clearance
versus height compared with clearance versus weight and lean body weight. The scatter
plot of clearance and age showed that there was no relationship between clearance and
patients younger than 40 years old, aieas a negative relationship started to appear after

40 years of age. On the other hand, plots @i&rsus covariates showed a slight trend with
weight, height and lean body weight and no trend with age. These plots showed clearly a
separation of Y estimate into two groups. In contrast, scatter plots of Q anddid not

show any trend with covariates.
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covariates. The black solid line is a smooth
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creatinine value fixed to 6Qumol/L (Duffull SB et al., 1997, Rosario MC et al., 1998)
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Figure 58 Scatter plots of volume of distribution of the central compartment versus
covariates. The black solid line isnao®th line.
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The inclusion of age as categorical variable with a cut off at 18 years old resulted in an
improved log likelihood, but there was no difference in clearance estimates between the
groups (median clearance: 5.2 and 5.1 L/h). Thesanfisdwere consistent with the
NONMEM results reported in Chapter 3. Similarly, clearance estimates for patients from
Glasgow and The Hague were similar (median clearance: 5.14 and 5.07 L/h). Gender was
modelled as categorical variable where males and fesdlad different Y estimates;
however, the model did not improve the fit; there was no change in log likelihood value
(9004) or model prediction bias and imprecision (0.28 and 1.47 mg/L). On the other hand,

when the estimate of Vwas divided into two grups based on population (Glasgow or The
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Hague patients), the log likelihood improved (from 9004 to 8730) but the parameter
estimate distributions and mean values were similar (14.5 L for Glasgow and 14.9 L for The

Hague patients).

Table 5.5 shows the ceariate model building. Including weight as covariate in both
clearance and Mmproved the log likelihoodralue (from 9004 to 8989), but it increased
concentration prediction bias from 0.29 to 0.32 and imprecision from 1.48 to 1.56. In
contrast, includindean body weight resulted in a worse log likelihood function (from 9004
to 9061) and the imprecision increased from 1.48 to 1.51. Including body surface area
improved the model fit from log likelihood 9004 to 8675. Although the mechanistic model
using thecreatinine clearance parameter estimates reported in Matthestsal (2004)
paper improved the log likelihooavith a valie of 8789, betweersubject variability in
clearance and Vincreased to 33 and 34 %. Therefpieatinine clearance parameter
were estimatel, but the run did not converged despite reachithg maximum number of
cycles allowed in Pmetrics or ended witlhh@ssian error. The best model fit with the lowest
bias and imprecision was achieved when both height and creatinine clearance were
included in the model for clearance and height in the model fer(8668). Including
creatinine clearance as covariate onr@roved the model fit, but with no improvement in
model predictions based on bias and imprecision. However, there was a difference between
the mean and median Q estimates (0.009 and 0.006 L/h) and the estimate of variability
increased. Therefore, the vada of Q and Ywere fixed in the final model. There were 49
supports points generated from the final covariate model. The final model gamma value
was small at 1.06. The distribution of the final model parameters is shown in Eguréhe

final model idatified a meanclearancesstimate of 4.98 L/h at the median height of 166 cm
and median CrCL of 94 mL/min. The meamw&s 14.2 L and changed by 11% for every 10

cm difference from 166 cm.
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Table 55 Summary of covariate modelkkelihood values, parameter estimates and
betweensubject variabilities obtained using Pmetrics.

I ClearancgL/h) BS\¢L ViL) BSV1
Likelihooc Mean % Mean %
9004 5.24(0.06) 23 14.8(0.17) 21
0.12(0.002x LBW + 0.0(0.001) (CGCL 14.2 (0.11) (1+0.01
9061 94) 25 (0.0002 (LBW40)) 15
0.09(0.001)x WT + 0.01( 0.0004(CGCL 13.8(0.13(1 + 0.020.00])
8989 94) 24 (WT-53)) 17
5.35(0.09(LBW/70§ " +1.35( 0.04)x 6.28(0.12) (1+0.03(0.00))
8789 (CrCL7.26 L/h/70 kg x 33 (LBW+ 34
(LBW+0.211(Weight BW) /70§73) (WT-LBW)/70))
14.5(0.14) (1+0.75
8675 3.20(0.04 x BSA + 0.0(D.001) (CGCL94) 22 (0.014(BSA 1.6)) 17
8568 0.03(0.0003x HT+ 0.020.001) (CGCL94) 20 14.2(0.13 (1 + 0.01 17

(0.001)(HT - 166))

Key:LBW= Lean body weight in KJanmahasatian S et al., 2008)GCL€reatinine clearancén mL/min estimated by the Cockcroft and
Gault equation(1976)with the lowest serum creatinine value fixed to 6@mol/L (Duffull SB et al., 1997, Rosario MC et al., 1998y =
Weight in kg,CrCL=creatinine clearancein L/h estimated using the mechanistic approadiMatthews et al., 2004, Anderson BJ and
Holford NHG, 2009)BSA= Body surface ared tMosteller RD, 1987)HT= Heighin cm. Standard errors of each parameter estimate
are shown initalics.

Figure 59 The probability distribution of the final model parameters following an NPAG
run in Pmetrics.
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5.4.4 Comparison of results from Pmetrics and NONMEM

The covariates chosen for the final model were the same for Pmetrics and NONMEM. In
addition, the parameter estimates obtained with Pmetrics and NONMEM were similar, as
shown in Table5.6. Although NONMEM produced lower and rggnificant bias in
predictions of individual concentrations (0.05mg/L; 95% confidence inter®d1, 0.10)
compared with Pmetrics predictions (0.28 mg/L; 95% confidence interval: 0.24, 0.32),
imprecision was higher for NONMEM at 1.89 mg/L compared to 1.48 mg/L with Pmetrics.
Figure 5.10 shows scatter plots of the measured versus the predicted concentrations
obtained from the Pmetrics final model and those obtained from NONMEM. Predictions
obtained from Pmetrics were closer to the line of identity and with fewer outliers compared
with NONMEM predictions. Figurg11l shows concentration predictions obtained from
Pmetrics and NONMEM. The plots show good agreement in predictions obtained from
Pmetricsand NONMEM and with few outliers where NONMEM had the tendency to over

predict concentration that was more pronounced at concentrations greater than 20 mg/L.

Table 56 Comparison of the final model parameter estimates obtdirfieom Pmetrics
and NONMEM.
Parameter Pmetrics (mean values) NONMEM
CL (L/h) 0.0311 x HT +0.0184 x (CGE4) 0.0287 x HT+ 0.0135 x (CGCM)
Vi (L) 14.2 x(1 + 0.0127(KHT- 166)) 13.9 x(1 + 0.0108(HT- 166))
Q (L/h) 0.600 0.602
Vs (L) 8.00 5.79

Key: HE Heightin cm, CGCL=Creatinine clearancén mL/min estimated by the Cockcroft and Gault equatiqda976)with the lowest
serum creatinine value fixed to 6Amol/L (Duffull SB et al., 1997, Rosario MC et al., 1998)
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Figure 510  Scatter plots of the measured versus population andividdial predicted

aminoglycoside concentrations using the final model from (a) Pmetrics (b) NONMEM. The
dashed line is a smooth line of the data.
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5.5 DISCUSSION

In the current study, population pharmacokinetic modelling was performed using the
nonparametric approach implemented iPmetrics(Neely MN et al., 2012and compared

with the results from parametric approach performed using NONMBRE&I SL et al., 2009)
Both approaches yielded similar final models, where height and creatinine clearance in
clearance and height in;¥nodel were thebest descriptors. Parameter estimates were very
close; however, clearance parameter estimates were slightly higher for Pmetrics. In
addition, individual concentration predictions were more precise using the nonparametric

approach.

