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1 Intr oduction

Populationanalysisusing non-linearmixed effects modelshasbecomean important
tool in the analysisof pharmacokinetic/pharmadgnanic data[1] andthe benefitsof
thistypeof analysioverthetraditionalalternatveshave to somelengthbeendiscussed
in the literaturee.g.[2, 3]. The price onehasto payfor thesebenefitsis anincreased
compl«ity of themodelsthatarefitted to the dataanda correspondingncreasen the
numberof assumptionshat hasto be made[4]. Assumptionsof e.g. independence
of residualsand homogeneityof residualvarianceis of coursealsoa part of model
dependenindividualanalysidut thechallengeof non-lineamixedeffectsmodeldies
in thehierarchicahatureof themodel,i.e. we donotonly havethedifferencedetween
theobsenedandpredictedobsenationsto take in to accountwe alsohaveto takeinto
accountthatindividualsmay differ, which resultsin a secondype of residuals— the
differencebetweenindividual parametewvaluesand what the model predictsfor the
correspondingypical individual in the population. This togetherwith the possibility
to includethe relationshipsetweendemographiadata,for exampleage,weightand
clinical laboratorymeasurementsnd parametersyhich in a senseis a regression
within the regressionmakesthe taskof assessinghe goodnes®f fit of a non-linear
mixedeffectsmodelalot harderthanfor anindividual specificmodel.

Xposeis an S-PLUSbasedmodelbuilding aid for populationanalysisusing NON-

MEM. It facilitatesdatasetcheclout, explorationandvisualizationmodeldiagnostics,
candidatecovariateidentificationand model comparison.Datasetcheclout includes
visualizationof theobsenedvariable(s)covariatesandplotsto revealerrorsin thedata
file. Modeldiagnostiglotsincludesthe usualresidualplotsbut alsoplotsto checkthe

validity of assumptionspecificto non-linearmixed effectsmodels. Dataexploration

is alsodoneby variousplots but alsoincludesauxiliary screeninganalysesuchas
stepwisggeneralizeddditve modeling(GAM) andtreebasedmodeling.Thestability

of the GAM resultswith respecto covariatemodelselectionaswell asthe impactof

influentialindividualsandcertaintypesof covariateinteractionscanbeexploredusing

a bootstrapre-samplingprocedure. To facilitate documentationXpose can produce
runsummarieandrunrecords.Therunrecordsareonepagesummarie®f arun con-

sistingof a combinationof goodnesf fit plots, parameteestimatesandthe model

file. Runrecordsaretatulatedsummarie®f mary runsconsistingof usercomments,
terminationmessageandobjective functionvalues.

The basicideais that the usershouldonly have to tell Xposewhat run thatis to be
processetb beableto producearnything betweersimplenumericalsummarie®f, e.g.
covariatesto sophisticatedootstrapof the GAM analyses.The only otherthing the
userhasto do is to make NONMEM produceone or more table files that contains
theitems,for exampleresidualsandpredictionsthatis to be displayedor usedin the
Xposeanalyses.In otherwords, Xposetakes careof readingthe datainto S-PLUS,
reformattingof the datato suit eachplot andanalysisspecificrequirementandto do
arything elsethatis necessaryo accomplishwhatthe userselectdrom themenus.

1.1 Termsof usage

Any persorwho wantsto useXposeshouldbe awareof thefollowing:



Xposeis copyrighted] by NiclasJonssorandMatsKarlsson

Xpose must be obtained from the official distribution site
www. biof.uu.se/Xpose andmay not, without the permissiorfrom theau-
thors,bedistributedin ary otherway.

Niclas Jonssorand Mats Karlssoncannot be held responsibldor any harmful
consequencef bugsin the Xposesourcecodeand/ormisuseof the program.

In publications presentationg;eportsetc. which usesthe outputand/orresults
from Xposewe would be gratefulif Xposeis referenced.At presenthe best
references: E.N. JonssorandM.O. Karlsson‘Xpose- anS-PLUSbasednodel
building aid for populationanalysiswith NONMEM?”, in The populationap-
proach:measuringandmanagingrariability in response;oncentratiomnddose,
eds. L. Aarons,L.P. Balant,M. Danhofet al. EuropeanCommissionBrussels
(1997),but this is likely to change.Checkwww.biof.uu.se/Xpose for an
update.

The usersof Xpose are encouragedo reportif they think that Xposeis behaing
strangelyor if they find a bug. Evenif we cannot take on ary official supportre-
sponsibilitieswe areinterestedn having a usefulandbug free program.If we arenot
awareof thebugswe cant do arnything aboutthem...We arealsointerestedn sugges-
tionsandcommentgdut againwe cannotpromiseto implementthingsbecaus®neor
afew usersrequestst.

Thereasorwewantpeopleto obtainXposefrom http://www.biof.uu.se/Xpose

is thatwe wantto know, at leastroughly, how mary usersof Xposethereis but it is
alsofor your own sale. S-PLUSsourcecodeis very easyto alterandif your friendly
colleaguenext dooroffersyou a copy of Xposeyou cannot be surethatit is identical
to the original code. Anyway, you may use Xposefreely at your own risk andwe do
nottake ary responsibilityfor how Xposeis usedor misused.

1.2 ChangesbetweenXposel.land Xpose2.0

The changedbetweenXposeversion2.0 andthe previousversion(1.1) arenumerous.
The mainuservisible differenceis that Xpose2.0 usesthe Trellis GraphicsM library
insteadof the coregraphicsof S-PLUS.Anotherchanges thatit is no longerstrictly
necessaryith separateablefiles for, e.g. covariatesandparametersNew is alsothe
possibilityto sase plots,afteroptionalcustomizatiorof theplot title andaxislabels,to
afile suitablefor inclusionin otherprogramssuchasword processorsTherearealsoa
large numberof new plots specificallydesignedo checkcertainassumptionsnadein
non-linearmixed effectsmodelingaswell asdiagnosticfor GAM models,including
anew Bootstrapof the GAM algorithm. Xpose2.0is alsoalot moreflexible thanthe
olderversion. To malke the transitioneasierfor usersof the previous version,major
differencesthatmight be confusingto someonexpectingXposel.lbehaior, will be
pointedoutin footnotes.



1.3 About this manual

Thismanualshouldbeviewedasabeginnersguideto Xposeandshould togethemith
theinstallationinstructiongprovidedwith thesourcecode beenoughto getanew user
going. It will beassumedhat Xposeis installedon the systemandthatthe Xpose2.0
library is in the S-PLUSsearchpath(Seethe installationinstructionsfor details.) We
alsoassumehatthe userknows how to interpretthe usualgoodnes®f fit plots,i.e.
we will notexplainall the plotsavailablein Xpose.Insteadwve will concentratenthe
areaghatmightnotbeintuitive andwe will alsogive referenceso theliteraturewhere
appropriate.

1.4 About the distrib ution

The Xpose 2.0 distribution containsthe sourcecode,the Xpose2.0 User’s Manual,
installationinstructionsand examplefiles. Theinstallationof the sourcecodeis de-
scribedin the installationinstructions. The User's Manual is this documentandis
distributedin botha postscripandHTML version.Detailsaboutthe documentations
givenin the README file in the Doc sub-directory The examplefiles containghree
runs,completewith datafile, modelfiles, outputfiles andtablefiles. Thedetailsof the
examplesaregivenin the README file in the Examples sub-directory

1.5 Acknowledgment

WewouldliketothankDr. Lewis Sheineffor theimpetusto Xpose.We have usedparts
of the S-PLUScodeprovidedin the coursefolder for the "IntermediatéWorkshopin
PopulationPharmacokineti®ata Analysis Using the NONMEM System”given by
Dr. Lewis SheinerandDr. StuartBeal. Dr. JanetWadewrote someof thein house
S-PLUSscriptswe usedbeforethedevelopmeniXposeandonwhich someof the plots
in Xposearebased.We would alsolike to thankDr. StuartBealfor makingavailable
aversionof NONMEM with someadwancedeatures.(Pleasenotethatthis versionis
notyetgenerallyavailable,neitheris it requiredfor usingXpose.)We would alsolike
to thankthe participantdn the S-nevs mailing list, especiallyDr. Venablesfor mary
helpful discussionsindcodeexamples We arealsogratefulfor the helpful comments
andsuggestionsentby Xposel.lusersandXpose2.0betatesters.

2 Producinginput data for Xpose

Xposemostoften usesthe contentsof oneor more NONMEM tablefiles when pro-
ducingplots andanalyses.For the Run summaryand Run record Xposealsoneeds
the NONMEM outputfiles andmodelfiles. To checka datasetthedatafile is needed.
For more detailsabouthow Xposereadsmodelfiles, outputfiles and datafiles see
Sections/.1and8.



2.1 Creatingthe table file(s) for Xposeto read

Xposeneedsat leastoneNONMEM tablefile for input. If presenin the currentdirec-
tory, Xposewill alsoreadothertablefiles. Thesetablefiles shouldbenamedn a spe-
cific way. Thetablefile namesaredividedupin two parts.Thefirst partis thestem for
examplethestandardablefile hasthestemsdtab , andthesecondartis therun num-
ber. The standardablefile for run numberoneshouldthereforebe namedsdtabl .
The othertablefiles that Xposereads,if presentin the currentdirectoryandif they
matchthe run numberarepatab , cotab , catab , mutab andmytab . Xposeex-
pectsthesetablefiles to be producedvith the NOPRINTandONEHEADERptionson
theNONMEM $TABLE recordandwith the POSTHO®ptiononthe$SESTIMATION
record.For example:

$EST POSTHOC
$TABLE ID TIME IPRED IWRES
NOPRINT ONEHEADERFILE=sdtabl

2.1.1 Thesdtab

sdtab standsfor standardtable file. It shouldcontainitems describingthe over
all goodnessf fit. The recommendeaolumn items and order for this table file
is ID, TIME?, IPRED and IWRES(in additionto theseNONMEM by default adds
DV, PRED RESandWREZY IPRED (individual predictions)and IWRES (individual
weightedresidualsirenot NONMEM defineditemsandhasto be definedby theuser
Thesecanbe obtainedby thefollowing codein the SERROPblock:

$ERROR

IPRED = F

W = ; Your choice: 1 = additive error model
; F = constant CV error model
; F*THETA() = power error model
; (F**2+THETA(.)**2)**0.5
; = additive plus
; proportional
; error  model

IRES = DV-IPRED

IWRES = IRES/W

Y = IPRED + W*EPS(1)

NotethattheIWRES = IRES/W line will, in somecasesneedreformulationto avoid
division by zero.

11t is possibleto alter the tablefile namestructureby the additionof a table file namesufix, e.g. .txt,
makingXposelook for tablefiles endingin .txt, for examplesdtabl.txt. Seetheinstallationinstructionsfor
details.

20r whaterer independentariablethatis usedin the NONMEM analysis

3The codeis taken from the notesof the NONMEM intermediatevorkshopgiven by StuartBeal and
Lewis Sheinerlt is alsosomeavhatdifferentfrom the correspondingodein the Xposel.1manual.



2.1.2 The patab

patab standsfor parametetablefile. It shouldcontainthe parameteestimateof

thefit. Therecommendedolumnorderis ID followedby the parametersf interest,
for exampletheindividual CL estimatesthens and/orthetypicalindividual parameter
estimates.

2.1.3 The cotab andcatab

cotab andcatab standgor continuousandcategoricaltablefile respectiely. The
tablefiles shouldcontainthe covariatesdividedup into continuougcotab ) andcat-
egorical (catab ) covariates.The reasorfor this division is thatthey aretreateddif-
ferentlyin plotsandanalysese.g. the GAM. The recommendedolumnorderis ID

followedby the covariates.

2.1.4 The mutab

mutab standdor multipleresponseariablegablefile. In asimultaneoust of two dif-
ferenttypesof measurements is usuallya goodideato make, for example,goodness
of fit plotsfor the two measurementseparatelyFor Xposeto be ableto differentiate
betweernthe two, it is necessaryvith a flag variablethatwill be, for example,1 for
pharmacokinetiobsenationsand?2 for pharmacodynamiobsenations. The mutab
wasin Xposeversionl.1 usedto provide sucha flag variable. In Xpose2.0it is not
necessaro providetheflagvariablein thisway (seeSectionl5) but mutab is keptfor
compatibilityreasons.The recommendedolumnorderis ID , FLAG TIME, IPRED
andIWRES

2.1.5 The mytab

mytab is new to Xpose2.0 andcanbe usedfor itemsnot fitting into the tablefiles
describedhbove, for examplevariablescreatedvithin NONMEM. Sincethis tablefile
is completelyuserdefinedthereis norecommendedolumnorder

2.2 The extra file

The tablefiles describedn the previous sectionarelimited to the variablesavailable
within NONMEM. NONMEM hasa limit of 20 datacolumnssoif the datasetto be
analyzechasmorecolumnsthanthatit is not possibleto accessll, e.g.,covariatesin

Xpose. To solve this problem,Xposecanreadan extrafile (if presentin the current
directory), calledextra followed by the run number(for exampleextral ). The
format of this file shouldfollow the formatof NONMEM tablefiles, i.e. the column
header®nthesecondine andno alphabeticharacterbelow thisline, excepttheE or
e in exponentgtheperiod,. , thatcanbeusedin NM-TRAN datafiles doesnotwork,

neitherdo datesor clock timeswith a colon separatindhour and minutes). It is also
importantthatthe numberof linesin theextra file is the sameasin the NONMEM

tablefiles. CareshouldalsobetakenwhenselectinghecolumnnamesseeSection2.4.



