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Abstract

Weaddresstheproblemof completingtwo fileswith recordscontaininga

commonsubsetof variables.Thetechniqueinvestigatedinvolvestheuseof

regressionand/orclassificationtrees. An extension(the “forest-climbing”

algorithm) is proposedto deal with multivariate responsevariables. The

methodis demonstratedonarealproblem,in which two surveysaremerged,

andshown to befeasibleandhavesomedesirableproperties.
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knowledgecommentsfrom VicenteNuñez,EvaFerreiraandKarmele

Fernández.Any errorsandobscuritiesthatremainareourown.

1 Intr oduction

1.1 The problem

Ourstartingpointaretwofiles,
�

and � with atotalof �����	��
��	
 observations

andthefollowing structure:

File �
����������������� �����������������

unknown

File �
��������������� �

unknown ! ����������� !#"

In theproblemthatmotivatesthis research,this two filescontaindatafrom two

samplesurveys which sharea commonsetof questions.Thepopulationsampled

is assumedto bethesamefor bothsurveys. Variables$&%('*)*)*)('�$,+ arethusknown

for all � cases.Beyondthis commonsetof variables,eachfile containsalsodata

on aspecificsetof variables:- % '*)*)*).'/-10 and 2 % '*)*)*)('32�4 in ournotation.

In this paperwe dealwith theproblemof imputing themissingvaluesin the

files
�

y � , usingthevaluesof thecommonvariables$&%('*)*)*)('�$,+ . In otherwords,

if wethink of thedataarrangedin atablesuchasFigure1, weaddresstheproblem

of imputingthenonshadedareas.Thegoalis to createadatasetascloseaspossi-

ble to whatwould have beenobtained,hadwe hadthechanceto gathercomplete

informationon variables56$7'/-�'3298 for all � cases.

It is clearthatwe canonly hopefor limited success,inasmuchasthedataset
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Figure1: Datasetin a two survey linking problem.
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1

doesnot provide informationon the intrinsic relationshipamong - and 2 given

$ . On theotherhand,therecovery of thevaluesof - and 2 might bevery poor

usingonly the informationin $ . Nonetheless,thesavings realizedby creatinga

completedatasetby imputationcanbe tremendous.In many cases,an existing

datasetwith thestructuredepictedin Figure1 is all we have, andthepossibility

of further samplingcompletedataon 56$F'/-G'32,8 simply doesnot exist; in those

cases,imputationis the only way to go. Either way, the problemis of practical

importance,andhasreceivedagooddealof attention.

1.2 The application

TheEPT-93(Survey of TimeUses),compiledby theEUSTAT (BasqueInstituteof

Statistics),is asurvey comprisingresponsesof 5040individualswhichwereasked

aboutthetime devoteddaily to differentpurposes,groupedby usin 24 categories.

Thefield work wasdonein theFall of 1992andSpringof 1993;referto EUSTAT

(1997)for adescriptionof thesurvey.
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Ideally, eachindividual shouldanswerthe survey both on working and non

working days;but whenindividualswereasked to compilea daily breakdown of

their usesof time for a periodoneweeklong, it wasfound that thequality of the

diaries1

“ )*)*) decreasesastheweekgoeson,incompletediariesproliferate,

andthe survey cannotbe carriedout without a substantialmonetary

reward.”

In the end,singleday questionnaireswereadministered,to be completedfor

a specificday of the week. We thereforehave 2521 individuals who answered

on working days(in file trabajo.dat) and2519who answeredon weekend

days(in file fiesta.dat). The informationon thesetwo setsof answerscom-

posefiles A andB in the notationof Section1.1. In eitherfile we have answers

to a commonsetof characterizationvariables$&%H'*)*)*)H'�$,+ , andtheninformation

regardingthe useof time in a working day (variables- % '*)*)*).'/-I0 , in file A) or a

weekendday(variables2�%('*)*)*)H'32 4 , in file B).

It is then of interestto createa single dataset from files A and B, and the

methoddescribedin Sections3 and4 will beusedfor thatpurpose.

1.3 Outline of the paper

Section2 describesvery briefly someof the techniquesthat have beenusedfor

survey imputationor file matching,andprovidessomepointersto the literature.

1Our translation.SeeEUSTAT (1997),p. XII.
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Sections3 and4 introducethe proposedmethod,againstthe backgroundof the

existingtechniques.Section5 demonstratesits feasibilityanduse.Section6 shows

theperformanceof treesin simplesimulatedexamples.Someconcludingremarks

in Section7 closethepaper.