In order to obtain theinitial parameter estimates for the NPAG run, an IT2B was first used.
However, NPAG would not run with these initial range$ereasthe use of parameter
ranges obtained by from previous NONMEM analysis resulted in successful run. This could
be related tothe wide range of parameter estimates obtained following the IT2B run
compared with constraining a narrower range of the parameter when obtained from
previous knowledge with NONMEM results. In addition, this reflected how sensitive NPAG is

for the initialrange estimates.

A two compartment model fitted the aminoglycoside data better than one compartment
model, which is in agreement with NONMEM analysis performed previously in Chapter 3
and with other publications in this patient groaminimanizani A et al., 2002, Burkhardt O

et al., 2006) Clearance estimates obtained from NPAG were higher compared with
NONMEM but with similar betweesubjects variability (23 and 25 %), &timates were
similar using both approaches; however, the nonpartéioeapproach produced higher
variability in \{ compared with the parametric approach (21 and 15 %). In addition, Q and V
estimates obtained from Pmetrics and NONMEM were similar, but variabilities were higher
for NONMEM Q (79 % from NONMEM and 21 % freémetrics) and ¥ (59 % from
NONMEM and 13 % from Pmetrics) compared with Pmetrics. The results showed that
Pmetrics (NPAG) faced difficulty to estimate Q ang Which was reflected in the

distribution of estimates and being divided into two district greuphis reflected the sparse
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nature of data where majority of samples were peak (44 %) and trough (33 %)

concentrationswhich did not contain enough information to quantify this parameter.

The difference seen in clearance estimates and variabilitiesirddafrom Pmetrics versus
NONMEM could be related to the method of estimation, where the nonparametric
approach does not assume a shape for parameter distribution and thus allowing the
detection of subpopulations and outliers within the examined group atfgmts (Neely MN

et al., 2012, Bustand A et.a2006) Prémaudet al (2011)documented a similar fating

when they compared the parametric and nonparametric approach using mycophenolic acid
data from 34 paediatric renal transplant patients. They found that parameter estimates
obtained from NPAG were higher than those obtained from the FOCE algoritlaidition,
Tatarinoveet al (2013)illustrated the advantage of NPAG algorithm in detecting outliers in a
simulation study of 35 infants who were administered zidovudine. They found that both
NPAG and FOCE algorithmsrevable to find the same pharmacokinetic parameter typical
values, but NPAG was able to estimate the true pharmacokinetic parameter distribution and
detected two group of patients with slow and rapid drug clearance. The FOCE algorithm that
is used in NONM# was not able to find this true distribution and subsequently was not

able to identify these two groups of patients.

Moreover, Carlsson and his colleagu€009) developed a gabapentin population
pharmacokinetic model in 16 adult patients with chronic neuropathic pain using parametric
and nonparametric approaches, and found no difference in gabapeparameter
estimates obtained from the FOCE algorithm and the NPAG algorithm. In addition, Bustad
al (2006)found following their study in 16 adult patients treated with amikacin for urinary
tract infection, that betweersubject variability obtained from the parametric approach
(IT2B) was narrower compared to the nonparametric approachesENNRNd NPAG)
suggesting that the narrow range of parameter estimates arose as a result of the normality
assumption. They also performed another simulation study to evaluate the ability of the
nonparametric approach to detect subpopulations. Twenty subjease simulated with

two groups, slow and rapid metabolises. They showed that the NPEM algorithm was able to
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detect the two groups even without including covariates in the model. In addition, Bestad

al (2006) performed another simulation study for amikacin with between 25 to 800
simulated subjects to assess the consistency of parametric andarametric algorithms in
estimating the true parameter values. They found that as the number of subjects increased,
the estimated mean by NPAG algorithm was closer to the true parameter value. However,
the mean value estimated by the IT2B and FOCEidlgw deviated from the true value as

the number of simulated subjects increased. These results indicated that the NPAG
algorithm had had consistent behaviour. In addition, their results showed that less bias and
more precise concentration predictions wabtained by using the nonparametric method

compared with the parametric method.

Measured versus predicted concentration plots from both Pmetrics and NONMEM were
similar. Although bias was low for both algorithms, NONMEM producedsigmificant
predictions and hence was more accurate compared with Pmetrics. On the other hand,
Pmetrics produced more precise individual concentration predictions. The current study
finding was in agreement with Prémauet al (2011) who found that more precise
concentration predictions were obtained from the nonparametric (NPAG)rcamh

compared with parametric (FOCE) approach.

The data included patients with a wide range of ageq{B8 years old) and hence age was
examined for its influence on aminoglycoside pharmacokinetics. However, the results
showed no difference in cleara@estimates for adolescents (less than 18 years old) and
adults (greater than 18 years old). This was shown previously in NONMEM analysis
performed in Chapter 3 and is consistent with the finding \@dndenBusscheet al
(VandenBussche HL and Homnick DN, 204Zhough, scatter plots for\against different

body size measurements showed a possible two groups that could be related to gender
effect, modelling gender did not improve the model #lthough data from Glasgow and

The Hague were combined, there was no difference in clearance aestimates. Including
weight improved the model fit; however, bias and imprecision in concentration predictions

increased. A similar observation was docunmezhin NONMEM analysis in Chapter 3, where
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weight worsened the model fit with an increase in OFV from 33 to 184 and an increase in
betweensubject variability from 23 % to 25 %. The best model fit was obtained when height
and creatinine clearance were inded into clearance and height into the; Yhodel.
Although weight slightly improved the model fit, height had a better model fit and produced
lower bias and imprecision. On the other hand, including lean body weight worsened the
model fit. A similar prol@m was observed in the previous NONMEM analysis conducted in
Chapter 3. Including lean body weight worsened the model fit, OFV increased from 33 to 58,
and betweensubject variability increased from 23 % to 25 %. The second best model was
when body surfacearea and creatinine clearance were included into clearance and body
surface area in ¥models with comparable bias and imprecision to the height model.

However, similar model in NONMEM resulted in a worse model fit.

An important advantage of the paramét method is the ability to separate variabilities into
betweensubject, withinsubject and residual variability whereas the nonparametric
approach separated variabilities into assay error and environmental variaihiggly MN

et al.,, 2012, Bustand A et al., 200®) unique aspect of the avail@bdataset was the
availability of multiple courses of aminoglycoside therapy over 15 years and the influence on
within-subject variability could be examined. This was examined by NONMEM in Chapter 3.
However, modelling withisubject variability is not fesable in the current version of
Pmetrics. This issue was discussed with the Pmetrics developer, who stated that future
versions of Pmetrics may include this option. In the present study, the overall source of
variability without the assay error was estinggt in the form of gamma. A value of 1
suggests no other source of variability (or noise) than the assay @ustand A et al.,
2006) In the current study gamma value for the final model was 1.06 and this suggested a

small environmental noise.