2.3 The Xposedata bases

Whenthe userstartsXpose(seeSection3) it promptsfor a run numberto process.
Thisnumberwill bethe currentrun numberuntil anotherrun numberis specified(see
Sectionb). Eachrun numberis associatetvith an Xposedatabasecontainingthedata
from the matchingtable files and extra file. This databaseis just a regular S-PLUS
dataframewith a few add-ong(seeSection2.5) andis calledxpdb followed by the
run number The Xposedatabaseis storedin the currentS-PLUSworking directory
andis henceaccessiblén later S-PLUS or Xposesessions The Xposedatabase
matchingthe currentrun numberis calledthe currentdatabase

Whenthedatais read(seenext section}theuserareaskedfor (optional)documentation
of thecurrentdatabase.This canbethoughtof asa remindemoteto identify acertain
runwithout having to consultary otherrun documetation.

Type any documentation for the new data base and finish with
a blank line:
1:Test of documentation feature  2:

2.4 How Xposereadsfiles

Whenthe userspecifiesa run number Xposefirst checksto seeif thereis a matching
Xposedatabaseavailablein thecurrentS-PLUSworking directory If thereis, theuser
is asledif he/shewantsto usethe alreadyexisting databaseor if thedatabaseshould
be recreatedrom the tablefiles andextrafile. If thereis no matchingdatabasethe
useris asledif he/shewantsto createit.

WhenXposeis told to createa databasetherelevantfiles arereadin thefollowing or-
der(if they existsin the currentdirectory):sdtab , mutab , patab , catab , cotab ,
mytab andextra . Thedatafrom eachof thesefilesareputtogetheiin onelargedata
frameandcolumnswith duplicatechamesaredeleted. Whenthereareno duplicated
itemsin the currentdatabase Xposedeletesall lineswherethe columnnamedWRES
hasanentryof zero(i.e. keepsall lineswith obsenations)unlesstold otherwise(see
Section5). Thenext stepis to determinevhateachcolumnis, or ratherthe otherway
around,Xposetries to definethe Xposedata variables This procesds describedn
detailin the next section.Whenthe Xposedatavariablesaredefinedthe dataframeis
giventhe S-PLUSclassattribute xpose andis savedto disk.

2.5 Xposedatavariables

When Xposemalkesa plot of, say WRES/s PREDiIt takesthe columnin the current
databasedefinedto be the wresvariableandplots that againstthe columndefinedto
be the pred-variable. The wres andthe pred-variablesare examplesof Xposedata

4Thisis amajordifferencefrom Xposel.1werethetablefiles werereadeachtime aplot or analysesvas
selectedrom the Xposemenus

5Thefirst occurancef a duplicatedcolumnis kept, which meanghatif the extra file containsa column
with the samenameasary of the columnsin thetablefiles, thatcolumnwill be deletedregardlesf if the
actualnumbersin the columnsarethe same.With the tablefiles this is not a problemsincein NONMEM
two differentvariablescannot have the samename.



variables All plotsandanalyseswvailablein Xposearedefinedin termsof xposedata
variables. Sinceit is possibleto redefinethesevariablesin Xposeit meansthatit is
quite easyto changethe datathatis plotted, e.g. concentrateon one parameteat a
time, evenif we putall parameters the patab °.

The default Xposedatavariableassignments donewhenthe tablefiles areread(see
previous Section)andis basedon the positionof the columnsin thetablefiles andthe
columnnamesasdescribedn Tablel.

2.5.1 Xposedata variableswithout default settings

Therearea few Xposedatavariablesthatdo not have a default setting. Thesearethe
definitionsof typical parametewvalues(tvpar), randomeffects (ranpar) and weights
(weigh).

As soonastherearecovariatesncludedin the mixed-efectsmodelthe typical values
of the parametersanbe differentfrom oneindividual to another To assesghe appro-

priatenes®f the interindividual error model (the  model) one canplot the random
effects(i.e. ns) vsthe correspondingypical parametevalueg4]. To beableto dothat

in Xposeit is necessaryo definethe typical parametewvaluesandthe corresponding
randomeffects.

If the weightvariableis definedit will be usedin the GAM andthe bootstrapof the
GAM analysessprior weights(seeSectionsl0.5.5and11.5).

2.6 Usingonly onetable file for all data items

The reasorfor the ratherstrict organizationof the tablefiles is thatit helpsXposeto
decidewhich columnis what. As indicatedpreviously it is not necessaryo usethe
recommendediablefiles nor the recommendedablefile ordersinceit is possibleto
(re)defineall the Xposedatavariableswithin Xpose. This is a greateasefor NON-
MEM IV userswhich no longerneedgo usemultiple SPROBLEMtatementso make
NONMEM producemorethanonetablefile in a singlerun. It is recommendedhat
eitherthesdtab , themutab orthemytab is usedif only onetablefile is produced.
SeealsoSection5.

3 Starting and quitting Xpose

StartS-PLUSIn the directorywhereyou have the NONMEM tablefiles (seesection
2.1andtheinstallationinstructions).At the S-PLUSprompttypexpose2() . Xpose
will startanda graphicswindow will be opened. Type the numberof the run to be
processedf therealreadyis an Xposedatabasepresenthatmatcheghe runnumber
Xposewill askif youwantto useit or recreatéhe Xposedatabasefrom thetablefiles.

6This is oneof the major changesn Xposebetweenversion2.0and1.1. In 1.1 we would have to look
atplotsof all parameterslefinedin the patab andthe only way availableto changevhatwasplottedwasto
re-arrangéhetablefiles

10



Table1: Descriptionof the default XposedatavariableassignmentsThe variablesappeatin
theorderthey aredefinedwhenXposecreatesa database.

Xposedata variable | Xposeusage Default definition®
id Usedto identify 1. A columnwith thenamelD
individuals 2. Thefirst columnin thefirst
existing file in inputfile ordeP
idlab Usedto labeldata Sameastheid-variable
individuals
dv Usein plotswith 1. A columnwith thenameDV
with thedependent 2. Thefourth columnfrom theend
variable in thefirst existingfile in input
file ordeP
res Not usedin the 1. A columnwith thenameRES
default set-upof 2. Thesecondcolumnfrom theend
plots in thefirst existingfile in input
file ordeP
wres Usedin plotswith 1. A columnwith thenameWRES
weightedresiduals 2. Thelastcolumnin thefirst
existing file in inputfile ordeP
pred Usedin plotswith 1. A columnwith thenamePRED
populationpredictions 2. Thethird columnfrom theend
in thefirst existingfile in input
file ordeP
idv Usedin plotswith the 1. A columnwith thenameTIME
independentariable 2. Theseconccolumnin sdtab
3. Thethird columnin mutab
ipred Usedin plotswith the 1. A columnwith thenamelPRE
individual predictions 2. Thethird columnin sdtab
3. Thefourth columnin mutab
iwres Usedin plotswith the 1. A columnwith thenamelWRE
individual weighted 2. Thefourthcolumnin sdtab or
residuals fifth columnin mutab
flag Usedto make plots of The secondcolumnin mutab
subset®f thedat&
curflag Indicatesthelevel of theflag | Notdefined
to beprocessed
occ Not usedin the Not defined
thedefaultset-up
of plots
prametes Usedin plotsand Columnstwo from the beginning
analyse®f parameters to thefifth fromthe
endin patab
covariates Usedin plotsand Columnstwo from the beginning
analyse®f covariates to thefifth fromthe
endin cotab and
catab ¢
miss Usedto indicate Defaultsetto -99

missingdat&

a Alternative arenumberedn theorderthey aretried

bTheinputfile orderis sdtab ,mutablfatab , catab , cotab , mytab andextra

¢SeeSectionl5

dCovariatesoundin catab will becodedasfactorsin S-PLUS

¢ SeeSection6.5.1
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Figure1: The Xposeroad map. Eachbox, exceptthe Quit option, is a menu. The
numberof optionsin eachmenuis indicatedby the numberin parenthesis.

To quit Xposeselectoption 8 from the MAIN MENUSeeSectiond). Xposeasksif

you justwantto quit Xposeor to quit both XposeandS-PLUS.

4 Moving around in Xpose

The userinterfaceis a systemof text basedmenuswith up to 4 levelsand167 menu

option(Figurel).

Below is the MAIN MENU

MAIN MENU

Documentation
Manage databases
Data checkout

Parameters
Covariate model
Model comparison
Quit

NSO RWONE

Goodness of fit plots

12




Selection:

Typing a numberat the Selection: promptselectghe correspondingption from
themenu.Someoptionsleadsto nev menuswhile othersleadto a plot or ananalysis.
In all menusexceptthe MAIN MENUoptionnumberoneleadsto the menuabove in
thesystemof menus.

5 Redefiningand creatingvariables

It is possibleto redefineXposedatavariablesaswell asto createnew dataitemswithin
anXposesessionThisis donefrom the MANAGEDATABASESMENUYoption2 from
theMAIN MENUY,

DATABASEMANAGEMENMENU

Return to the main menu

Change run number/database

List items in current database

View the documentation for the current data base
Change id variable

Change independent variable

Change dependent variable

Change pred variable

Change ipred variable

10: Change wres variable

11: Change iwres variable

12: Change variable to label data points with
13: Change flag variable

14: Change current value of the flag variable
15: Change occasion variable

16: Change missing data variable

17: Change parameter scope

18: Change covariate scope

19: Change typical parameter  scope

20: Map random effects to typical parameters
21: Change name of a variable

22: Change weight variable

CcoNoORrONE

23: Copy variable definitions from another data base
24: Create/modify items in the current data base
25: Turn color printing on

26: Keep all lines when reading table files

Selection:

Option 2 will promptthe userfor a new run numberto processsimilar to the initial
guestionwhenXposeis started.

Option3 will list theitemsin the currentdatabasejncludingthe Xposedatavariable
definitions:

The current run number is 4 .
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The data base contains the following items:
ID TIME IPRE IWRE DV PRED RES WRESVID CL V KA Q VSS ETAl
ETA2 ETA3 ETA4 ETAS5 VIST SEX SMOKCIGS AGE HT WT CMPL CRCL

The following variables are defined:

Id variable: ID

Label variable: ID
Independent  variable: TIME
Dependent variable: DV

Parameters: CL
Covariates: SEX WT CRCL AGE
(Continuous: WT CRCL AGE)

(Categorical: SEX)
Missing value label: -99
Wres variable: WRES
lwres variable: IWRE
Res variable: RES

Ipred variable: IPRE

This optiontells usthe currentrun number(4 in this case) whatitemswe have in the
currentdatabaseandwhich of the Xposedatavariableshataredefined.

Option4 displaysthedocumentationif any, for thecurrentdatabase.
Options5-20canbeusedto redefinethe default settingsfor the xposedatavariables.

Option21lis usedto changerariablenamesi.e. thedefaultnamein plotswill bethethe
newly definednameinsteadof thefour letternameobtainedrom the NONMEM table
file. Unfortunatelythereare somelimitationsin Xpose(or S-PLUSrather)regarding
thenameghatcanbegivento avariable. Thenameshouldnotcontainspace$or other
“strange”character$ik e parenthesed\otethatthis doesonly applywhenrenaminga
variablein thisway. In the specificatiorof axislabelsandplot titles it worksperfectly
fine with any ASCII string(seeSection13).

With option22it is possibleto defineprior weightsusedin the GAM andthebootstrap
of the GAM analysegseeSectionsl0.5.5and11.5).

If only onetablefile is usedit is usually necessaryo manuallychangesomeof the
Xposedatavariabledefinitions. Having to do so for eachrun caneasilybecomete-
dious. With option 23 it is possibleto copy variabledefinitionsfrom one Xposedata
baseto another

Option24 leadsto the CREATE/MODIFY DATA ITEMS MENUSeeSection5.1.)

Option 25 will togglethe usageof color whenprinting andexporting plots (seeSec-
tion 13).

Option 26 affectstheway Xposereadgablefiles. By default, Xposewill not puttable
file lineswith WRESqual0 into the currentdatabase.Thereare, however, instances
whenthis behaior is not desiredandby selectingthis option beforereadinga setof
tablefiles, Xposewill keepall tablefile lines.

"Spaceslo actuallywork in someplots. If youwantto have spacesn your variablenamesjusttry it, it
mightwork!