2 Survey linking techniques

A shortdescriptionof imputationtechniquesandsomepointersto theliteratureare

givennext. Theinterestedreadermayalsoreferto Nordholt(1998).

2.1 Regressionand the EM algorithm

A quite naturalideais to usethecaseswith completevaluesof variables 56$F'/-&8
or 56$F'3298 to fit regressionsof - on $ and 2 on $ , andthenusetheseregressions

to imputethemissingvaluesby J- or J2 . This ideagoesbackat leastto 1960,(see

Buck (1960)for anearlyproponent).

The implied assumptionswhenusing regressionin this mannerare: i) Con-

stancy of the relationshipamongthe predictors$ andthe responsesin both sur-

veys,andii) Null partialcorrelationof - and 2 given $ . Obviously, agoodfit of

theregressionmodelsis alsorequired,for theimputationto beany good.

It is importantto realizethat evenif the above assumptionsare justified, the

imputedvalueswill lack the variability of the genuinevalues: we are replacing

unknown valuesabouttheregressionhyperplaneby imputedvalueson thehyper-

plane.Thishasto becorrectedor takeninto accountin any subsequentanalysis.
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TheEM algorithmadvocatedin Dempsteretal. (1976)(seealsoRubin(1991))

providesaneasy, iterative way to maximizethe likelihoodfunctionof incomplete

datain awidevarietyof settings.

In order to usethe EM algorithmwe have to specifya likelihood,which re-

quiresinformationor an hypothesisaboutthe generatingmechanismof the data.

Theimputedvaluesaremaximumlikelihoodvaluesgiventhedata,andsuffer from

thesamelack of variability thantheregressionimputedvalues—in fact,whenthe

distribution underlying 56$F'/-G'3298 is multivariatenormal, the imputedvaluesare

linearregressionfits.

2.2 Nearestneighboursand deck replacement

Another commonidea is to replacethe missingvaluesin one caseby thoseof

anothercasein somesense“close” to it, accordingto apredefinednotionof “close-

ness”in thespaceof commonvariables$ . For instance,to imputeKMLG�N5�-PORQ %('*)*)*).'/-�O/Q 0 8�S
for T&UWV(�M�X
�YZ'*)*)*)H'/�\[ we coulduse ]K�L^�_Ka` for somebGUcVdYZ'*)*)*)H'/�M��[ such

that ef`hg�e�L . Thisgivesriseto avarietyof flavoursof thenearestneighbouridea,

dependingon how we defineproximity in thespacei of the $ variables.

Sometimes,“closeness”means“closein thecarddeck”, reflectingthepractice

of replacingthemissingvaluesin onecasewith thoseof thecasenext to it in the

computercarddeck—areasonableprocedureif theorderin thedeckreflectsgeo-

graphicalcontiguityor otherwisesimilarity amongcases.Seefor instance(Little

andRubin,1987,p. 60).
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In spiteof their simplicity, deck replacementmethodshave advantages:the

imputedvaluesdo not suffer from thelack of variability thatafflict theregression

imputedvalues.Also, theimputedvaluesbelongto someothercasein thesample,

hencearerealisticandinternallycoherent.Wewill turn to this issuelater.

2.3 Factorial techniques

Therehave beenvariousproposalsof methodsto uncover the relationshipamong

- and 2 in settingslike ours.Aluja andRius(1994)andAluja et al. (1995)show

how to projecttheinformationin onesurvey ontothefactorialplanesobtainedfrom

theother, usingtechniquessuchasmultiplecorrespondenceanalysisandprincipal

componentsanalysis.While thesetechniquescanconceivably be usedto obtain

imputedvaluesfrom theprojections,we think their mainadvantageis their ability

to provide visualaccessto thestructureof theproblemat hand.

Similar andcloselyrelatedmethodsareDear’s principal componentsmethod

andKrzanowski’s singularvaluedecompositionmethod: seeBello (1993) for a

shortdescriptionandreferences,anda simulationstudycomparingtheir perfor-

mance.

2.4 Neural networks

Artificial NeuralNetworkshaveshown greatusefulnessin many problems,asuni-

versalapproximators.They areideallysuitedto modelcomplex relationshipswhen

thereis no clearchoiceof a parsimoniousmodel. UsefulmonographsareRipley
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(1996)andBishop(1996). Nordbotten(1996)andVillagarcíaandMuñoz(1997)

areexamplesof usesin survey imputation.