The mechanistic model described by Mattheetsal (2004) and Andersonet al (2009)
improved the model fit but resulted in increase in between subject variability. In Pmetrics,
creatinine clearance parameters estimates fronatthews et al (2004)study were used,

which might contribute to the increase in between subject variabilities in cesrand Y.
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Attempts to estimate these parameters resulted in maximum cycle been reached but the

run did not converged or the run ended with a hessian error.

The strength with the parameteric software NONMEM is the ability to evaluate the model
internally using a variety of methods. However, in the nonparametric software Pmetrics,

these methods are under development namely bootstrap and visual predictive check.

By using the nonparametric approach to estimate the parameters, discrete support points
were ddtained where each point had a set of the model parameter estimates and its
associated probability and represented possible different models for the pat{éigsly MN

et a., 2012, Tatarinova T et al., 2018)ne application of this type of population model is to
including it within software that aids dose optimisation of individual patigiiatarinova T

et al., 2013, Jelliffe R ef., 2000, Bayard DS et al., 19989pr example, population models
were used within the multiplenodel design of dosage regimen (Bayesian adaptive dosage)
algorithm (Bayard DS et al., 199%)at was previously implemented within the UPBCK
package (Jelliffe RW, 1991)yleveloped and maintained by the Laboratory of Applied
Pharmacokinetics, University of Southern California. With the new development and
improvements in their nonparametric jpalation pharmacokinetic program, Pmetrics, the
clinical software is now available separately as a Windlowsogram and renamed

. Sai52a8¢zx FfiK2daaAK AG aGgAftf dzasSa G4KS al vys

In the present study, the model included 49 support points. The smatibeu of support

points obtained from the current analysis despite the relatively large number of patients

(331 patients) reflected the low variability within the studied group of patients. The final
Y2RStf O02dzZ R 6S dzaSR Ay { Kdvid@dlisd dodagelregimdmiNgr 3 NI Y
adult patients with cystic fibrosis treated with tobramycin. In order to illustrate the
usefulness of the multipkenodel design of dosage regimen for therapeutic drug monitoring

and to advise on the initial and future dmge regimens to achieve a defined target goal,

Neelyet al (2008) presented four casesf patients who were treated with antiretroviral
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drugs (efavirenz, nelfinavir, amprenavir, and atazanavir). The method had proven its
usefulness through the identification of patient with unexpected pharmacokinetics such as
low drug clearance or high volwerof distribution and to develop an individualised dosage

d0KSRdzS G2 FAOG LI GASydQa ySSR (2 SyadsaNB I RK

A potential future study would be to evaluate the performance of the model within the
G. Saids52aS8S¢ az2Fadol NB | yR Omdide whiEh inrolyés usiig a dzt G a
different software package, a MAP Bayesian method call @Blman et al., 1982)Data

have been collected from 40 new patients with 63 courses of therapy. However, at present,
this study imot feasible because the current version of BestDose only accepts a model that
contains with rate constants and volume of distribution, whereas the final model of the
current study reparameterised the rate constants to clearance and volume of distributio

In addition, the current version of BestDose only allows creatinine clearance to be used as
covariate for clearance and weight as a covariate for volume of distribution. This was not
the case in the present final model where height and creatinine ales were the
covariates for clearance and height for volume of distribution. The BestDose developers are
planning to change the current program format and made future versions more flexible to
accept different models with different parameterisations anavariates but this is still in

the development stage and the timescale for completion of this work is unknown.

5.5.1 Conclusion

In conclusion, the current analysis indicated that both parametric and nonparametric
approaches performed similar when were edls to analyse aminoglycoside data from

patients with cystic fibrosis. The results obtained following nonparametric analysis
confirmed the results from parametric analysis where the final model that best fitted that
data was a two compartment model and inded height and creatinine clearance in

clearance and height in;V Although, parameter estimates were very close, clearance
parameter estimates were slightly higher for the nonparametric approach, which indicated

that the nonparametric approach was able detect subpopulations and outliers within the
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examined group of patients. In addition, individual concentration predictions were more

precise using the nonparametric approach.
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CHAPTERG: DEVELOPMENT AND VALIDATION OF A
TOBRAMYCIN DOSAGE ADJUSTMENOMOGRAM FOR
PATIENTS WITH CYSTIC FIBROSIS
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6.1 INTRODUCTION

Nicolauet al (1995)were the first group toLINR LJ2 &S a2y OS RIFAf &8¢ 2NJ
dosing of aminoglycoside antibiotics. Their guidelines of a fixed 7 mg/kg dose and a dosage
AYGSNBIt oFaSR 2y GKS LI GASydQa OFft Odz I 4dSR
general medical patients. Tlregimen was designed to produce a peak concentration at one

hour of 20 mg/L, approximately ten times an MIC of 2 mg/L. To allow easy interpretation of
drug concentration measurements, they also proposed a dose adjustment nomogram with a

single random blod sample obtained between 6 and 14 hours after the start of infusion.

In patients with cystic fibrosis, however, a higher aminoglycoside dose of 10 mg/kg/day has
been recommended to ensure that high concentrations, that are likely to be active against
P aeruginosaare achieved at the site of infection, which is the lung in this ¢@sg/th A et

al., 2005, The UK Cystic Fibrosis Trust Antibiotic Working Group, Z00%nt monitoring

of these high doses is typically based on a peak concentration between 20 and 30 mg/L,
obtained 30 minutes after a 3Minute infuson and a trough (prdck2 A S0 02y OSy i NI
mg/L. There is currently no dosage adjustment nomogram available to help clinicians
interpret aminoglycoside concentration measurements associated with this high dose. In
Australia, daily exposure is the recomnaieal monitoring approach to monitor once daily
tobramycin(Begg EJ et al., 1999)hey have a defined target daily AUC for general medical
patients but there is no daily AUC target for CF patients yet. Aminoglycosides dose are
usually scaled based on weightpatients with cystic fibrosi@Aminimanizani A et al., 2002,
Beringer PM et al., 2000, Kearns GL et al., 1982, Massie J and Cranswick NH@08&gr,

other body size measurements such as body surface @ampbell D et al., 199ahd lean

body weight(Touw DJ et al., 1994)ere used to scale the dose in this patient group. In this
chapter, different dosage scaginfactors including weight would be evaluated for the best

that achieve target concentrations and exposure of tobramycin.
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6.2 AIMS

1 To determine a daily area under the concentratitme curve (daily AUC) target.

1 To determine which dosage scaling facfmovides the best opportunity to achieve
target concentrations and exposure of tobramycin.

1 To develop tobramycin dosage adjustment nomograms for patients eyigtic fibrosis
given a dose of 10 mg/kg every 24 hours and given a dose based on the bew} scal
factor.