14



5.1 Creatingand/or modifying data items

CREATE/MODIFY DATA ITEMS MENU

1. Return to the previous menu

2: Add a Time After Dose item to the current data base

3: Add averaged covariates to the current data base

4: Add exponentiated values of an item to the current data base
5: Add the logarithm of an item to the current data base

6: Add absolute values of an item to the current data base

7. Change covariates categorical <-> continuous
8: Copy data item from another data base
Selection:

This menu,which canbe reachedrom the MANAGEDATABASESMENUcontains
optionsthatcreater modifiesdataitemsin the currentdatabase.

Option 2 createsa time after dosedataitem (the Xposedatavariableis tad). This
is usefulif we aredealingwith a long and/orvariabledosinghistory, i.e. whenthe
timesof theobsenationsarerelative to thefirst doseratherthanthetime sincethelast
dose.Selectingthis optionwill createa new item in the currentdatabasecalled TAD
Redefiningheidv variableto TADwill make the plotsusingtheindependentariable,
e.g.thebasicgoodnessf fit plots,usetime afterdoseinsteadof thetime sincethefirst
dose. This optionwill try to readeitherof sdtab , mutab or mytab in thatorder
The columnin the readtablefile that matcheghe nameof the independentariable
in the currentdatabasewill be usedfor the calculations.If no suchcolumnis found,
Xposewill usethe secondcolumnfor thesdtab andmytab or thethird columnfor
themutab .

Option 3 will add columnswith within individual averagesof continuouscovariates
thatvarieswithin oneor moreindividuals. These‘new” covariateswill getthe name
of the original covariatewith an mappendede.g. the within individual averageof
serumcreatinindevels(SECR will be SECRm

Option4 will adda columnwith the exponentiatedraluesof a userspecifieditemin
the currentdatabase. The nameof the new columnwill be the nameof the original
columnprependedby exp , e.g.expPRED.

Option5 will adda columnwith thelogarithmof a userspecifieditem in the current
database. The nameof the new columnwill be the nameof the original column
prependedy log , e.g. logDV . This optionwill not work if therearevaluesin the
columnthatarelessthanor equalto zero

Option 6 will adda columnwith the absolutevaluesof a userspecifieditem in the
currentdatabase . Thenameof thenew columnwill bethe nameof theoriginalcolumn
surroundedy verticalbars,e.g.|ETAL]| .

With option 7 it is possiblechangecontinuouscovariatesinto categorical covariates
andvice versa.

With option 8 it is possibleto copy a dataitem from anotherxposedatabaseto the
currentdatabase. The new columnwill be calledthe sameas the variable copied
appendedy the run numberof the databaseit was copiedfrom, e.g. CL1 (the CL
columnof the databasefor runnumberl).

15



6 Plotting conventions

This sectiondescribessomedetailsaboutthe way that Xposedraws plots andalsoa
descriptionof themoreunusuablot types.

6.1 Plotting symbolsand individual curves

Many of theplotsin Xposedonotusetheregulartypeof plottingsymbolsjike [0 or I,
but rathera numberwhich by defaultis theID number(Figure2). Thisis to facilitate
theidentificationof individualsandto male it possibleto follow individualsbetween
plots. The dataitem usedasthe plotting symbolcanbe specifiedn the databasenan-
agemenmenu.lt is, for example perfectlypossibleto specifythevariableSEXasthe
variableto label datapointswith, makingit directly visible if, e.g. malesin general
have largerWREShanfemales.It is alsopossibleto turntheusageof ID numbersoff
(SeeSection14.)

In someplots, individual datapointsare connectedvith a line (Figure2) to make it

easielto spottrendsin, e.g. goodnessf fit plots. To decidewhich pointsthatbelongs
to a certainindividual, Xposeusesthe Xposedatavariableid. Thisis default setto the
ID, but canberedefinedn the databasenanagementnenuto be somethingelse. The
dataitem to be usedasplotting symbolandthe dataitem identifying individualscan
be specifiedseparatelyseeSectionl4).

6.2 Smoothes

Oneway to make it easierto discernunderlyingpatternsin a plot with mary data
pointsis to add a smoothnon-parametricurve. The ideawith sucha curwe is that
it shouldsmoothlyfollow the generaltrendin the datawithout making assumptions
aboutthe functionalform of the possiblerelationshipbetweenthe variablesplotted.
Suchsmoothesare frequentlyusedin the plotsin Xpose(Figure2). The curvesare
obtainedusingtheloess()  functionin S-PLUSloess usedocally weightedinear
or quadraticregressionin overlappingintervals of the data[5]. Theloess curesin
Xposeusealocally linearmodelandaninterval spanof 2/3 of the datarange.

6.3 Visual referencegrids
In someplotsthereis a visual refeencegrid (Figure 3). Theseare not intendedfor

readingoff individual datavaluesbut ratherfor makingthe comparisorwith another
plot or paneleasier

6.4 Trellis Graphics

Trellis GraphicsMis a new graphicslibrary in S-PLUS.It hasbeendevelopedby
William S. Clevelandandcoworkersandis describedn thebookVisualizingData [6].
ThetheorybehindTrellis Graphic$M is basecbn modernresearcton exploratorydata
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WRES vs Predictions
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Figure2: A plot of WRES vs predictions. The pointsare labeledwith the ID num-
berandeachindividualspointsare connectedy a dashedine (alsobasedon the ID
number).Addedto theplot is a smoothcurve to enhancery underlyingpattern.

analysisandvisual perception[7, 8]. Xposedoesnot utilize the full power of Trel-
lis GraphicSM . To do soit would be necessaryith a far moreflexible graphical
userinterfacethanthetext basednenusystenthatis currentlyimplementedn Xpose.
NeverthelessTrellis GraphicsM offersalot of advantagegandimplementatiordraw-
backs!) overthe core S-PLUSgraphicsandwill bethe default graphicsmethodology
in S-PLUSfrom version4 andonward.

6.4.1 Multi-panel conditioning

Oneof the big advantagesf Trellis GraphicsM is the easewith which plots of one
variablevs anothergiven a third canbe dravn. This is in the core S-PLUSgraph-
ics calleda coplotbut is in the Trellis Graphic$M terminologycalled a multi-panel
conditioningplot [9]. The ideabehindthis type of plot is to extendthe regular two
dimensionatliagramgo threeor moredimensiongmorethanthreedimensionss pos-
sible by specifyingmorethanonegivenvariable however, Xposeusesonly onegiven
variable)andthus be ableto visualizerelationshipghat would otherwisebe hardto
see.

Figure4 is anexampleof a multi-panelconditioningplot of CL vs HCTZ(a categori-
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Observed and predicted concentrations vs Time

2 a 6 8 10 12

Observations vs Time Individual vs Time

150

n

8

100 z -
1

995 e

»‘M BEY -0 3

Concentration

50

e cu R s

Figure3: A plot of theobsenedandpredictecconcentrationgstime. Theobsenations
andpredictionsareplottedvs time in separatganelsusingthe samescaleson the x-
andy-axesrespectiely. A visualreferencerid hasbeenaddedo facilitatecomparison
of theplotsin thetwo panels.

cal covariateindicatingwhetherthe patientwasalsotreatedwith hydrochlorothiazide)
given SEX (the givenvariable). In this casethe conditioningis basedon thelevelsin
thevariableSEX(1 or 2). It is alsopossibleto conditionon intervalsof a continuous
covariate(Figure5). Thetop panel,calledthe given panel,shavs the intervals. The
x-axis of the given panelgivestherangeof the givenvariableandthe horizontalbars
shavstheintervals. The multi-panelplot at the bottomis the actualplot, dividedup in
theintervals. Thelowestbarin the givenplot correspondso the lower left panel,the
secondowestbar correspondso the lower right panelandso on from bottomleft to
topright.

In Xpose,the givenintervalsareconstructecgothatthereareapproximatelythe same
numberof pointsin eachpanel,with approximatelyhalf of the pointsin commonbe-
tweenthe intenals. The latteris to have a smoothtransitionbetweenthe panelsso
that, e.g. a smooththroughthe datain eachpanelcanbe followed from lower left to
top right. Xposewill determinethe numberof intervalsfrom thetotal numberof data
points. With fewerthan50 datapointstherewill betwo intervals,with betweerb0-75
datapointstherewill bethreeintenals,with betweenr5-100therewill be4 intervals
andwith morethan100pointstherewill besix intervals.

6.4.2 Boxand whiskers plots

The plot in Figure4 is a box andwhiskersplot (in the core S-PLUSgraphicscalled
aboxplot). Theseplotsarein Trellis GraphicsM plottedhorizontallyratherthanver-
tically. The solid dotsin the middle of the boxes are the medians,which measures
the center or location,of the distributions. The lengthof the box, which is the inter-
guartilerange(i.e. the middle 50% of the dataareenclosedn the box), is a measure

18



CL vs HCTZ given SEX

SEX: 2

HCTZ

SEX: 1
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Figure 4: A multi-panelconditioning plot of the relationshipbetweenCL and hy-
drochlorothiazidédHCTZ ) usagegivenSEX . Seetext for furtherdetails.

of the spreadof thedistribution. If theinter-quartilerangeis smallthe middle dataare
tightly paclked aroundthe median.If theinter-quartilerangeis large, the middle data
spreadout far from the median.Therelative distanceof the upperandlower quartiles
from the mediangivesinformationaboutthe shapeof the distribution. Unequaldis-
tancesindicatesthat the distribution is skewed. The whiskers encodethe upperand
lower adjacentvalues. The upperadjacentvalueis the largestobsenationthatis less
thanor equalto theupperquartiletimes1.5. Theloweradjacentaluefollow thesame,
but opposite calculations Outsidevalues which areobsenationsbeyondthe adjacent
values,aregraphedndividually. The adjacentandoutsidevaluesprovide summaries
of thespreadandshapeat thetails of the distribution.

Thegroupsin eachof the panelsof Figure4 areorderedsothatthe HZTCgroupwith
thelowestgrandmedian(i.e. regardles®of thedivisionin malesandfemales)s plotted
first, thatis lowest,in eachpanel.Thisis calledmaineffectsorderingandis partof the
Trellis GraphicsM philosophy[6]. It alsomalesit easierto seesubgroupdeviations
from the generakrend. This orderingis usedin almostall box andwhiskersplotsin
Xposewith the notableexceptionof the GAM plots (seeSection10).
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CL vs AGE given WT
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Figure5: A multi-panelconditioningplot of CL vs AGE givenintervalsof WT . See
text for furtherdetails.

6.5 What datais plotted?

In the proces®f readingtheinputtablefiles andtheextrafiles (seeSection2.4) Xpose
discardsthe lines in the table files with a WRESentry equalto zero. This is to get
rid of thelines correspondingo dosingevents,which do not containary information
aboutthefit. Theremainingdata,henceforttreferredto asall data,correspondso the
obsenationeventsin the NONMEM datafile.

In mary plotswe areinterestedn all data,for exampleplotsincludingWRESIn plots
and analyseof the parameterson the otherhand,we are usually only interestedn
onedatapoint perindividual. In Xpose,this datapointis takenfrom thefirst line in
eachindividual. For example,if we wantto plot CL vs CRCL(creatinineclearance),
Xposewill plot the CL and CRCLvalueson the first line of eachindividual, regard-
lessof whetherthe CRCLchangewithin theindividual. This behaior is fine aslong
asthe covariatesdo not changewithin the individuals. If thereare smallwithin indi-
vidual changesn the covariatesor if the changeis of no interestto the analysis,we
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canlet Xposecalculatewithin individual averagesof the continuouscovariates(see
Section2.4) andthenusethe averagedcovariatesnsteadof the correspondingeal co-

variateswhenmakingthe plots. An alternatve straty is to constructa new variable
that changevalueevery time the within individual varying covariatechange(this can
presentlynot be donewithin Xpose).Making the plot with the Xposedatavariableid

setto this new variablewill displayall covariatevalues.

Thereare other meansto influencethe way Xposeselectsthe datato be plotted or
analyzed.In the GAM we cantell Xposeto useall datainsteadof the first dataline
for eachindividual (seeSectionl0). It is alsopossibleto make plotsandanalyse®na
subgroupof the data(seeSectionl5).

6.5.1 Handling of missingdata

If the Xposedatavariablemissis set(the default valueis -99 but canbe changedn

thedatabasenanagemennenu),Xposewill treatthevalueof this variableasmissing
data. The way this works in practicedependson the plot or analysisrequested.In

plots of onedataitem vs anotheyfor examplea parameters a covariate,individuals
with a valueof eitherthe covariateor the parameteequalto the missvariable will be
excludedfrom theplot. In plotsor analyseshathandlesblocksof data,e.g.the GAM

or multi panelconditioningplots, individualswill be excludedthat have at leastone
dataentry equalto the missvariable. For examplein the GAM, if anindividual have
a missingvalueof, say CRCIL, thatindividual will be excludedcompletelyfrom the
GAM analysis.