2.5 Multiple imputation

Not an imputationtechnique,is rathera methodthat canimprove many of them:

Little andRubin (1987)convincingly shows its rationaleandbenefits. Seealso

Rubin(1986).

Theideais to generatenotonebut severalcompletedatasetsby imputation.In

our setting,we would createseveralmatricessuchastheonein Figure1, sharing

theshadedareasbut with differentimputationsfor themissingdata.We canthen

performseveral classical,completedataanalysis,andcomparethemto have an

ideaon how muchtheresultsvary dueto randomfluctuationin theimputation.

3 Imputation using regressionor classificationtr ees

Weproposetheuseof regressionand/orclassificationtreesto imputemissingval-

ues.Usingtreeshasanumberof advantages:it givesaunifiedtreatmentof contin-

uousandcategoricalvariables,providesusefulbyproductsto assessthegoodness

of fit andmakesmultiple imputationeasy. Treesalsohavewell known advantages:

flexibility, few assumptions,relative insensitivity to outliers,etc.Theseminalbook

Breimanetal. (1984)describestheseadvantages.
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3.1 Univariate j and k
Considerthesimplestpossiblecasein which we have l commonvariables$ and

m ��n9�oY , i.e. thereis only onespecificvariableto imputein eachsurvey (referto

Figure1, p. 3). Thecase(usuallymorerelevant in practice)mqp Y , n p Y is taken

up in Section3.2,andamethodis proposedin Section4.

Let i be thespaceof all possiblevaluesof $ . The ideais to build two par-

titions of i suchthat in eachclassof thefirst (respectively, second)we have like

valuesof - (respectively, 2 ). Sinceno restrictionsareimposedon the kind and

distributionsof thevariables,theCART methodologydescribedin Breimanet al.

(1984)seemsa goodway to build suchpartitions,growing onetreefor eachspe-

cific variable.Then,to imputeacasewedropit down therelevanttreeandlook at

theleave whereit ends.This is formalizedin Algorithm 1, pág.10.

Noticethatthemethoddescribedlendsitself quitewell to multiple imputation,

sinceeachcasewill normally endin a terminalnodewhich containscaseswith

morethanonevalueof 2 (or - ). Thus,we cansampleamongthemat randomto

createmultiple imputations.We canalsoimputeusingthemean,median,etc.,or

modein thecaseof categoricalvariables.

It is worth mentioningthat Algorithm 1 canbe seenasa regressionmethod

—only atreereplacesfamiliar linearor nonlinearregression,with bothadvantages

anddisadvantages.It canalsobeseenasa nearestneighbourmethod.But, while

anearestneighbourmethodusing,for instance,Mahalanobisdistancein thespace

i , woulddisregardthevaluesof the - (or 2 ), hereadifferentnotionof proximity
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Algorithm 1 – Univariateimputationusingtrees.

1. Build a tree rts “regressing”- on the $ , usingcrossvalidationandobser-

vations bM�uYZ'*)*)*)('/� � . Let r % '*)*)*)('/r�v the leavesof said tree,and r the

partitionthey form.

2. Build a tree wxs “regressing”2 on the $ , usingcrossvalidationandobser-

vationsb ���M�q
yYZ'*)*)*)('/� . Let w�%('*)*)*)('Rw{z betheleavesof saidtreeand w
thepartitionthey form.

3. To imputethevalueof 2 for a casewith b|UcVdYZ'*)*)*)H'/�M��[ , dropit down the

tree wxs . If it falls in theleave wx}R~���� , we impute 2 asafunctionof thevalues

2 observedin thatleave.

Do likewise to impute - for the casesin which suchvariableis missing

5�btU�V(�	�a
�YZ'*)*)*)('/�c[�8 .
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is used. A caseis “near” anotherif both happento fall in the sameleave when

droppeddown therelevant tree.Thus,thenotionof proximity useddoestake into

accounttheresponsevariable.This is quite important,andis furtherdiscussedin

BárcenaandTusell(1998).

3.2 Multi variate j and k
Whenweattemptto generalizethemethodto multivariate- and 2 ( m >1 and n >1),

we stumbleupona pitfall. We would like a methodto constructtreespartitioning

the i spacein suchaway thateachclasscontainslike valuesof the(multivariate)

response:but thereis nouniquewayto definelikenessin amultidimensionalspace.