1 To validate the weight scale basedose nomogramusing routine tobramycin
concentrationtime measurements obtained from a new set of patients waystic

fibrosis

6.3 METHODS

6.3.1 ldentification of daily exposure target and range using real data

Since daarget range for tobramycin daily exposure in patients with cystic fibrosis was not
available from the literature, the range was derived from routine clinical data. Daily doses
and individual CL estimates from the Glasgow and The Hague tatesee used to predict

daily AUC ranges by estimating daily AUCs for each patient. The daily AUC was calculated
from daily dose/individual Céstimate.The TOPIC stud$myth A et al., 20053 the largest
randomised controlled trail conducted in patients with cystic fibrosis to compare the safety
and efficacy of a 10 mggkdose administered once daily or in three divided doses. In that
study, 219 patients from 21 cystic fibrosis centres in the UK, 15 paediatric and six adult
centres, were included. A pharmacokinetic analysis was performed using 136 patients who
had compleée data on tobramycirdoses,administration dates and times, and tobramycin
concentratiors with recorded sampling time(Touw DJ et al., 2007Therefore the typical

daily AUGralue obtained with the recommendedaily doseof 10 mg/kg/day tobramycin

was estimated from the TOP[Couw DJ et al., 2008fudy using theimean estimates of
elimination rate constant (0.318 and V (0.294 L/kgYhe target daily AUC and ranges
were then usedas the monitoring parameter for once daily tobramycin to determine the

dose scaling factors and develop the nomogram.
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The Glasgow dataset included 166 adult patients with cystic fibrosis and 1075 courses of
aminoglycoside therapy. The median dose was B&fiday and ranged from 120 to 660
mg/day. Overall, 44 (4 %) of the courses were administered 8 hourly, 1022 (95 %) 12 hourly
and 9 courses (1%) 24 hourly. The Hague dataset comprised 165 patients with 415 courses
of tobramycin. These patients receivedneedian dose of 500 mg/day (range 120 to 880
mg/day). One course was administered 8 hourly, 137 (33 %) of the courses were 12 hourly,

272 (65 %) were 24 hourly, 3 were 36 hourly and 2 were 48 hourly.

To determine a possible daily AUC range for the 10kgigay dose, data from patients in

The Hague dataset who received 24, 36 or 48 hourly doses were selected for further
analysis. The daily AUC range was determined after first identifying the doses that achieved

the target peak concentrations of 280 mg/LlF Y R (i N2 dz3 KSinyth ewmal., 2@DE) [

For the purpose of this anf @ A 43X GLISI 1£¢ O2yOSYiNlI GA2ya o€
200FAYSR 0S06SSy nogpp (G2 mMdp K2dzNB YR aiNEBC
after the start of the infusion. The daily AUC distributions associated with peak and trough
concentrations below, within and above these targets were identified and used to

determine the lower and upper daily Aughge.

6.3.2 Creation of simulated patient dataset

Five thousand simulateghatients with age, weight, height, serum creatinine, and CrCL
distributions that mirrored the combined datasets were created using NONNEedl SL et

al., 2009) A log normal distribtion for the variance of these clinicaharacteristic§rom
combining the Glasgow and The Hague datasets used to ensure similar distributions to
the raw data characteristics. The categorical variable, gender, was simudetedthe
NONMEM code was caimgined to simulate 50% of patients to be males and 50% to be
females. The typical relationship between weight, height and gender was identified by
regression analysis and included in the simulation to ensure that the combinations of weight
and height witlin a patient made physiological sense. Creatinine clearance was estimated
by the Cockcroft and GaulfCockcroft DW and Gault MH, 1976juation using the

simulated values of gender, age, weight and serum creatinine. The minimum serum
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creatinine value was fixed at 60 pmolRuffull SB et al., 1997, Rosario MC et al., 19D

simulation data filencluded the following information for one patient: the median age,

weight, height, serum creatinine and CrCL values derived from the combined dataset. Figure

6.1 shows the data file used to simulate the weight scaled dose (10 mg/kg). In order to

avoid sinulated clinical characteristics that were outside the range of characteristics in the
O2Y0AYSR RI(GFaSdazr GKS NIlIy3aSa oSNB fAYAUSR
simulated value was lower than the minimum or greater than the maximum valube

combined dataset then it should be replaced with the median value that was included in the
aAYdzZ FGA2Y RIGEF FAES® ¢KS bhba9a O2RAyYy3 GKI{

characteristics is presented in Fig€.

A dosage adjustment faot (F1) was included in the control file to correct the dose included

Ay GKS RFEGFE FTAfSO Cm Aa (GKS FTNIOGA2Y 27F 0 K
weight, height, lean body weight or body surface area and the median scaling fagior (e

weight, height, lean body weight or body surface area) used in the data file
(F1=SIMWT/WT).

Then the simulated amount would be the amount used in the data file multiplied by the
dosage adjustment factor (F1) value (AMT2=AMT*F1).The final two comgrairtmodel

and pharmacokinetic estimates derived from the analysis of the model development
RIGFraSia ¢SNB dzaSR (G2 3ISYSNIGS pnnn araydz I
Figure 6.2 shows the control file used to generate weight scaled dose (10 mg/kg

simulations.

Different dosing scaling factor options were examined including the current weight scaled
dose (10 mg/kg with and without restricting the daily dose to 660 mg/d&yyth A et al.,
2005)and the height, LBWJanmahasatian S et al., 20G5)d BSAMosteller RD, 1987)
scaled doses. For each examined dosage regimen, a new data file was createchlyith o

change in the dose, which is based on the scaling factor to be used such as LBW, height or
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BSA. For the derived body size measurements, LBW and BSA, their formulas were coded
within the NONMEM control file to estimate their values from the simulatedgiveand
height values generatedTobramycin concentrations were predicted for each simulated

patientat 1, 2, 4, 6, 8, 10, 12, 14, 16, 18, 20, 22, and 24 hours after the start of the infusion.

Figure 61 Example of the datdlé used to generate the simulated patients and
concentrations

#ID TIME AMT RATE EVID AGE WT HT GEN CREA CGCL DV
1 0 530 1060 1 24.6 53 166 0 70 94 0
1 1 0 0 0 24.6 53 166 0 70 94 0
1 2 0 0 0 24.6 53 166 0 70 94 0
1 4 0 0 0 24.6 53 166 0 70 94 0
1 6 0 0 0 24.6 53 166 0 70 94 0
1 8 0 0 0 24.6 53 166 0 70 94 0
1 10 0 0 0 24.6 53 166 0 70 94 0
1 12 0 0 0 24.6 53 166 0 70 94 0
1 14 0 0 0 24.6 53 166 0 70 94 0
1 16 0 0 0 24.6 53 166 0 70 94 0
1 18 0 0 0 24.6 53 166 0 70 94 0
1 20 0 0 0 24.6 53 166 0 70 94 0
1 22 0 0 0 24.6 53 166 0 70 94 0
1 24 0 0 0 24.6 53 166 0 70 94 0
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Figure 62 An example ofthe control file uged to generate weight scaled dose (10

mg/kg)simulations.