7 Documentingruns

A new featurein Xpose2.0is the possibilityto documentunsin otherwaysthanin
theform of plots. Rundocumentatiortanin Xpose2.0be donein two ways. First, a
singlerun canbe documentedisinga run summary Seconda seriesof runscanbe
summarizedn arun recod. Thesedocumentatiorfieaturescanbe reachedrom the
DOCUMENTATIOMENUWnNthe MAIN MENU

DOCUMENTATIOMENU

1: Return to previous menu
2: Change run number

3: Summarize run

4: Construct a run record
Selection:

7.1 Therun summary

Therun summaryis a onepagesummaryof a run consistingof goodnes®f fit plots,
NONMEM terminationmessagegqarameteestimatesnd,optionally, the modelfile.
An examplerun summaryis displayedin Figure6®. The run summaryis intendedas

8Thecodein thefigureworksonly for NONMEM V
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away to documentuns. It is, however, nota substitutefor the NONMEM outputfile,
which containdoadsof other useful,information.

At the top of the run summaryarefour basicgoodnes®f fit plots. Below the plots,
in the left column, are the terminationmessagesrom NONMEM, followed by the
value of the objective function. Next follows a table with parametetestimates.in
the caseof the 4, the estimatesare reportedasthey comein the NONMEM output
file. Thevarianceestimategw? ando?) arecorvertedto standarceviationsandthe
covarianceg(off-diagonalw?s and o2s) are corvertedto correlations. The standard
errorestimate@rereportedasthe coeficient of variations(CVs) of thecorresponding
parameteestimatesi.e. the standarderror divided by the parameteestimate For the
w?sando?sthe CV refersto the varianceestimateandnot to the standarceviation.
Xposecanhandlea maximumof 40 4s and30w?sando?s.

Below thetablewith parameteestimatess the modelfile, possiblycontinuingin the
right column.Theinclusionof themodelfile is optional(seebelown). Therunsummary
is only onepagelong soif themodelfile is longerthanwhatwill fit in theleft andright
columniit will betruncated.

A run summarycan be requestedvith option 3 on the DOCUMENTATIOMENU
Whentheuserselectghisoption,Xposefirstaskstheuserif heor shewantsto sendthe
outputdirectly to the printef (this is differentfrom all otheroptionswhereoptionto
printtheplot is availablefirst afterthe plot hasbeenshovn on screenseeSectionl3).
Whenthe userhasspecifiedwherethe run summaryis to be sent,Xposepromptsfor
the nameof the modelfile. Pressingeturnwill acceptthe default modelfile name?®
andtyping 0 meanghatno modelfile shouldbe includedin the run summary If the
default file nameis not right the userhasto type the correctfile namefollowed by
return. The next questionis aboutthe nameof the outputfile name. Pressingeturn
acceptghe default outputfile namé?! andtyping 0 will returnto the MAIN MENUIf
thedefaultfile nameis notright the userhasto typethe correctfile namefollowedby
return.An exampleof how arun summarycanberequesteds givenbelow:

DOCUMENTATIOMENU

1: Return to previous menu
2: Change run number

3: Summarize run

4: Construct a run record

Selection: 3
Do you want to send the summary output to the printer y(n)?

Type the name of the model file  (0=skip model file,return=run4.mod)
run4.mod

Type the name of the output file  (O=exit,return=run4.lst)

run4.|st

9Therun summaryoutputis optimizedfor printingandwill consequentiyotlook very goodonscreen
10Thedefault modelfile nameis constructedrom thecombinatiorof run , therun numberand.mod , for
examplerunl.mod .
11The default outputfile nameis constructedrom the combinationof run , the run numberand.lst , for
examplerunl.ist .
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Summary of run 3

PRED DV IPRE DV | IWRE | vs IPRE WRES vs TIME

© 15

80 100

20 40 60

0

0o 50 100 150 0 20 40 60 80 120 2 4 6 8 10 12

MINIMIZATION SUCCESSFUL
NO. OF FUNCTION EVALUATIONS USED: 223
NO. OF SIG. DIGITS IN FINAL EST.: 3.1

Objective: 2186.855

TH1 20.7 om2:2 043
TH2 85.1 om33 1.2
TH3 1.75 si 017
TH4 0.916

oMLl 037

$PROB Simulated data distributed with Xpose 2

i As run2 but with the covariance step and NM V tables

$INPUT ID AMT TIME DV SS Il SEX AGE RACE HT SMOK CON1 CON2 CON3 WT SECR DOSE
$DATA datal.dta IGNORE=#
$SUBROUTINE ADVAN2 TRANS2
$PK
sxcL=1
IF(SEX.EQ.2) SXCL = THETA(4)
TVCL = THETA(1)*SXCL
TW = THETA(2)
TVKA = THETA(3)
CL =TVCL *EXP(ETA(1))
V=TV *EXP(ETA(2)
KA = TVKA*EXP(ETA®3))
s2=v
$THETA (0,20) (0,87) (0,2) (0,0.5)
$OMEGA 0.12 0.14
$OMEGA 1.8

IF(F.LE.0) DEL = 1
IPRED = F
IRES =DV -F
W =F+DEL
IWRES = IRES/W
Y =IPRED + W*EPS(1)
$SIGMA 0.23
$EST NOABORT POSTHOC
; Table statement for NONMEM IV. The data variables has to be defined
+ within Xpose.
:$TABLE ID TIME IPRED IWRES CL V KA AGE HT WT SECR SEX RACE SMOK
;  CONI1CON2CON3
;  NOPRINT ONEHEADER FILE=mytab3
; Table statements for NONMEM V
S$TABLE ID TIME IPRED IWRES
NOPRINT ONEHEADER FILE=sdtab3
$TABLE ID CLV KA ETAL ETA2 ETA3
NOPRINT ONEHEADER FILE=patab3
$TABLE ID AGE HT WT SECR
NOPRINT ONEHEADER FILE=cotab3
S$TABLE ID SEX RACE SMOK CON1 CON2 CON3
NOPRINT ONEHEADER FILE=catab3

Figure6: An exampleof arun summary
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7.2 Therun record

A runrecordis basicallyatablewith summaryinformationaboutmary runs.It canbe
thoughtof asanindex to therunrecords.TheinformationthatXposeincludesin arun
recordis the run number usersuppliedcommentsNONMEM terminationmessages
andobjective functionvalues.

Therun numbergo be processedresuppliedby the user Only continuousangesof
run numbersarepermitted(seebelow).

The usersuppliedcommentsaretaken from the modelfiles. The commentcharacter
in NM-TRAN modelfiles is the semi-colon(; ). Usersuppliedcommentdor therun

recordshouldbe precededvith two semi-colong;; —). In otherwords,all text after

two semi-colonspresentin the modelfile will be extractedandincludedin the run

record.Below is anexample:

$PROBLEMExample of user supplied comments

;v This line  will be extracted into the run record.
i As will  this.
This line will  not be included.
$INPUT ...
$DATA

It is usuallyagoodideato includethecommentgust belov the $SPROBLEMtatement.

Theterminationmessageandobjective functionvaluesaretakenfrom theNONMEM
outputfiles.

The run recordis not displayedon screen. Instead,it is either sentdirectly to the
printer or to afile suitablefor insertioninto a word processar The latter optionis to
male it possiblefor the userto influencethe formattingof therun record,for example
with pagenumbers.Theitemsin therun recordfile aretab-separated,e. whenthe
run recordfile hasbeenimportedinto the word processothe userhasto selectthe
importedtext andusea corverttext to tableoption (presenin for exampleMicrosoft
Word). Furthermore,separatdineswith in oneentryin therunrecord,e.g. theuser
suppliedcommentsn theexampleabove or the NONMEM terminationmessagesre
separatethy two hashcharacter¢##). This meanghatthe procesof importingarun
recordfile into aword processocanbe summarizedn thefollowing four steps:

. Constructherunrecordfile (seebelow)
. Importthetableinto aword processor

. Corverttheimportedfile to atable

. Replaceall ## entriesin thetableto manualline feedsor equivalent.

a r W N B

. Formatthetable

Below is anexamplesession:
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DOCUMENTATIOMENU

Return to previous menu

Change run number

Summarize run

Construct a run record

Selection: 4

Please type the range of run numbers to create a run record for
Range starts at run number (1):1

Range ends at run number:3

Do you want to export the documentation to a file?

n(y)n

8 Checkinga data set

In the Data checlout menu (option 3 on the Main menu)thereis an option called
Check a data set 2 With this optionit is possibleto plot the ID numbervs the
valuesof eachcolumnin anNM-TRAN datafile to find ary grosserrors.

Theformatof thedatafile hassomerestrictions.Thefirst columnof thedatafile will be
plottedvs thevaluesin the othercolumns.Hence to plot the ID vstheothercolumns
it is necessaryo have the D -numberin thefirst column.Whenthedatafile is readby
S-PLUSIt will regarddatesandcolonseparated@lock timesascharactedata,which
cannotbeplotted.To avoid the errorthesecolumnswould giveriseto if Xposetriesto
plot them,it is necessaryo give themthe nameXXXX i.e. whenXposehave readthe
datafile it avoidsall columnswith thisname.A similarproblemwill ariseif NULLs in
the NM-TRAN datafile arecodedby adot(. ). SinceNULLs arelegitimatein some
of thecolumnsof greatesinterest(e.g. AMTandDV) they arebetterreplacedoy zeros.

When the wuser selects the Check a data set option from the
DATA CHECKOUTMENUhe or sheis first promptedfor the nameof the datafile.
This should,obviously, be the nameof an existing NM-TRAN datafile, followed by
return. Xposethen promptsfor the line numberat which the column headersarée'®.
Thedefaultis 2, whichis thesameasa NONMEM tablefile would have. It is however
perfectlyfine to specifyanotheline number makingit possibleto keepcommentse-
garding,e.g. the contentsof the datafile, at thetop of thefile. Below is anexample
session:

DATACHECKOUMENU

Check a data set
DV vs the independent variable

1: Return to the main menu

2. Numerically summarize the covariates

3: Histograms of the covariates

4: Histograms of the covariates given categorical covariates
5: Scatterplot matrix ~ of covariates

6:

7

12A similar optionwasavailablein Xposeversioni.1. In the naw versionof Xposetheseplotsaremuch
faster unfortunatelywith thelossof some but notvery informative, information.

B3Thisis new comparedo Xposel.1. It is nolongernecessarto follow the NONMEM tablefile corven-
tion with thecolumnheader®n thesecondine.
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Selection: 6

Please type the name of the data file you want to check
data4

Please type the line number of the line in the data file
containing the column headers (2):4

The contentsof the datafile is plottedusingdot plots,onefor eachcolumn(Figure7).
Onthey-axisaretheID numbersandonthex-axisarethe AGEvalues.Eachentryfor
eachvalueof ID will getonedotonthecorrespondindine.

Data set checkout plot

D

30 40 50 60 70

AGE

Figure7: A dotplot of ID vsAGE .

9 Comparing models

To discriminatebetweenrival modelsis an importantaspectof model building. In
NONMEM it is possibleto usethe differencein the objectie function valueto dis-
criminatebetweerhierarchical or nestedmodels.In Xposeit is possibleto visualize
the differenceshetweentwo modelfits. Option 7 in the MAIN MENUeadsto the
MODELCOMPARISONVENU

MODELCOMPARISONVIENU

1. Return to previous menu
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2. Basic model comparisons

3. Additional model comparisons
4: Delta PRED/IPRED/WRES/IWRESvs covariates
Selection:

Theplotsin thismenuplots,for example WRE3$rom thecurrentdatabasevstheWRES
from another referencedatabase. Whenone of the plot optionsis selectedXpose
promptsthe userfor a referencerun number Similarly to changingthe run number
in the DATABASEMANAGEMENWMENUXposechecksif thereis an existing xpose
databasematchingtherun number If thereis, theusergetsthe optionto usethe data
baseor to recreatdt from thetablefiles. If no matchingdatabaseis foundthe useris
asledif heor shewantsto createt from thetablefiles. Notethatthe samedatahasto
beusedin thetwo runsto make the comparisormeaningful.

10 The GAM

Directinclusionof covariaterelationshipsn the modelis oneof theimportantbene-
fits with populationanalysisover individual specificanalysis.ldentifying the relevant
covariatescan, however, be a time consumingtask. To speecthis up, Mandemaand
coworkers[10, 11] suggestethe useof a stepwisegeneralizeddditve modelingpro-
cedurg(GAM™#).

The GAM canberunin Xposeby selectingthe COVARIATE MODELMENUN the
MAIN MENUoption6) andthenthe GAM MENUoption4):

GAMMENU

1. Return to previous menu

2: Run a GAM

3: Summarize GAMfit

4: Plot GAMresults

5. Akaike plot

6: Studentized residuals for GAMfit
7: Individual influence on GAMfit
8: Individual influence on GAMterms
9: Settings for the GAM

Selection:

TheGAM in Xpose2.0offer agreatdealof flexibility 1> anda numberf GAM specific
plotsthatarenotdirectly availablein S-PLUS.