A possibility is to useKullback-Leibleror a similar measureof discrepancy as

in Ciampi (1991), but this requiresa model for the distribution of the response

variables.

Oneobviouswayout is to usedifferenttreesto imputeeachof thevariablesin

- (or 2 ), effectively turninga multivariateprobleminto m (or n ) univariateones.

This is clearly undesirable,for it disregardsrelationshipsthat may exists among

componentsof - (or 2 ). Eventually, nonsensicalimputationsmight beproduced

which fail to comply logical or arithmeticconstraintsthatwe know musthold. In

theapplicationshown below (EPT- Survey ontheUsesof Time)wemightproduce

for somecasesimputationswhichdonotaddup to 24 hours,asthey should.

To circumvent suchproblem,it is desirableto impute all variablesfor each

caseb at once,takingthevaluesof anobserved“similar” case.This automatically
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guaranteesconsistency of theimputedvalues,andis a commonlyacceptedway to

proceed(seeLejeune(1995),pág.140andLebartandLejeune(1995)in this con-

nection.)Section4 describesthemethodweproposefor multivariateimputation.

4 A method for multi variate imputation

4.1 Notation and description of the method

To simultaneouslyimpute Ka`M��5�- � %H'*)*)*)('/- � 0 8 we usethe univariatetrees r ~ O �s
constructedfor eachof thevariables-�O , T7��YZ'*)*)*)(' m , asdescribednext andfor-

malizedin Algorithm 2. In the interestof brevity we addresstheproblemof im-

putingthevariablesin - ; to impute 2 we proceedlikewise.

Let thenodesof eachtreebenumbered,andlet r ~ O �� bethe � -th nodeof tree

r ~ O �s . We use r ~ O �� to denotethe node, the subsetof casesendingin, or going

through,that node,and the correspondingregion of i . For instance,let m ���
(i.e., therearetwo variables-�% e -h� in survey A) andlet the treesr ~ % �s and r ~ � �s
have thesimpleform depictedin Figure2. Then,all casesin the trainingsample

with $ %���� will endup in noder ~ % �� whendroppeddown thetreeconstructedfor

variable-�% ; thecorrespondingregion r ~ % �� of i is shown in Figure3.

For each m -tuple 5�� %H'*)*)*)H'/� 0 8 suchthat ��O (T�U�VdYZ'*)*)*)�' m [ ) is the label of a

nodein tree r ~ O �s , we define

�P� � Q������ Q � � � r ~ % �� ��� r ~ � ��d� � )*)*) � r ~ 0 �� � ) (1)

Finally, let noder ~ O �~�� ��� � bethe“f ather”of noder ~ O �� � in tree r ~ O �s . Whenthereis no
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Figure2: Trees r ~ % �s and r ~ � �s . Next to eachnon terminalnodeis the condition

whosefulfillment sendsacasethroughtheright son.
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ambiguityaboutthetreereferredto, we will simply referto nodes5³²M� � 8 and � � .
Considernow caseb , ( btU\V(�M��
WYZ'*)*)*)('/�c[ ), for whichanimputationof Kf` is

sought.Assumethatwhendroppingthatcasethroughthetreesbuilt for eachof the

variablesin - , it endsin the leaves r ~ % �� � '*)*)*).'/r ~ 0 �� � andhencebelongsto
� � � Q������ Q � � .

Thesimpleideain our methodis to impute Ka` asa functionof thevaluesK from

casesin thetrainingsample(file A) whichalsobelongto
� � � Q������ Q � � . Thosecaseshave

valuesfor eachvariable-�%H'*)*)*).'/- 0 which,asfarastherelevanttreescanascertain,

areindistinguishablefrom theonesof thecaseto impute.

In theprevious example,considera caseto impute b suchthat �d´xµ $&% µ¶�
and $q� µy· ´ ´ ; it will endin leaves r ~ % �� and r ~ � �¸ whendroppeddown thetreesr ~ % �s
and r ~ � �s . Theintersectionof thoseleaves,

� �¹Q ¸ ��r ~ % �� � r ~ � �¸ ' (2)
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Figure3: Partitionsof the i spaceinducedby treesr ~ % �s and r ~ � �s .
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is shown in Figure4. Weproposeto impute Ka` usingthevaluesof K observedfor

casesin thetrainingsamplethatalsofall in
� �¹Q ¸ .