$PROB NOMOGRAM DEVELOPMENT BY SIMULATION

$INPUT ID TIME AMT RATE EVID AGE WT HT GEN CREA CGCL DV

$DATA C: \ Nomogramsimulations \ COMBINEDNOMOGRAM.CSV IGNORE=#
$SUBROUTINE ADVAN3 TRANS4

$PK

SIMHT=HT*EXP(ETA(4))
IF(SIMHT.LT.139)SIMHT=HT
IF(SIMHT.GT.194)SIMHT=HT

IF(ICALL.EQ.4.AND.NEWIND.NE.2) THEN
GEN1=0 ;MALE

CALL RANDOM(2,R)

GENDER=R

IF(GENDER.LT.0.50) THEN

GEN1=1 ;FEMALE

ENDIF

ENDIF

SIMAGE=AGE*EXP(ETA(5))
IF(SIMAGE.LT.14)SIMAGE=AGE
IF(SIMAGE.GT.88)SIMAGE=AGE

SIMCREA=CREA*EXP(ETA(6))
IF(SIMCREA.LT.60)SIMCREA=60
IF(SIMCREA.GT.209)SIMCREA=CREA

SIMWT=(- 67.1+1.09 *GEN1+0.731*SIMHT)*EXP(ETA(7))

IF(SIMWT.LT.30)SIMWT=WT

IF(SIMWT.GT.108)SIMWT=WT

F1=SIMWT/WT ; DOSING ADJUSTMENT FACTOR

AMT2=AMT*F1

IF(GEN1.EQ.1) THEN

SIMCGCL=((1.04*(140 - SIMAGE)*SIMWT)/SIMCREA)*EXP(ETA(8)) ; LOGCRCL VARAINACE
ELSE

SIMCGCL=((1.23%(140 - SIMAGE)*SIMWT)/SIMCREA)*EXP(ETA(8)) ;LOGCRCL VARIANCE
ENDIF

IF(SIMCGCL.LT.26.3)SIMCGCL=CGCL
IF(SIMCGCL.GT.181.4)SIMCGCL=CGCL

TVCL=THETA(L)*SIMHT*+THETA(2)*SIMCG CL- 92)
TVVI1=THETAG)*(1+THETA@)*SIMHT - 163))
TVV2=THETA(5)

TVQ=THETA(6)

CL=TVCL*EXP(ETA(L)+ETA(2))
VI=TVWVI*EXP(ETA(3))

V2=TVV2

Q=TVQ

S1=v1i

AUC=AMT2/CL

$ERROR IPRED=F

$ERR®R W=SQRT(THETA(7)**2+THETA(8)**2*F**2)
IRES=DV- IPRED
IWRES=IRES/W
Y=IPRED+W*ERR(1)

$THETA 0.0285 0.0114 13.3 0.0113 6.62 0.452 0.086 0.148
$OMEGA 0.0129 ;lOV CL

$SIMULATION (22032012) (812 UNIFORM)ONLYSIM SUBPROBLEMS=5000

NOPRINT ONEHEADER FILE=Simcombine12B2.TAB

$TABLE ID TIME AMT2 EVID DV GEN1 SIMAGE SIMWT SIMHT SIMCREA SIMCGCL TVCL TvV1

$OMEGA BLOCK(2) 0.0325 0.0140 0.0134;1IV CL BLOCK MATRI X1V V1
$OMEGA 0.003 0.112 0.042 0.035 0.05 ;LOG NORMAL DISTRIBUTION VARIANE VALUE FORETA4567 8
$SIGMA 1 FIX

TVV2 TVQ CLAUC V1V2Q

Key: SIMHT = simulated height, HT= median height value in the data file, ETA = log normal distribution variance obtaitieel for
combined datasets, SIMWT = simulated weigt@EN1 = simulated gender, WT, median weight, F1 = dosage adjustment factor, AMT2 =

doses adjusted for the simulated scaling factor value (e.g. weight)
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6.3.3 Creation of simulated datasets with a range of dosing scalers
The median dose required to achieveettypical daily AUC was calculated using the median
CL estimate obtained with the population pharmacokinetic model (4.92 L/h) and using the

following formula;
Median dose (mg) = Typical daily AUC (mg.h/L) x Clearance (L/h)

This median dose was then scaleg dividing the median values of lean body weight (LBW)
(Janmahasatian S et al., 2008eight and body surface area (B§Mposteller RD, 1987)

obtained from the combined datasets, to create three dosage regimens, i.e.
Dose per kg LBW = Median dose (mg)/40 kg = LBW dose mg/kg
Dose per cm helg = Median dose (mg)/166 cm = Height dose mg/cm

Dose per MBSA = Median dose (mg)/1.6 mBSA dose mg/m

Five data files and control files were prepared to generate 5000 simulated patients who
were administered restricted and unrestricted weight, LBWIight and BSA scaled doses.
Figure 6.2 shows the control file used to generate weight scaled dose (10 mg/kg)
simulations and control files used to generate the other dose scaling factors including LBW,
height and BSA are shown at APPBN\MI (a, b and ) In addition, Figure 6.3 shows a

summary othe simulation method presented as a workflow diagram.
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Figure 63 The simulations workflow diagram to evaluate the different dosage regimens
and develop dosage nomogram.
Identify characteristics of patients with cystic fibrosis

Simulate populations with characteristics

Create a range of dosage regimens

Use population pharmacokinetics model to simulate daily AUCs and
concentrations

Evaluate dosage options

Create nomogram for interpretation of data

6.3.4 Analysis of peak and daily AUC estimates obtained with the simulated
data

The predicted daily AUC was calculated for each patient from simulated daily
dose/simulated individual CL estimate and compared with the target ranges determined
from the literature and the analysis of real patient datehe dailydoses and tobramycin CL
estimates were compared among patients whose daily AUC estimates were below, within
and above the target for each dose scaler.addition the daily doses, daily AUC and peak
conentration were compared for the examined dosage regimeRse comparison was
performed using the noparametric KruskaWallis test implemented in Minitd® version

15, (Minitab Ltd, Coventry, UK). Statistical significance was set at p < SirfiGlated
patients who achieved the target peak concentration of@80 mg/L 1 hour after starting

the infusion were also determined.
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The proportions of patients who achieved both the peak and daily AUC targets with the
different scaling factors were compared withettproportions obtained with the current
recommended dose (10 mg/kg with or without a maximum of 660 mf)e comparison
was performed using the GBiquare test irMiinitabN version 15, (Minitab Ltd, Coventry,

UK)

6.3.5 Development of nomograms for inte rpreting tobramycin

concentrations

The nomogram was designed to identify patients who would fall outside the targets of peak
concentration 20¢ 30 mg/L, concentration < 1 mg/L at 18 hours post dose and daily AUC
within the typical range identified from threal patient data. Concentration measurements
from patients whose CrCL estimate was < 50 mL/min were excluded. The sinpdstaus
whose concentrations achieved the target daily AUC and target peak 320ng/L) ranges
were selected from the curreiyt recommended weight scaled dose and an alternative
dosage regimen that achieved the highest proportion of patients within the target daily AUC
and peak concentration ranges. From these dtte,97.5", 95", 2.5" and 5" percentiles of

the simulated oncentrations at each time point were plotted against time after start of

therapy.

6.3.6 Validation of the nomogram for interpreting tobramycin
concentrations

6.3.6.1 New dataset

A new, independent dataset comprising data frgratients with cystic fibrseis who had
been treated with tobramycin was received from a hospital laboratory in The Netherlands.
The data were supplied in an Excel spreadsheet format exported from the software
MWPharm (Mediware, Groningen, The Netherlands). Patients who had the gander
and date of birth were assumed to be the same individual. Courses of therapy that
contained insufficient data or suspected errors were removed from the dataset. Courses
administered to patients who were less than 14 years old were excluBatentsin the

new dataset were then compared with patients who were included in the model validation
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dataset used in Chapter 4 and any who appeared in both datasets were removed from the

new dataset.