14We usetheterm GAM to referto the stepwisegeneralizeddditive modelingproceduren contrasto a
generalizeddditve model,whichis just singlemodelwithout ary variableselection.

L5Therearea lot of differencesbetweerthe way the GAM is implementedn Xposel.1andXpose2.0,
someareuservisible while others,perhapghe major part of the differencesarenot. It is still possibleto
runthe GAM in the sameway; thatis, usingthe sameoptions,asin Xposel.1,andthe GAM results given
acertaindataset,shouldbeidentical.
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10.1 Overview of the GAM

This sectioncontainsa brief descriptionof how the GAM worksin S-PLUS.It is in-
tendedto give enoughbackgroundor the following sectionsthat describeshow the
GAM canbeusedin Xpose.For amoreformal descriptiorof this featurein S-PLUS,
pleasaeferto the S-PLUSmManualg5] or to thebook Statisticalmodeldn Sby Cham-
bersandHastie[12]. For a technicaldescriptionof generalizedadditve modelsin
generalthebookby HastieandTibshirani[13] is agoodstart.

The GAM canbe usedto find a subsef the availableexplanatoryvariables(i.e. the

covariates)thataremostusefulin explainingthe variability in the dependentariable
(e.g. CL). Thisis doneby trying combinationof modelsof the explanatoryvariables
in astepwisgashion.The modeldiscriminationis madeby comparisorof the Akaike

informationcriteria (AIC). The orderin which the modelsaretried is definedby the

modelscope For eachexplanatoryvariable,a hierarchyof possiblemodelsis defined,
for example:notincluded,alinearmodelanda non-lineamodel. Theinitial modelis

usuallya combinationof the first modelsin the scopebut canbe ary combinationof

the modelsdefinedin the scope.In eachstep,for eachcovariate,the modelsup and
down in the hierarchyaretried andthe modelthatdecreasethe AIC statisticthe most
areretainedo thenext step.The searchs terminatedvhenno modelcandecreas¢he

AIC ary further.

10.2 Running the GAM

To runthe GAM in Xposewe needto have a currentdatabasein which we have co-
variatesandatleastoneparametedefined. Thedefaultscopefor eachcovariate js not
included,alinearregressiormodelanda naturalcubic splinewith oneinternalbreak-
point (e.g. ns(AGE,df=2) ). For categorical covariatesthe third modelis omitted.
Whenimplementinga covariatemodelin NONMEM it is usuallyagoodideato center
the covariatesto the middle of the data(this malkesit easierto getreliable estimates
of theinterceptin alinearmodel).In Xpose,continuouscovariatesareby defaultcen-
teredaroundthe mediancovariatevalue. Selectingoption 2 in the GAM Menu starts
the GAM analysis.

Xposesavesthe GAM objectscreatedby the GAM analysis. This makesit possible
to go backandlook at the resultsof a GAM run at alatertime. Theseobjects,Xpose
gamobjectsaregivennamesvhichareacombinatiorof gam.xpose. ,theparameter
name and the run number for example
gam.xpose.CL.1 . If the GAM is requestedor a run numberand parametevith
an alreadyexisting Xposegamobiject,the userhasto confirmthathe or shewantsto
deletetheold object.

10.3 Displaying the resultsof a GAM run

Theresultsof a GAM run canbedisplayedeithernumericallyor graphically
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Example GAM results
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Figure8: Plotof GAM results.Eachpanelshavs therelationshipbetweera covariate
andCL . Datapointsarelabeledby thelD number

10.3.1 Numerical summary of a GAM fit

Selectingoption3 onthe GAM MENUproduces numericalsummaryof anXposegam
objectin the currentS-PLUSworking directory This summaryconsistsof the output
from the S-PLUSfunctiongam.summary plus informationaboutthe Xpose GAM

settingsused(seeSection10.5)to producethe Xposegamobject.

10.3.2 Displaying the GAM resultsgraphically

It is alsopossibleto view the GAM resultsgraphically Option4 onthe GAM MENU
will produceplotsof thefinal GAM model(Figure8). Individualdatapointsarelabeled
with theid variableanda smoothis dravn in theplotswith continuouscovariates.The
fitted valuesof relationshipswith cateyorical covariatesareindicatedby a solid black
dotandaverticalblueline.

10.4 Obtaining diagnosticsfor a GAM run

Usingstepwisgroceduressuchasthe GAM, is notwithoutcriticism (e.g.G.E.PBox,
Technometric$8) 1966625-629)andevenif the GAM hasprovento be usefulfor the
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Akaike plot
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SEX + HT + nS(AGE, df = 2)

SEX + HT + AGE + WT

SEX + ns(HT, df = 2) + AGE + WT

S(HT, df = 2) + AGE

SEX + ns(HT, df = 2)

SEX + HT + AGE

Model

SEX + ns(HT, df = 2) + NS(AGE, df = 2)

SEX + HT + AGE + SMOK

SEX + ns(HT, df = 2) + HCTZ

SEX + HT + AGE + HCTZ

SEX + ns(HT, df = 2) + NS(AGE

SEX + nS(HT. df = 2) + NS(AGE, df = 2) + SMOK + HGTZ  -+-----

SEX + ns(HT, df = 2) + NS(AGE, df = 2) + HCTZ

Akaike value

Figure9: Akaike plot of a GAM run. On the y-axis arethe mostimportantmodels
testedby the GAM andonthe x-axisarethe correspondind\IC values.

identificationof importantcovariatespneshouldbe carefulin theinterpretatiorof the
results. Oneof the thingsthat caninfluencethe GAM resultsare outlying individual

datapoints. Thesecanboth hide andcreatecovariaterelationshipg14]. Xposehasa
numberof optionsto checkthe final modelfor unduly influentialindividuals. These
optionsusesquite involved calculationsof approximatecase-deletiomiagnosticgor

thefinal GAM model[15]. A detaileddescriptiorof theway theseareimplementedn

Xposeis givenin JonssorandKarlsson[14] andin the Appendix(to bewritten).

For options6, 7 and8 it is necessaryo useparametricsmoothersi.e. ns, bs andthe
hockey stickmodel$® (seeSection10.6).

10.4.1 The Akaik e plot

Option5 onthe GAM menuwill producea dot plot of the 30 mostimportantmodels
tried in the stepwisesearctor thefinal model(Figure9). Onthey-axisarethemodels
(using S-PLUSsyntax)andon the x-axis arethe correspondinghIC value. With this
plotit is possibleto evaluatehow muchbetterthefinal modelis comparedo the other
models.It canbeviewedasa measuraf theuncertaintyin thefinal GAM model.

18Using the parametriamodelswill male the generalizechdditve modelsto generalizedinear models,
andthecalculationgnvolvedin option6, 7 and8, only holdsfor generalizedinearmodels.
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Studentized residuals for a GAM run

D

-2 -1 o 1 2

Studentized residual

Figure10: Studentizedesidualfor a GAM run. Onthey-axisarethe D numberand
onthex-axisaretheresidualsThelD numbersareorderedaccordingo thesizeof the
residuals.

10.4.2 Studentizedresidualsfor a GAM fit

Option 6 on the GAM Menuwill producea dot plot of the studentizedesidualsfor

eachindividual. A studentizedpr jacknifed,residualsjs theresidualbetweenanin-

dividual datapoint (parameterpndthe predictionfrom a fit with that particulardata
pointomitted. Theseresidualsarenormalizedsothatthevarianceshouldbe 1 andthe
meanzero,makingthemsuitablefor the detectionof influential points.

An exampleof this plot is givenin Figure 10. On the x-axis are the valuesof the
studentizedesidualsandonthey-axisarethe|ID numbersasgivenby theid-variable.
ThelD numbersareorderedaccordingo the sizeof theresidual.

10.4.3 Individual influenceon the GAM fit

Option 7 will producea plot (Figure11) of the Cooksdistancevs leverage[14, 15].
Cooksdistancds a measuref theinfluencea certaindatapointhas,i.e. how muchthe
fit will changeif thatdatapoint is omittedfrom the analysis.A high valueindicates
a high influence. The leverageis a measureof how a datapoint influencesthe cer
tainty with which thefit is obtained.A high valueindicatesa higherleverage.A high
leveragedatapoint neednotbeinfluentialandvice versa.A pointwith a high valueof
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Individual influence on a GAM fit
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Figurell: Cooksdistancevsleveragegor a GAM fit. Datapointsarelabeledby thelD
number

Cooksdistanceandleverageis very importantto thefit andoftenaffectsthe covariate
selection14]. This propertyalsoseemo “travel” into the NONMEM model,i.e. if an
individual point hasa high leverageandinfluencein the GAM he or shewill alsobe
importantfor the covariatemodelin NONMEM [14].

10.4.4 Individual influenceon the GAM terms
Option8 will produceplots of the Cooksdistancefor eachcovariatetermin the final

GAM model. This plot canbe usedto identify which of the covariatetermsthatare
affectedby theindividualsdetectedvith option7.

10.5 Changingthe default behavior of the GAM
Option9 leadsto the GAMSETTINGS MENU

GAMSETTINGS MENU

1. Return to previous menu
2: List current  settings
3: Estimate dispersion factor  (on/off)
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4. Stepwise search for covariates (on/off)
5. Use all lines (on/off)

6: Use weights (on/off)

7: Exclude individuals

8. Specify starting model

9: Normalize to median (on/off)

10: Set model scope

Theoptionsin this menucanbe usedto changeheway the GAM analysishehaes.

10.5.1 List current GAM settings

Option 2 will list the current GAM settings. Thesesettingswill be effectual until
changedn the GAMSETTINGS MENUWor until S-PLUSIs quit. The settingswith
which a certain Xpose GAM object was obtained can be listed using the
SUMMARIZEA GAMRUNoptionin the GAM MENUseeSection10.3).

10.5.2 Estimation of the dispersionfactor

This optionis a toggle,e.qg. if the settingis not to estimatethe dispersiorfactor(the
default) andthe optionis selectedrom the menu,the GAM will estimatet, andvice
versa.

The dispersionfactoris usedin the definition of the AIC andis equalto the “cost”,

dividedby 2, perdegreeof freedomincurredby addingor droppinga term from the
GAM model. If this optionis not set, the dispersionfactoris takento be the scaled
Pearsorchi-squaredtatisticfor thestartingmodel’ (seeSection10.5.7).If theoption
is set,the dispersiorfactoris estimatedaccordingto the following scheme:For each
covariate,the modelswithout covariate,a linear function of the covariateand non-
linearfunctionof the covariate(a naturalcubicsplinewith oneinternalbreakpointare
comparedThedispersiorfactoris takenfrom the gamfit of themodelresultingfrom

thecombinationof the significantmodelsaccordingo this univariateanalysis.

10.5.3 Stepwisesearch for covariates

Option4 will turnthe stepwisesearchon or of (atoggle). The stepwisesearchis on
by default. Whenit is off, the GAM will fit themodelspecifiedby the startingmodel.
This canbe usefulwhena covariatemodelhave beenimplementedn NONMEM and
theuserwantsto obtainapproximateasedeletionstatisticsor thatparticularcovariate
model.Option8 (Specifystartingmodel)canbeusedto specifythe modelto befit.

10.5.4 Useall lines

Option5 will togglethe useof only oneline perindividual on or off. If the settingis
off, all linesin the Xposedatabasewill beused.

17In Xposel.1thedispersiorparametewasnot estimated.
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10.5.5 Useweights

Option6 will turntheuseof prior weightsonor off. If thesettingis on, Xposewill use
the Xposedatavariableweight(seeSection2.5) asprior weightsin the GAM analysis.

10.5.6 Excludeindividuals fromthe GAM analysis

If acertainindividualis identifiedashaving alargeinfluenceandleverageon thefinal
GAM model, it is interestingto know whetherthe exclusion of the individual will
changethe covariateselectionby the GAM. Option 7 canbe usedto excludeoneor
moreindividualsfrom the GAM analysis.Selectingheoptionwill prompttheuserfor
thelD numbersof theindividualsto be excluded. TheID number(sYo specifyis the
numberappearingn theplotsof the GAM results.

10.5.7 Specifyinga starting modelfor the GAM

Thestartingmodelfor theGAM is themodelfrom whichthestepwisesearchs started.
It is alsousedto definethe dispersionfactorusedin the search. Selectingoption 8

will promptthe userfor the individual modeltermsthat makesup the startingmodel.
Thesetermsshouldbe the termsusedby S-PLUSto specifythe startingmodel. For

example,if we wantto usea linear relationshipwith AGEanda non-linearrelation-
shipwith HT asthe startingmodel,the correspondingommandn S-PLUSwould be
gam(CL"AGE+ns(HT,df=2)) (assumingve wantedthe naturalcubic splinewith

oneinternalbreakpoint asthe non-linearmodel). The termsthat shouldbe givento

Xposewhenspecifyingthis modelareconsequenth AGEandns(HT,df=2)

This optioncanalsobe usedto specifythe modelto fit if the stepwisesearchs turned
off (seeSection10.5.3).

10.5.8 Normalize the covariatesto the median

Option9 will turnthe normalizationof continuouscovariatesto the medianon or off.
Median normalizationis the default, i.e. the parameteestimatesof the final GAM
model (seeSection10.3) canbe usedasinitial estimatesn the NONMEM model.
Note that the mediannormalizationis doneafter individualswith missingcovariate
valuesareomitted(seeSection6.5.1).

10.6 Settingthe modelscopefor the GAM

For a continuouscovariate,the default modelscopein the GAM is: notincluded,a
linearmodelandanaturalcubicsplinewith oneinternalbreakpoint®. For acategorical
covariate thethird, non-linear modelis omitted.

Option 11 leadsto yet anothermenuin which the usercan alter the default model
scope.

18In Xposel.1thisis theonly availablemodelscope
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Model 1 Model 2 Model 3 Model 4

5 Not used in
1 > AGE > nS(AGE,df=2) | > | ihe default scope

Figure12: Pictureof the default scopefor a continuouscovariate

GAMSCOPEMENU

1: Return to previous menu

2: Set maximum number of models

3. Default smoothers and their arguments
4: Limit model scope for specific covariates
5. Change models for specific covariates

6. Show current GAMscope

7. Use default scope

Selection:

10.6.1 The GAM scopeand its default settingsin Xpose

The scopefor a given covariateis a hierarchyof modelsthatthe GAM will test. It

is hierarchicin the sensehatthe GAM will neverlook beyond one stepup or down

from the currentmodel,i.e. for the default scope,which is depictedin Figure 12,

the GAM will never try the non-linearmodel(Model 3) unlessit first findsthe linear
model(Model 2). Thescopeshavn in Figure12 is the default scopefor a continuous
covariate. For a categyorical covariateit is not possibleto fit a non-linearmodel. A 1,

asin Model 1 in Figure12, is usedto denotethatthe covariateis notincludedin the
GAM model,thenameof thecovariate, AGEin Figure12, denotea linearrelationship
andns(AGE,df=2) denotes naturalcubicsplinewith oneinternalbreakpoint.The
latteris anexampleof the non-lineamrmodelsthatcanbe definedin the GAM scope.

In Xposeit is possibleto alterthe scopein oneor moreways:increasingor decreasing
the numberof levelsin the model hierarchy changethe default smoother(i.e. ns),
excludeoneor moreof the covariatesfrom oneor morelevelsin the modelhierarchy
andchangehemodelusedfor a specificcovariatein a specificlevel of the hierarchy

Notethatchanginghe modelscopecanalterthefinal GAM modelsubstantiallyandit
is consequentlyossibleto “find” the covariatemodelonewishesto find. An example
of therationalfor giving theusertheincreasedlexibility is asfollows: Assumehatwe
have a non-linearrelationshipbetweena parameteanda covariateandthatthe (sub-
stantial)curvatureis off center(seeSection10.6.2),i.e. the parametricsmoothersvill
have problemsdetectingt. Ignoringthisfact,i.e. beingcontentwith alinearrelation-
ship,is likely leadto structuresn the unexplainedvariability thatmight induceothet,
false,relationshipsor, andworse mighthidetruerelationshipsin this caseit is desir
ableto be ableto specifyanothey moreflexible, non-linearfunctionthat captureghe
non-linearitywithout beingboundto the breakpointf the parametricsmoothers A
similar, but opposite situationmight occurif we have outlyingindividualsthatinduces
anon-linearrelationshipavenif thetruerelationshigs clearlylinear
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10.6.2 Smoothersin the GAM scope

Theideawith generalizecdditive modelscomparedo generalizedinearmodelsis to
be ableto usenon-parametrismootherse.g. splinefunctionsthat usethe obsened
datafor its definition. The default smootheror non-linearrelationship,in the GAM
asimplementedn Xpose,is a naturalcubic splinewith oneinternalbreakpoint,i.e.
a parametricsmoother Consequentlythe way thatthe GAM in Xposeis definedby
default makesit a generalizedinearmodel(parametrismootherss a requisiteof the
approximatecase-deletiodiagnosticavailable,seeSection10.4).

Therearebasicallyfive differentsmoothershatcanbespecified.Two arenon-parametric,
i.e. lo ands, andthreeareparametriqat leastin the sensethatit is possibleto pro-
ducethe GAM diagnosticsf they areused),i.e. ns, bs andthe hodkey stidk models
(seeSection10.6.6). The last smoothercan only be specifiedusing one of the op-
tionsin the GAM SCOPEMENUandwill be describedogethemwith thatoption (see
Sectionl10.6.6). The othersmootherareregular S-PLUSsmootherandthe S-PLUS
manualgivesfurtherdetails.

Theparametrismootherhiave to havethebreakpointspecifiedj.e. wherethecenters
of the cunatureare. The default value of thesebreakpointsare the median(for one
breakpointlandthe quartiles(for morethanonebreakpoint).If the curvatureis much
off centerit might be a goodideato try one of the non-parametricsmoothersr to

specifyotherbreakpoints

10.6.3 Settingthe maximum number of modelsin the scope

Thedefaultnumberof modelsfor a continuouscovariateis 3. It is possibleto decrease
this to 2 or to increaseit to 4. Whenthe maximumnumberof modelsis changed,
the default scopeis also changed. Reducingthe numberof modelsto 2 omits the
non-linearmodel(Figure12),increasinghenumberof modelsto 4 addsa seconchon-
linearmodel(a naturalcubic splinewith two internalbreakpointsj.e. a moreflexible
modelthanonebreakpointspline). Changingthe maximumnumberof modelsdoes
not affectthe scopeof the catgyoricalcovariates.

10.6.4 Changingthe default smoothersand their arguments

It is possibleto changethe default smootherdor eachhierarchidevel of the scopefor
the continuouscovariates Xposewill askthe userfor asmootheto usefor eachlevel
in scope.Thefollowing Xposeoutputchangeshedefaultsmootheffor thethird model
fromns tos:

GAM SCOPEMENU

Return to previous menu

Set maximum number of models

Default smoothers and their  arguments
Limit model scope for specific covariates
Change models for specific covariates
Show current  GAMscope

Use default  scope

NogkhwbhR
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Selection: 3

Type the name of the smoother you want to use for the *first*
covariate model in the GAMmMmodel scope (g=exit,d=default,
0=no covariate effect,1=linear model):

Type the name of the smoother you want to use for the *second*
covariate model in the GAMmMmodel scope (g=exit,d=default,
0=no covariate effect,1=linear model):

Type the name of the smoother you want to use for the *third*
covariate model in the GAMmMmodel scope (g=exit,d=default,
0=no covariate effect,1=linear model):s

Type any *argument* to the smoother for the third covariate model
in the GAMmodel scope (multiple argument should be comma
separated, g to exit, d =default):

(Notethattheword smootherefersto any modelof: notincluded linearaswell asthe
actualsmoothers.)

For eachmodelthe usercanspecifythe default (d), no covariateeffect (0), a linear
model(1) andthe nameof thesmoothere.g.s). If asmootheiis specifiedhe useris
alsopromptedfor the argumentgo the smoother For the s in the abore examplethe
defaultagumentwasaccepteddf=4 ) but couldhave beensetto, for example,df=3 .

10.6.5 Limit the scopefor specificcovariates

With option4 it is possibleto limit the scope or in otherwords,excludea continuous
covariatefrom a specificscopeevel. For example,if we have two continuouscovari-
atesAGEandWTandwe wantto skip the linear modelfor AGEin the default scope,
the Xposesessiommightlook somethindik e this:

GAMSCOPEMENU

1: Return to previous menu

2: Set maximum number of models

3: Global smoothers and their arguments

4: Limit model scope for specific covariates
5. Change models for specific covariates

6: Show current GAMscope

N

: Use default  scope

Selection: 4

The following continuous  covariates are defined in the
current  data base

AGE WT

Type the names of the covariates you want to exclude

from the first model in the model scope and finish with an empty
line:

1:
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Type the names of the covariates you want to exclude

from the second model in the model scope and finish with an empty
line:

1. AGE

2:

Type the names of the covariates you want to exclude

from the third model in the model scope and finish with an empty
line:

1

For eachlevel in the modelscopethe useris asled for the name(s)f the covariate(s)

thatis to be omitted. Answeringwith a return(andno covariatename)will leave the
scopeunafectedfor all covariates.

10.6.6 Changemodelsfor specificcovariates

With option5 it is possibleto specifythe scopemodelsfor individual continuousco-
variates Below is anexamplesessiorfor thecovariateAGEandWT

GAMSCOPEMENU

1. Return to previous menu

2: Set maximum number of models

3. Global smoothers and their arguments

4: Limit model scope for specific covariates
5. Change models for specific covariates

6. Show current GAMscope

N

: Use default  scope

Selection: 5

The following continuous  covariates are defined in the
current  data base

AGE WT

Type the name of the covariate you want to specify a special
model scope for (q to quit): AGE

Type the name of the *smoother* you want to use in the first model
of the model scope (q to exit, d=default, 0= exclude
and 1= linear model, R=hockey stick right, L= hockey stick left):

Type the name of the *smoother* you want to use for the second

model in the model scope (q to exit,d=default,

O=exclude,1=linear model, R=hockey stick right, L= hockey stick left):
Type the name of the *smoother* you want to use for the third

model in the model scope (q to exit,d=default,

O=exclude,1=linear model, R=hockey stick right, L= hockey stick left):R
(New covariate)

Type the name of the covariate you want to specify a special
model scope for (q to quit): q
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Thefirst the userhasto dois to type the nameof thefirst covariateto specifymodels
for, in theabove caseAGE Xposethenstepshroughthelevelsof themodelscopeand
promptsthe userfor a model. The optionsarethe default (d), exclude (0), a linear
model(1), hockey stickright or left (RandL respectiely) or the nameof a smoother
In thelattercasetheuserwill bepromptedor any argumentssimilarto option3 onthe
GAM SCOPEMENUseeSection10.6.4).Thehockey stickright andleft modelsfits a
slopeto theleft or right handsideof the mediancovariatevalue,leaving thefit onthe
oppositesidehorizontalat the “intercept”in the middle of thedata. Thesemodelsare
fairly inexpensie non-linearalternatvesto the normalsmootherandcansometimes
capturenon-linearitieghatwould otherwisenot be detected.

When Xposehas steppeahroughthe scopelevels for the first covariatethe useris
promptedfor a new covariatename.Theanswershouldbe eitherthe nameof the next
covariateor g if nomorecovariatespecificadjustment®f the scopeis needed.

10.6.7 Viewingthe current GAM scope

Option6 printsthe currentGAM scopewith, if any, adjustmentsnadeby theuser

10.6.8 Re-settingthe scope

Option7 resetghe scopeto thedefault.

11 The bootstrap of the GAM

11.1 Overview the Bootstrap of the GAM

The bootstrapis a proven statisticalmethodology which relies more on brute com-
putationalpower ratherthanclever analyticalsolutions. A goodstartingpoint to the
bootstragditeratureis Introductionto the Bootstap by Efron andTibshirani[16].

Thebootstrapof the GAM canbe usedto assessheimportanceof the covariatesand
to obtainsimilar diagnosticanformationto thatavailableto the GAM, the difference
beingthattheinformationis obtainedfor all covariatesnot only for the “significant”

ones. In addition, the bootstrapof the GAM can also give information abouthow

covariatesnteractwith respecto inclusion/exclusionfrom the covariatemodel.

In the bootstrapof the GAM, the GAM is run a large numberof timeson bootstrap
realizationsof the original dataset. (Theterm datasetwill in this sectionbe usedto
referto thedatasetof individual parametewvaluesandcovariatesusuallyoneentry; or
line, perindividual.) The bootstrappediatasetsareconstructedy randomlysample
with replacementrom the original datasetandthe GAM is thenrun on eachof them.
Thebasicresultsfrom a bootstrapof the GAM runis obtainedsimply by countingthe
numberof timeseachof the covariatesare selectedregardlessof functionalform of
therelationship,aswell ashow mary timesthe continuouscovariatesare selectedas
anon-linearfunctiont®. This “numberof times” arepresentedsrelative frequencies,

19%posel.1did notdifferentiatebetweerlinearandnon-lineamodels.
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i.e. thenumberof timesa certaincovariateor covariatemodelwasselectedlivided by
thenumberof bootstrappedatasets.

Thebootstrapof the GAM, asit is implementedn Xpose,hasbeendescribedy Jon-
ssonandKarlsson[14] andsimilar usesof the bootstraphave beendescribedy Mick
andRatain[17], SaubereandSchumachef18] andEtte[19].