The dataset comprised clinical and demographic data, theg®segimen(s) and a list of
measured concentrations. The original format was not suitable for nomogram validation
since dosage information was required before each measured concentration. Consequently,

some assumptions had to be made. These were asifsil

A

Gt SFH1¢ O2yOSYiUNIXGA2ya 6SNB FaadzySR G2 oS
infusion.

1 If a measured concentration was recorded without information about the previous dose,
the dose amount and time were assumed to be consistent with the previous dod

dosage interval.

Concentration measurements between 6 and 12 hours after the start of the infusion were
plotted on the draft nomogram and the dosage recommendation noted. The
recommendations arising from the nomogram were compared with the actuslage
decision that had been made from a MAP Bayesian (MWPharm) interpretation of the
concentration measurements for thimllowing dose.In addition individualdaily AUC was
estimated using the administered dose and the individual clearance estifdaily AUC=
daily dose/ individual clearancebtained following a POSTHOC analysis using the final
empirical model with height parameter estimate®ata arisingvere analysed and plotted
using Microsoft office Excel (Microsoft Office 2007), MiniNabersion B, (Minitab Ltd,
Coventry, UK), and GraphPad Prism (version 6).

6.3.6.2 Glasgow and The Hague dataset

The Glasgow and The Hague datasets used for model development and validation were
combined, and their weight and individual pharmacokinetic estimgteslicted from the
final model runwere used to predict concentrations at 6, 9, 12 hours after start of therapy

following a 10 mg/kg/day (maximum 660 mg/day) dose . The estimation step was omitted
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by using the code MAXEVAL = 0. Then concentrations weregloh the developed
weight scaled nomogram to ensure that the developed nomogram is able to identify

patients with low, within and above target AUC range.

6.4 RESULTS

6.4.1 Daily exposure target and range using real data

The estimated target daily AU the TOPIC study was 106 mg.h/L. The daily doses and
daily AUC estimates for the real datasets are listed in Talile The tobramycin doses given

to the Glasgow patients were lower than doses administered to The Hague patients.
Similarly, daily AUCsene lower for the Glasgow patients with up to 179 mg.h/L compared
with daily AUCs from The Hague patients that were up to 268 mg.h/L. Patients in the
Glasgow dataset who were administered doses between 9 and 11 mg/kg/day had a median
daily AUC of 84.6 mglh which was lower than median value for patients from the Hague
(206 mg.hL). As shown in Figuré3 (a), none of the predicted peak concentrations in the
Glasgow dataset achieved the target concentration and hence were excluded from further
analysis. Onhe other hand, 120 out of 492 peak concentrations from The Hague achieved
the target (20-30 mg/L) as shown in Figuet (b).

Table 61 Median (range) daily doses and daily AUC estimates from the Glasgow and
The Hague datase

Glasgow dataset The Hague dataset
n = 1075 courses n =415 courses
Daily dose (mg/day) 360 (120 660) 500 (120c 880)
Daily dose (mg/kg/day) 7.17 (2.46c 13.3) 8.64 (2.4Q; 14.7)
Daily AUC (mg.h/L) 77.8 (36.9; 179) 103 (42.2; 267)
Daily AUC focourses n=2381 n =165

of 9¢ 11 mg/kg/day 84.6 (56.5 128) 106 (68.9%¢ 267)
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Figure 64 Scatter plots of the measured peak concentrations in the (a) Glasgow and (b)
The Hague datasets.
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The distribution of daily doses and daily AUC values for The Hague patients who were
administered once daily and extended interval tobramycin are shown in Bahlén groups

based on peak concentrations. In total, 202akeconcentrations were available from 77
patients (135 courses) of which 48% achieved the target peak concentration, 41 % were
below and 11 % were above the target. The median daily AUC for patients who had peaks <
20 mg/L was 84.6 mg.h/L and hence 80 mMgwwas chosen as a possible lower limit for the
target daily AUC. Since the median daily AUC values for patients whose peak concentrations
were within or above the target range were similar, it was difficult to identify an upper limit
for daily AUC. Thermwere 27 trough concentrations measured in 21 patients (25 courses)
between 17.5 and 20 hours after the tobramycin dose. Three of these concentrations were
above 1 mg/L and all were in patients who had low tobramycin CL estir{ia&g 2.91 and

3.22 L/h) The daily AUC frequency histogram shown in Figusdor patients with troughs

<1 mg/L suggested an upper daily AUC limit2§ mg.h/L
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Table 62 Distributions of peak concentrations, dose and daily AUC values from
patients in The Hague dataset who were administered 24 hourly doses (n = 385).

Peak <20 mg/L Peak 2630 mg/L Peak >30 mg/L

n=2381 n=95 n=21
5.0 8.67 9.80
Dose (mg/kg/day) (2.86¢ 10.3) (4.1% 11.4) (7.74¢ 11.9)
Daily AUC 84.6 102 113
(mg.hiL) (42.2¢ 157) (65.0¢ 252) (84.9¢ 180)

Figure 65 Frequency distribution of daily AUC split into patients whose 24 hour post
dose trough concentrations were below or above 1 mg/L for The Hague dataset patients.
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6.4.2 Creation of simulated patients

¢CKS RAAUONROdzAAZ2Y 2F LI GASYGaQ OKIFNI OGSNREAGA
with those of the real datasets, as shown in Figbu@ The simulation generated an excess

of patients with themedian values because the control file replaced simulated values that

were above the upper limits and below the lower limits for each clinical characteristic with

the median value. In addition, the lower limit for serum creatinine was fixed to 60 pmol/L

and hence many simulated patients had this value.
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Figure 66 Distributions of age, weight, height, creatinine concentration and creatinine
clearance in the real and simulated datasets.
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6.4.3 Development and evaluation of simulated datasets with a range of
dosing scalers

Using the estimated target daily AUC basedlen TOPICTouw DJ et al., 2008judy of 106
mg.h/L, the estimated median dose was 521.5 mg/day . The scaled doses were 13 mg/kg for

LBW, 3 mg/cm for height and 326 md/for BSA.
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When the current weight scaled dose of hig/kg was unrestricted, 477 (9 %) of the
simulated patients had a daily AUC below 80 mg.h/L, 2392 (48 %) had a daily AUC within the
target range and 2131 (43 %) had a daily AUC above the target range. Twenty per cent of
the simulated patients had dosesegtter than 660 mg (range 661 to 1054 mg). Restricting
the daily dose to 660 mg produced only a slight increase (to 50%) in the proportion of
patients who achieved the target daily AUC and a slight reduction (to 40%) in the proportion
above the target rangePatients whose daily AUC was estimated to be below the target had
lower doses and had higher CL estimates than patients whose daily AUC estimates were
within or above the target range (p < 0.0001 for 10 mg/kg with maximum of 660 mg).
Conversely, patiest whose daily AUCs were above the target, received higher doses and
had lower CL estimates than patients whose daily AUC were below or within target (p <

0.0001 for 10 mg/kg with maximum of 660 mg).