To usethebootstrapf the GAM selectoption6 in the MAIN MENUandthenoption5
from the COVARIATE MODELMENU This  will lead to the
BOOTSTRAPOF THE GAMMENU

BOOTSTRARPOF THE GAMMENU

1. Return to the previous menu

2: Run the bootstrap of the GAM

3: Summarize a bootstrap of the GAMrun
4: Plot menu

5. Settings for the bootstrap of the GAM
Selection:

11.2 Running the bootstrap of the GAM

It is necessaryo have covariatesandat leastoneparametedefinedin the currentdata
baseto runthebootstrapof the GAM.

Optiontwo will runthebootstrapof the GAM. Xposesavesthebootstrapf the GAM
runin Xposebootganobjects They arenamediy acombinatiorof bootgam.xpose.
the parametenameandthe run number e.g. bootgam.xpose.CL.1 . If thereal-
readyis an Xposebootgamobjectin the currentdirectorythat matcheghe parameter
nameandrun numbertheuserhasto confirmthathe or shewantsto overwriteit.

Oneof theimportantquestionsn the bootstrapf the GAM is the numberof bootstrap
iterationsto male, i.e. the numberof bootstrappediatasetsto use. In Xpose2.0

therearebasicallythreedifferentstratgyies. Thefirst is to usea fixed, userspecified,
numberof iterationg®. Theothertwo stratgiesusesalgorithmsto determinevhenthe

inclusionfrequencie®f the covariatesarestable,i.e. Xposedetermineshe numberof

iterationsneededSectionl1.5describeshesealgorithmsin moredetailandalsogives
informationabouthow to adjusttheir behaior.

11.3 Summarizing a bootstrap of the GAM run

Bootstrapof the GAM runscanbeviewedboth numericallyandgraphically Option3
ontheBOOTSTRAPOF THE GAMMENUWvill producea numericalsummaryof the
run:

Convergence algorithm: Fluctuation ratio
Convergence criteria: 1.0368 (target= 1.04 )
Number of iterations: 150

20In Xposel.1theuserawayshadto specifythe numberof iterationsto use.
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Initial dispersion not estimated.
No start model specified.

Median normalization on.

Seed number: 286

Model size:
Min. 1st Qu. Median Mean 3rd Qu. Max.
1 3 3 3.18 4 5

Prob Nonlin  FrNonlin

HT 0.747 0.44 0.589

AGE 0.613  0.247 0.402
HCTZ 0.6 0 0
SEX 0493 O 0
SMOKO0.42 0 0

WT0.307 0.12 0.391

Thefirst half or soof the outputcontaingnformationaboutthe settingsusedin therun
andthe secondhalf containsresults.Firstis descriptve statisticson the sizeof all the
final GAM models.Below thatcomesatablewith threecolumnscontainingtherelative
inclusionfrequencie®f the covariatesandthe non-linearcovariatemodels,followed
by the latter divided by the former, i.e. a measureof how importantthe non-linear
relationshipvascomparedo thetotal numberof timesthe covariatewasfound.

11.4 Plotting the results

Theresultsfrom abootstrapof the GAM runcanalsobeviewedgraphically Selecting
opton 4 on the BOOTSTRAPOF THE GAMMENU leads to the
PLOT MENUFOR THE BOOTSTRAPOF THE GAM

PLOT MENUFOR THE BOOTSTRAPOF THE GAM

1. Return to previous menu

2: Inclusion frequencies

3: Most common covariate combinations

4: Distribution of model size

5: Inclusion stability - covariates

6: Inclusion stability - non-linear

7. Inclusion index of covariates

8: Inclusion index of non-linear models
9: Inclusion index of covariates/individuals
10: Inclusion index of non-linear models/individuals
Selection:

11.4.1 Plotting the inclusion frequencies

Option2 will producea plot of therelative inclusionfrequencie®f the covariatesand
thenon-linearcovariaterelationshipgFigure13).

Therelative inclusionfrequencieplottedin the top panelin Figure 13 wereobtained
by countingthe numberof timeseachcovariatewasselectedby the GAM regardless
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Relative inclusion frequencies of covariates

HT

AGE |

HCTZ |

SEX |

SMOK ‘

0.0 0.2 0.4 0.6 0.8 1.0

Inclusion frequency

Relative inclusion frequencies of non-linear models

HT

]

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Inclusion frequency

Figure 13: Barplot of the relative inclusionfrequenciesf the covariates(top panel)
andthenon-linearcovariatemodels(lower panel).

of thefunctionalform of the covariaterelationship Therelative inclusionfrequencies
plottedin thelowerpanelwereobtainedoy countingthenumberof timeseachcovariate
wasincludedin the GAM modelasanon-linearelationship.

11.4.2 Plotting the mostcommoncovariate combinations

Option3 will plot the mostcommonone,two, threeandfour covariatecombinations
in the GAM model(Figurel14).

The frequenciedor thesecombinationsare obtainedby countinghow mary timesa
certaincombinationof covariatesare found in the sameGAM model. The top left
panelin Figurel4is thesameasthetop panelin Figure13 andthe otherpanelsshavs
thefour mostcommoncombination®f two, threeandfour covariatesespectiely.

11.4.3 The distrib ution of modelsizes

Anotherpieceof informationwe cangetfrom abootstrapf the GAM runarethesizes,
i.e. thenumberof covariates of thefinal GAM modelsfor the bootstrappedatasets.
Option4 will displaythis distribution (Figurel5).

Theideahereis to learnsomethingaboutthetypical numberof covariatesnecessaryo
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Most common covariate combinations

Covariate inclusion frequency Most common two covariate
combinations

i i i i : : :
T HT+AGE |

HT+HCTZ

| AGE+HCTZ

| i i
P HT+SMOK
wT é
0.0 02 0.4 0.6 08 1.0 00 02 04 06 08 10
Frequency Frequency
Most common three covariate Most common four
combinations covariate combinations
HTAGEHCTZ | sex - ]
sExonGEMHGTZ o S ]
AGE+HCTZ+WT SEX+HT+AGE+HCTZ ]
HT+AGE+SMOK HT+AGE+SMOK-+WT ]
00 02 04 06 08 1.0 0.0 0.4 0.8
Frequency Frequency

Figure14: Themostcommonone,two, threeandfour covariatecombinations.

explainthevariability in the parameter

11.4.4 The stability of the inclusion frequencies

Oneof theimportantquestionsvhenrunningthe bootstrapof the GAM is thenumber
of bootstrappediatasetto use(how to setthe numberof datasetsto useis described
in Section11.5). To assessvhetherthe numberof datasetsusedin a particularrunis
enoughto malke the inclusionprobabilitiesstable,option5 and6 canbe used.Option
5 will plot the relative inclusion frequenciesvs the bootstrapiterations(Figure 16)
andoption 6 will make thethe sameplot for the inclusionfrequeng of the non-linear
covariatemodels.In theseplotsthe panelsareorderedfrom lower left to thetop right
accordingo thetotalinclusionfrequeng of eachcovariate.

11.4.5 Inclusion index of covariates

Oneinterestingpossibility with the bootstrapof the GAM is to investigatethe inclu-
sion/exclusioninteractionsbetweerthecovariatesj.e. will theinclusionof onecovari-
atein the GAM modelleadto theinclusionor exclusionof anothercovariate. Option
7 producesa plot of theinclusionindex of covariateqFigure17).

Theinclusionindex is givenEq. 1.
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Final model size distribution

60 — —

50 — —

30 — —

Percent of Total

20 — —

T T T T T
1 2 3 4 5

Number of covariates in model

Figurel5: Thedistribution of the sizesof thefinal GAM models.

observed frequency — expected frequency

index =
expected frequency

@)

wherethe expectedfrequencyis the productof the relative inclusion frequencieof
thetwo covariatesn questionandthe observedrequencys the obseredrelative fre-
gueng of thesetwo covariatesappearingn the final GAM modelstogether Thein-
clusionindex will have avaluegreateithanoneif thecombinatiorof thetwo covariate
aremorecommonthanexpectedandvice versa.

In Figurel7 eachpanelrefersto onecovariate.Theinclusionindicesof thatcovariate
togetherwith the othercovariatesareindicatedby +-es. The panelsareorderedfrom
bottomleft to top right accordingto thetotal inclusionfrequeng for eachcovariateas
arethecovariatesonthey-axes.

Option 8 will producea similar plot for the inclusionindex of non-linearcovariate
modelsandthe covariateqFigure18).

11.4.6 Inclusion index of covariates and individuals
Similar to the inclusionindex of covariateswe can calculatethe inclusionindex for

covariates/non-lineatovariatemodelsandindividuals. The calculationof theindex is
donein the sameway asfor the covariateindex (Eq. 1). Option9 will produceplotsof
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Stability of the relative inclusion frequencies

o 20 40 60 80 100 120 140

L _ 1 L L L L I I I I
AGE HT

1.0

0.8

0.6

0.4

0.2

0.0

SEX HCTZ

1.0

0.8

0.6

0.4

Frequency of inclusion

0.2

0.0

WT SMOK

1.0

0.8

0.6

0.4

0.2

0.0 +

o 20 40 60 80 100 120 140

Number of bootstrap iterations

Figure 16: Stability of relative inclusionfrequencies Eachpanelshavs theinclusion
frequeng vs thenumberof iterationsfor the covariateindicatedin thestrip aboveit.

theinclusionindex of individualsandcovariates.

In analogywith the otherinclusionindiceswe can also plot the inclusionindex of
individualsandnon-linearcovariatemodels.

11.5 Settingsfor the bootstrap of the GAM

Therearea numberof waysthat the usercaninfluencethe way the bootstrapof the
GAM behaes.Thisis donein theBOOTSTRAPOF THE GAMSETTINGS MENU
whichcanbereachedy selectingoption5ontheBOOTSTRAPOF THE GAMMENU

BOOTSTRARPOF THE GAMSETTINGS MENU

Return to previous menu

List current  settings

Estimate dispersion factor  (on/off)

Specify  starting model

Exclude individuals

Normalize to median (on/off)

Set maximum number of bootstrap iterations

Change convergence algorithm

Specify iteration to start check convergence at
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Inclusion index of covariates

-0.2 0.0 0.2 0.4
I I I I I

SEX HCTZ

WT SMOK

-0.2 0.0 0.2 0.4

Index

Figurel7: Theinclusionindex (seetext) of covariates Eachpanelreferto onecovari-
ateasindicatedin thestrip aboveit. The dashecorizontalline indicatesthe expected
frequeny

10: Specify at what interval to check the convergence
11: Set seed number

12: Use weights

Selection:

Option 2 is usedto list the currentsettings.Options3-7 and 13 are equivalentto the
samesettinggn theGAMSETTINGS MENUseeSectionl10.5)while options8-12are
specificto thebootstrappf the GAM. Thesettingsarein effectuntil S-PLUSIs quit.

11.5.1 Specifyingthe maximum number of iterations
Option8 setsthe maximumnumberof bootstragterationto the valuespecifiedby the

user Thedefaultis 150. Notethatthis is not the sameasspecifyinga fixed numberof
iterations,seeSection11.5.3.

11.5.2 Selectingthe convergencealgorithm

Option 9 is usedto changecorvergencealgorithmand corvergencecriteria. These
algorithmsareusedby Xposeto determinewhenthe numberof iterationsareenough
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Inclusion index of non-linear models

WT AGE HT

0.6 0.2 02 04 06 0.2 0.0 0.2 02 00 01 02 03

Index Index Index

Figure18: A plot of theinclusionindex of individualsandnon-linearmodels.Onthe
y-axis arethe ID numbersand on the x-axis is the index. Eachpanelrefersto one
continuousovariate.

to satisfythe cornvergencecriteria. Thelatterdepend®n thealgorithmused.

The default algorithmin Xposeis the fluctuationratio. This algorithmterminateshe
bootstrapof the GAM whenthe fluctuationsin the relative inclusion probabilitiesof
the covariatesis lower thancertainvalue. The fluctuationof the inclusionfrequeny
for a specificcovariateis determinecdbver a certaininterval (the defaultis thelast20
iterations,seeSection11.5.4)and the measureof fluctuation, F', is the ratio of the
highestandlowestinclusionfrequeng in thatinterval. The overallfluctuation,F;,; is
obtainedby Eq. 2:

Z?:l E ° Pz
2?21 P;

F; isthefluctuationof therelativeinclusionfrequeng in theinterval of theith covariate
andP; is therelative inclusionfrequeng of theith covariateattheendof theinterval.

Fyoy = )
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The value of F;,;, which will be 1 if thereareno fluctuations,are comparedo the
critical value,by default 1.04.

The fluctuationratio will put moreweightto the covariateswith a high inclusionfre-
gueng, whichis desirabldaf weareonly interestedn theoverall stability of thecovari-
ates.If we areinterestedn theinfluencethatindividualsand/orothercovariatesexerts,
it is necessaryo make surethatalsothe covariateswith low inclusionfrequenciesre
foundby the GAM enoughtimes. Thisis to make surethattheinclusionindices(e.g.
Eq.1) donotrely ononly afew occurrencesf the covariatein thefinal GAM model.
The secondterminationalgorithm, lowestabsolutejoint inclusionfrequency makes
surethattheindividual thathasbeenincluded(oneor moretimes)in the bootstrapped
datasetstheleastnumberof times,is includedat leasta certainnumberof times(z —
lowestabsolutgoint inclusionfrequeng) togetherwith a hypotheticalcovariatewith
a certain,hypothetical,inclusionfrequeny (w — lowestimportantrelative inclusion
frequeng). Let p bethelowestrelative inclusionfrequeng of all individualsata cer
tain iteration, j. (The relative inclusionfrequeng of an individual is the numberof
timesanindividual hasbeenincludedin ary of the bootstrappedatasetsdivided by
the numberof datasets.) The critical valuefor this algorithmis: w - p - 7, whichis
comparedo z. Thedefaultvaluesof z andw are25 and0.2respectiely.

Thecorvergenceof thelowestabsolutgoint inclusionalgorithmis only dependenbn
therandomnumberpermutatiorusedn aspecificbootstrapf the GAM problem.This
meanghat Xposecouldactuallycalculatethe numberof iterationsneededor corver
gence,However, the bootstrapof the GAM is not implementedhat way and Xpose
checksthe corvergenceat eachintenal asspecifiedby the cornvergencecheckingin-
tenal (seeSection11.5.4).

11.5.3 Specifyingan iteration to start checkingcorvergence

Option 10 is usedto specify the first interval at which the corvergenceshould be
checled. Thedefaultis 30. If theuserwishto setthe numberof bootstrafterationsto
a specificnumberit canbe doneby settingthefirst cornvergencecheckinginterval to
the sameasthe maximumnumberof bootstrapterations.

11.5.4 Specifyingthe interval betweencornvergencechecks

Option 11 is usedto specifythe interval betweencorvergencechecks(after the first
check).

11.5.5 Specifyinga seednumber

Theconstructiorof bootstrappedatasetsis arandomprocessand,consequentlyeach
bootstrapof the GAM runis unique.Option 12 canbe usedto specifya seednumber
for therandomnumbergeneratar The seednumberusedfor a bootstrapof the GAM
runis givenin thenumericasummaryof theresults(seeSectionl1.3),thisis trueeven
if the seednumberwasnot suppliedby the user To repeatarun exactly asa previous
run, it is necessaryo setthe seednumbero the sameastheoneusedin theold run
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12 Treebasedmodeling

Treebasednodelsareanothemethodto find covariatesto includein the NONMEM
model[20]. It hassofar not beenmuchusedin the areaof populationpharmacoki-
netic/pharmacodynaminalysis. It offers some,at leasttheoreticaladvantagever
the GAM in thatthefit is invariantto transformatiorof the explanatoryvariables(co-
variateslandautomaticallyincludesthe possibility of identifying interactionsbetween
covariates.For amoredetaileddescriptionof treebasednodels pleaseeferto Statis-
tical modeldn Shy ChambersandHastie[12] or Modernappliedstatisticswith S-plus
by VenablesandRipley [21].

Tofit atreemodelin Xposeit is necessaryo have covariatesandatleastoneparameter
definedin the currentdatabase. Selectoption 6 from the MAIN MENUollowed by
option6 in the COVARIATE MODELMENUThiswill leadto the TREE MENU

TREE MENU

1: Return to previous menu
2: Fit tree

3: Plot tree

4: Find optimal tree size
Selection:

12.1 Fitting atreemodel

To fit a treemodel, selectoption 2 from the TREE MENUIf thereis morethanone
parametedefinedin the currentdatabase Xposewill promptthe userfor aparameter
name.

12.2 Plotting atree

To plot the fitted tree selectoption 3 from the TREE MENU Xpose saves the fit-
ted treessoit is also possibleto specifyan old treefit. The Xposetree objectsare
namedwith a combinatiorof tree.xpose.  , theparameteandtherunnumbere.g.
tree.xpose.CL.1 . Theuserwill be promptedor thesizeof thetreeto be plotted
(seethe next section).Pressingeturnasthe answerto this promptwill produceatree
similarto Figure19.

12.3 Pruning trees

Thetreein Figure19is anunprunedree,i.e. it is aresultof growing the treeuntil it
is no longerpossibleto make ary moresplitsin theterminalbranchesa point which
is reachedvhentherearelessthan 10 pointsin eachof the terminalbranches.This
is likely to induceover fit andit is usuallynecessaryo prunethetree??, i.e. the user
hasto specifywhich sizeof thetreethatis relevant (hencethe promptwhenplottinga

21In Xposel.1it wasnot at all possibleto prunethe fitted treesmakingthe treemodulein thatversion
almostuseless.
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Example fit of a tree model

HT<}177.5
T

SEK:b SEK:b HT<4184 AGE£58.5

WT<77.905 HT<171.5 WT<p4.46
26.78

12.42 14.96
WT<g4.235 WT<g1.875 20.07 15.63

28.68 34.81
HT<]62.5
25.02 20.68
22.13

14.62 18.21 18.93 29.73

Figure 19: Plot of atreefit. The lengthof the vertical lines are proportionalto the
importanceof the split

fitted tree). Someguidanceto the importanceof a specificsplit is givenby the length
of the branchesn the tree plot but this can, however, not be usedasan indicator of
therelevantsizeof atree. Oneapproacho find therelevanttreesizeis to usea cross
validation procedure.First, the datasetis divided into x numberof groups,second,
X numberof treesaregrown, eachwith oneof thex groupsomittedfrom the growth
processandthird, thefitted treesareusedto predictthe groupof datanot usedto grow
thetree. Theimprovementin the fit (measuredby the deviance),at eachnodeof the
tree,is averagedverthex groupsandtheresultsareplotted. Thekey pointhereis that
theimprovementn fit will only continueup to a certainpointafterwhichthedeviance
will increasej.e. the plot of the averageddeviancevs tree size will often exhibit a
minimum at somepoint, which is the suggestedptimal tree size. This procedure
will not alwayswork but sinceit a randomprocesst is possibleto repeatit until a
satishctoryminimumis found. The last sentencémplies a degreeof subjectvity in
the determinationof the optimal tree size. To minimize this, Xposewill repeatthe
cross-alidationsix timesanddisplaytheresults.An exampleof cross-alidationplots
areshawvn in Figure20 andtheresultingprunedtree(size6) areshavn in Figure21.

Admittedly, this is not satishctory but is betterthan usingthe unprunedtrees. With
this implementatiorit seemsasif the the tree modelsare mostusefulfor exploratory
analysis.
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Example of tree size exploration

1600 360 110 100 80 53 -Inf 1600 360 110 100 80 53 -Inf

6000 6500
L
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5800 6000 6200 6400 6600 6800
5500
L

1600 360 110 100 80 53 1600 360 110 100 80 53 -Inf

deviance
deviance

5600 5800 6000 6200 6400 6600

5600 5800 6000 6200 6400 6600 6800

1600 360 110 100 80 53 1600 360 110 100 80 53 -Inf

6600
L

6400

deviance
deviance

6200
L

6000

5400 5600 5800 6000 6200 6400 6600
L

5800

Figure20: Resultsfrom exploring the optimaltreesizeusingcross-alidation.On the
y-axisis thedevianceandon thex-axisarethecorrespondingreesizes.

13 Printing and exporting graphics

Theplotsin Xposearealwaysdisplayedon screer? (exceptthe run summaryandrun
record).Whentheplot hasbeendrawn, the useris asledif he or shewantsto printthe
plot or exportto afile:

Do you want to print/export the graph? n(p=print,e=export)

Pressing or returnacceptghedefault—notto print or exporttheplot. Pressing will
sendtheplot to the printerandpressinge will exporttheplotto afile.

Whena plot is printed or exportedthe userhasthe possibility to customizethe plot
titte and/orthe axislabels(the latteris not availablewhentherearemultiple plots per
page).To omit the plot title completelytypen atthe prompt.

22In Xposel.1theuserhadselectif the plots shouldbe displayedon screeror sentto the printer before
makingtheplot.
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Example of a pruned tree

HT<177.5
1

AGEf£56.5 HCTZ:b

SEX:b HT<184
15.26 29.49

17.96 22.72

18.93 29.73

Figure21: Prunedreeof size6.

Do you want to print/export the graph? n(p=print,e=export)p
Type new title (return for default):

Final model

Type new x-axis title (return for default):

Time (h)

Type new y-axis title (return for default):

Weighted residuals

Whenprintingaplotit is sentto thesystemslefaultprinter. To changehatbehaior on
a UNIX system it is necessary to use a command similar to
ps.options(command="Ip -d my.printer") , pleasereferto the S-PLUS
manualdor furtherdetails.On a PCthe usercanspecifythe printerin the usualWin-
dows way.

Theformatof anexportedplot dependsntheplatform. OnUNIX machineshedefault
format is postscriptand the plot will endup in a file calledxp.ps in the current
directory On PCsthe plots are exportedto the clipboard  in windows metafile
format,i.e. whena plot hasbeenexportedit is necessaryo switchto anotheiwindows
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application.e.g. Microsoft Word, andpastethe plotin adocumentNote,onaPCit is
generallynot possibleto export multi-pageplots.

As perdefaultplotsareexportedandprintedin blackandwhite. To usecolor, goto the
DATABASEMANAGEMENMENUAndselectoption26. This optionwill togglecolor
printing andexportingon andoff.

If the userwishesto changethe behaior of the printing and/orexportationit canbe
donein the Xposefunctionsask.print andset.xp.print.dev

14 Altering the the way Xposedraws plots

Section2.5 describesow the Xposedatavariablescanbe re-defined.For somevari-
ablesit is alsopossibleto undefinethem. To undefinea variable,selectthe relevant
option on the MANAGEDATABASESMENUWandtype NULL at the prompt(notethe
capitalization).Only somedatavariablescansuccessfullypoe undefined:idlab, wres
iwres pred, ipred anddv.

Undefiningidlab will suppressheusageof ID numbersasplotting symbols.

Undefining either or both of pred and ipred will suppresghe plotting of the cor-
respondingcurve in the Individual plots optionin the GOODNES®F FIT

PLOTS MENUThisalsoworksin thePredictions vs dependent variable
optionin the samemenu.

Undefiningeitheror two of pred, ipredanddvwill suppresghecorrespondinglot(s)in
thePredictions vs independent variable intheSTRUCTURALMODEL
DIAGNOSTICS MENU

Undefiningeitherof iwres orwres will suppresshe correspondingplot in options
5and6 onthe RESIDUAL ERRORMODEIDIAGNOSTICS MENU

15 Making plots of a subsetof the data

Sometimedt is desirableto concentrat®n a subsebf the data,for examplethe phar
macodynamic data from a fit of a simultaneous pharmacokinetic/
pharmacodynamimodel. This canbe donein Xposeby specifyingtwo Xposedata
variables:flag andcurflag (currentvalueof flag). Theflag variablecanbe specifiedn
theDATABASEMANAGEMENMENLUr setto adefaultvalueby theuseof amutab
(seeSection2.1.4). Theflag variabledeterminesvhich dataitem to be usedto define
the subsetof the data. The flag variablecan,however be setwithout making Xpose
produceplots for a certainsubgroup®. To usea certainsubgroupt is alsonecessary
to specifythecurrentvalueof theflag variable. (Seebelow for exceptions.)Thisdone
with option14in the DATA BASE MANAGEMENMENU

Type the value to be used as the current flag value. Possible values
are: 2 1 (g to leave it as is, n to unspecify):

23Ysinga mutab in Xposel.1 madeit possibleto selectplotsfrom a certainmenuwith plots thatknew
how to handlemultiple responseariablesj.e. it wasenoughto specifythe“flag” variablein the mutab .
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It is necessaryo specifytheflag variablebeforesettingthe currentvalue of the flag.

In theabore exampletheflag variablehasbeensetto SEX Whenselectinghecurrent
valueof the flag, Xposeshaws the possiblevaluesthe currentvaluecanhave, in this

casel and?2, andgivesthe userthe optionsto leave it asis, thatis, notto changethe
currentvalueof theflag, to unspecifyit, i.e. to go backto look at all dataat the same
time, andto specifyary of the possiblevalues.Note! Theflag variablewill betreated
asafactorvariable,meaninghatit is nota goodideato setit to a continuousvariable
like AGE

Whenthe flag andcurflag variablesareset,all plotsandanalyseswvill be madebased
onthesubsebf thedataspecifiedby thesevariables.

If theflag is setandnotthecurflag thereareafew plotsthatoffersto usethatflag vari-
ableastheconditioningvariable.Specificallythisis thecoplotsontheSTRUCTURALMODEL
DIAGNOSTICS MENUWndtheRESIDUAL ERRORMODEIDIAGNOSTICS MENU
(seeFig. 1) thatcorrespond$o theplotsin theBasic goodness of fit plots
andAdditional goodness of fit plots thatuseghecovariatesasthecon-
ditioning variable. Theseoptionswill offer to usethe flag variableasthe conditioning
variableinsteadof the dataitemsdefinedby thecovariate  variables.
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