When daily doses were unrestricted, the majority oftipats (77%) whose daily AUC
SaiGAYLFGS s+ & 0St26 GKS G NB SFicomparsdSyithdiybseS NI S A :
within (45%) or above the target daily AUC (15%). No overweight or obese patients had a

daily AUC below the target, whereas 26% were overiteig obese in the within and above

target daily AU@roups, respectively. When the maximum dose was fixed, the values were
slightly different. In the below target daily AUC group, 2.5 % of patients were overweight

and none were obese, while 8 % were oveight and obese in within target daily AUC

group. In the above the target daily AUC group, 18 % of patients were overweight or obese.

When the predicted peak concentrations were analysed, the percentages of patients whose
concentrations were below (8%)yithin (41%) and above (51%) the target ranges were

similar for both weight dosage groups. Results were also similar when the distributions of
BMI were examined; 85 % of patients with low peaks were underweight, 15 % were normal

weight and one patient wasverweight.
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Figure6.7 shows the distributions of the doses, peak concentrations and daily AUC for the
simulated weight (10 mg/kg with 660 mg/day maximum daily dose), LBW (13 mg/kg), height
(3 mg/cm) and BSA (326 mdi)rscaled doses. Aamrower range ofdoses were obtained
when they were scaled according to height (up to 581 mg) compared with weight (up to
1054 mg) or restricted weight (up to 660 mghe difference was statistically significant at

p < 0.0001.The maximum daily AUC was lower when heighs the dose scaling factor
rather than weight, or restricted weight. Similarly, the maximum peak concentration was
also lower when height was used as the dose scaling factor compared with weight and

restricted weight.
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Figure 67 The distributions of daily doses, daily AUC, and predicted peak concentration
using doses scaled lyeight (10 mg/kg unrestricted and limited to 660 mg/day), LBW (13
mg/kg), height (3 mg/cm) and BSA (326 mgm
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Figure 6.8 shows the number of simulated patients whose concentrations were below,
within and above tk target daily AUC range. A higher proportion of patients achieved the
target daily AUC concentration with a height scaled dose (61%) compared with weight, LBW
or BSA scaled doses (588%). This difference was statistically significant at p < 0.0001.
Futhermore, a lower proportion of patients had their daily AUC above the target range (>
120 mg.h/L) with a height scaled dose (27%) compared with weight, LBW, or BS®Y33
Similar results were obtained with peak concentrations (Fig®ewhere 63%achieved the
target with a heightscaled dose compared to €6% with other size measurements. Only
30% of patients had their peak concentration greater than the target concentration (> 30
mg/L) with a height scaled dose compared with weight, LBW, or BSA §1%). This

difference was statistically significant at p < 0.0001.

Figure 68 The numbers of simulated patients whose concentrations were below, within
and above the target daily AUC range with for a range of dose gdabtiors.

3000 +

2500 +

2000 +

1500

1000

Number of patients

500

0 T T T T T T T T T T T T T T T
WTResWILBW HT BSA WTResWILBW HT BSA WTResWILBW HT BSA

AUC<80 AUC80-120 AUC>120



161

Figure 69 The distribution of simulated patients whose peak concentration were below,
within and above the target peak concentration (20 mg/L) with the different dose
scalingfactors.
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Figure6.10 and 6.11 shows the distributions of tobramycin doses and CL estimates in the
simulated patients, categorised by daily AUC range. There was no correlation between
doses and daily AUCs when dose wasgesctor height, whereas a clear correlation can be
seen between the administered doses and expected daily AUC with doses scaled to weight,
LBW and BSA. On the other hand, correlation between the expected daily AUC and
tobramycin CL was observed regardledsthe scaling factor in the different daily AUC
groups. The distribution of doses was similar in all daily AUC groups when scaled according
to height, and tobramycin clearance ranges were narrower compared with the other scaled
doses. In general, patiemtwho had daily AUC estimates above 120 mg.h/L had lower drug
clearance estimates (median 3.67 L/h, range 1.999), while patients who had below the
target daily AU@Gad high drug clearance (median 6.91L/h and ranged-50%). As a result

of the encauraging findings from the height scaled dose, it was chosen to develop a new

tobramycin dosage adjustment nomogram in patients with cystic fibrosis.
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Figure 610 The distribution of daily doses categorised by daily AUC estirftatga)
weight, (b) LBW, (c) Height and (d) BSA scaled doses.
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Figure 611 The distribution 6 tobramycin CL categorised by daily AUC estimate for (a)
weight, (b) LBW, (c) Height and (d) BSA scaled doses.
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6.4.4 Development of dosage adjustment nomograms

6.4.4.1 Weight scaled dosage adjustment nomogram

The results obtained from the 10 mg/kg/day dose with a maximum set to 660 mg/day were
examined and the data from the 1421 simulated patients who achieved bothyAdC of
80-120 mg.h/L and a peak of ZD mg/L were used to develop the nomogram. Figbu
shows the proposed dosage adjustment nomogram. The lower nomogram bound
represented the 2.5 percentile line for simulated patients with normal renal functiaho

had a daily AUC of 8a20 mg.h/L and a peak of BD mg/L. A measured concentration
below the lower bound shaded area represents a patient with a daily AUC less than 80
mg.h/L and/or peak tobramycin concentration less than 20 mg/L. On the other hhed,
upper nomogram bound representetthe 97.5th percentiles line for patients with normal
renal function and whose daily AUC and peak concentrations withén the target range. A
measured concentration above the shaded area is consistent with havingAldT and/or
peak concentration above the target. However, a measured concentration within the shaded

area is consistent with being within the target daily AUC and/or peak concentration ranges.
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Figure 612 The 2.8" and 97.%' and percentiles of all tobramycin concentration
measurements at each time poifdar 10 mg/kg (maximum 660 mg).
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6.4.4.2 Heighscaled dosage adjustment nomogram

The concentratiortime profiles obtained from the 3 mg/cm/day dose simulations were used
to create the nomogram anthe data from the2065patients who achieved both a daily AUC

of 80-120 mg.h/L and a peak of BD mg/L vere used to develop the nomogranfigure

6.13 shows the dosage adjustment nomogram with cut off daily AUC percentile. The lower
bound was based on the 2'Jercentile from patients with normal renal function who had
their daily AUC and peak concentratiatithin the target range. The upper bound was based
on the 97.8' percentile of patients with normal renal function who had their daily AUC and
peak concentration within the target. The height scaled dosage adjustment nomogram and
the weight scaled nomogramvere plotted on the top of each other and are shown in Figure
6.14.



166

Figure 613 The 2.8' and 97.8' percentiles of all tobramycin concentration
measurements at each time poifdr 3 mg/cm dose.
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Figure 614 The 2.8 and 97.8' and percentiles of all tobramycin concentration
measurements at each time poifdr 10 mg/kg (max660 mg/day) and 3 mg/cm dose.
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6.4.5 Validation of the nomogram for interpreting tobramycin
concentration measurements

6.4.5.1 New dataset

In total, data from 18 patients (10 males) with 25 different courses of tobramycin were
available for nomogram validation. Talb#e3 summarises the clinical characteristics of the

patients. Overall, they were young and had good renal function.

Table 63 Clinical characteristics of patients in the nomogram vaiatatiataset.
Median Range

Age (years) 19.0 14.1¢78.4

Weight (kg) 57.0 41.3¢84.2

Height (cm) 170 134-184

Serum creatinine (umol/L) 54.0 26.0¢ 83.0
Creati?;:]Le/an:ilre]:)arance* 110 62.4- 154
Dose (mg/day) 520 400- 720

Dose (mg/kg/day) 9.46 7.62¢10.3

Key: * Cockcroft and Gault equatiofCockcroft DW and Gault MH, 197@)th the lowest serum creatinine value fixed to §@mol/L
(Duffull SB et al., 1997, Rosario MC et al., 1998)

Eighty measured concentrations were available for analysis of which 12.5 % were peaks
(1.00¢ 1.50 hours after starting the infusion), 85 % were abe concentrabns (1.53¢

18.8 hours after starting the infusion) and 2.5 % were trough concentrations (23.8

hours after starting the infusion). Concentrations obtained between 6 and 12 hours after
the start of therapy were available from 11 patients and wereesteld to validate the
nomogram (17 concentrations). Figusel5 shows the measured concentrations plotted on

the weight scaled nomogram. Taldet shows the distribution of measured concentrations
categorised to the different nomogram areas, the interpteta of the results and the
corresponding MWPharm interpretation. In 3 of the 4 samples that lay below the shaded
area, 6 of 9 were within the shaded area and 1 of 4 were above the shaded area, there was

agreement between the MWPharm and nomogram dose nec@ndations. In addition,



168

LI GASyGaQ RFEAfE !/ & gSNB 02y ai2a inghyli The A § K

median daily AUC for patients who had their concentrations below the shaded area was
low, 77.4 mg.h/L, and for those who had their concentratiowithin shaded area the
median value was within the target 85.5 mg.h/L. However, measurements that lay in area 3
were all from the same patient, and were high daily AUC value, 163 mg.h/L. Overall, 59 % of

the nomogram recommendations matched the actiaken.

Figure 615 Validation for the 10 mg/kg (maximum 660 mg) dosage adjustment
nomogram using Dutch patients.
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Table 64

Comparison between The Hague and nomogram
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interpretations for

concentrations obtained within nomogram target sampling time (6 and 12 hours after
starting tobramycin infusion).

Nomogram Number MWPharm Nomogram Daily Matching
area of concs interpretations recommendation AUC nomogram
mg.h/L recommendation
i Increased
Below subsequent 1 Increase 77.4
shaded 4 dose (3) subsequent (73.5¢ 3outof4
area 1 No change (1) dose 81.8)
1 Increased
subsequent M Continue
within dose (2) with the 85.5
shaded 9 1 No change (6) same dose  (80.7¢ 6 out of 9
area 1 Decreased every 24 120)
subsequent hours
dose (1)
1 Increased
subsequent i Decrease the
above dose (1) dose or 163
shaded 4 1 No change (2) exterd (130¢ 1 outof 4
area 1 Decreased dosage 163)
subsequent interval
dose (1)

6.4.5.2 Glasgow and The Hague dataset

The combined dataset included 331 patients with 1490 course of aminoglycoside therapy.

Thirty-eight patients had AUCs below, 239 patients had daily AUCs within and 1ié&tpa

had daily AUCs above the target daily AUC range af BID mg.h/L Patients whose AUCs

were below the target had doses less than 600 mg/day and tended to have higher drug

clearance (6.02 L/h) as shown in Tali&. Figure 6.16 (ac) shows the predied

concentrations at the different time points plotted on the weight scaled nomogram for

patients whose daily AUCs were below, within and above the target.

The majority of

patients who had below target daily AUCs had their concentrations within theeshacka

but towards its lower end (Figuré.16 (a)). These patients had a slightly lower drug

clearance %.62 L/h) compared with patients who had their concentrations below the

shaded areaq.68 L/h) Howeverall patients who had their daily AUCs withardet range

had their concentrations within the shaded area.
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In total 163 patients (433 courses) had daily ABCQ20 mg.h/L. However, not all
concentrations were above the shaded area as shown in Figd6ée(c). Patients who had

high daily AUC were sutivided into four groups. Patients with daily AUCs between 120 to
130, 130 to 140, 140 to 150 and greater than 150 mg.h/L. Patients who had daily AUCs
ranged 120 to 130 mg.h/L, had the highest CL values (median 4.81 L/h) as shown in Table
6.6. Patients whos daily AUC ranged from 120 to 140, had their concentrations within the
shaded area as shown in Figwd7 (a and b). However, patients whose daily AUC was
between 140 and 150 had their concentrations within and slightly above the shaded area for
the nomagram as shown in Figug17 (c). On the other hand, all patients who had their
daily AUCs greater than 150 mg.h/L had their concentrations above the shaded area as
shown in Figuré.17 (d). Seven patients with 14 courses of therapy in the full datasét ha
creatinine clearances less than 50 mL/min. These patients had their concentrations above
the nomogram shaded area, shown in Fig6r#s (d), and were consistent with their high

daily AUCs value (260 mg.h/L (14853)).

Table 65 Doses and pharmacokinetic parameter estimates arising framulated
patientswho received 10 mg/kg/day tobramycin, grouped according AUC range.

" 80 mg.h/L 80¢ 120 mg.h/L > 120 mg.h/L
Variable 38 patients (100 239 patients (957 163 patients (433
courses) course) courses)
Dose
(mg/day) 432 (320¢ 577) 514 (300c 660) 610 (300 660)
Vi (L) 13.7 (10.6; 16.5) 13.4 (7.60; 19.4) 13.8 (7.6Q; 19.4)

CL (L) 6.02 (4.47 8.38) 5.18 (2.96c 7.73) 4.14 (1.36c 5.49)




Figure 616 Tobramycin dosage adjustment nomogram using 10 mg/kg (max 660
mg/day). The open circles are the predicted concentrations for patients who were
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administered 10 mg/kg and had AUCs a) below, b) within and c) above target range, and d)
patients with CrCL less than 50 mL/min.
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Key:

Below the staded aea represents concentrations consistent withdaily AUC < 80 mg.h/L and/or a peak < 20 mg/L
Within the shaded asa represents concentrations consistent withdailyAUC of 80120 mg.h/L and a peak of 2030 mg/L
Above the shaded ea representsconcentrations consistent with aaily AUC > 120 mg.h/L and/or a peak > 30 mg/L

Table 66

Doses and pharmacokinetic parameter estimates arising from simulated
patients who received 10 mg/kg/day tobramycin and had a daily / @ Y MH N

groupedaccording AUC range.

Variable

AUC>120 mg.h/L

AUC 126130 AUC 136140 AUC 146150 AUC>150
(156 courses) (89 courses) (65 courses) (123 courses)
Dose
(mg/day) 600 (300660) 600 (336¢ 660) 600 (420c 660) 635 (418 660)
Vi(L) 14.0 (7.60; 19.4) 13'28(82')0Q 13.9(9.30; 18.4) 13.2 (9.3 16.6)
4.45 (2.56 3.44 (1.3
CL (L/h)  4.81 (2.48;5.49) 5.07) 4.13 (2.8% 4.71) 4.37)

Y3 o
























































































































































































