As in the univariateAlgorithm 1, a variety of optionsexist: to imputeusing

a K sampledrandomlyfrom
� � � Q������ Q � � , using the mean,the median,or any other

suitablefunction.

4.2 Detailsof the implementation

If thereis a large numberof variables,substantialsavings canberealizedby per-

formingfirst aprincipalcomponentanalysis,andbuilding treesonly for a reduced

numberof sufficiently descriptive components.

A problemmayariseif caseb to beimputedbelongsto anintersection
� � � Q������ Q � �

which is empty;no casesin thetrainingsamplebelongto thatparticularintersec-

tion. Whenthis happens,the intersectionneedsto begraduallyenlargedto a non
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Figure4: Overlayof partitionsof i inducedrespectively by treesr ~ % �s and r ~ � �s ,

andintersection
� �¹Q ¸ .
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emptyset: startingfrom the leaves r ~ % �� � '*)*)*)H'/r ~ 0 �� � where b ended,our algorithm

“climbs” the trees,replacingonenodeat a time by its “f ather”. In doing so, we

have at eachstepachoiceof m treesthatwe mayclimb —hencethe“forest climb-

ing” name.Thegoalis to chooseat eachstepin sucha way that thequality of the

imputationsuffersleast.

Let usseetheheuristicsimplementedin our algorithm,which is onepossible

way of doing it. We refer in the following to imputationof variables- (the 2 ’s

are treatedlikewise). Continuousvariables - areassumed,but the idea canbe

generalized.

In theconstructionof trees,nodesaredividedfor aslong this improvesthefit

in termsof deviance—for regressiontrees,usuallythesumof squaresis used;see

Breimanet al. (1984),Cap.3—. Let ¼�56½38 bethedevianceat node½ and ¼�5³¾98 the
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totaldevianceof tree ¾ , definedas

¼�56½38¿� À �³ÁHÂ 5�Ã �hÄ Ã Â 8 � (3)

¼�5³¾98¿� ÀÂ6Á�ÅS
¼�56½38/' (4)

where Æ¾ is thesetof “leaves” or terminalnodesof tree ¾ and Ã Â is thearithmetic

meanof valuesof theresponsevariablefor thecasesin node½ .
For any of thetreesr ~ O �s , TÇ�ÈYZ'*)*)*)H' m , thecostof climbing from node½�É to its

fathernode½³+ canbeevaluatedby

Ê ~ O � 56½�ÉP8¿� Ë
Ì ���Í % 5�Ã � O Ä Ã O/Q Â � 8 �� + Ä Ë

ÌÏÎ��Í % 5�Ã � O Ä Ã O/Q Â Î 8 ��MÉ (5)

� J¼	56½³+�8�Ð¹��+ Ä J¼�56½�ÉP8�Ð¹�MÉ Ñ�TM�oYZ'*)Ò)Ò' m ' (6)

where J¼Ç56½�ÉP8 and J¼�56½³+�8 are resubstitutionestimatesof the deviancein node ½�É
(from whichweconsiderclimbing)andits fathernode½Ó+ , ��+ and �	É arethenum-

berof casesin nodes½³+ and ½�É respectively, and Ã ORQ Â � , Ã O/Q Â Î themeansof variable

-�O for saidnodes.

With thepreviousnotation,we canspecifyAlgorithm 2. A few commentsare

worthmaking.First,Algorithm 2 canbeappliedbothto theoriginalvariablesor to

any suitabletransformations.Themotivationbehindusingprincipalcomponentsis

to reducethenumberof treesto construct:this speedsup theprocessof findingan

intersection.But boththefirst andlaststepin thealgorithmareoptional.Principal

componentshave beenusedin theillustrationof Section5.

Second,whetherwe usethe original variables,principal componentsor any

othersuitabletransformations,thecriterionto choosewhich treemustbeclimbed
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Algorithm 2 – Multivariateimputationusingtrees.
1: (optionally) Computethe principal componentsof the variables- to impute

usingthetrainingsample.

2: Constructtreesr ~ % �s '*)*)*).'/r ~ 0 �s .

3: for btU {Casesto impute} do

4: Drop caseb down the trees,anddeterminethe intersection
�P� � Q������ Q � � of the

leaves r ~ % �� � '*)*)*)('/r ~ 0 �� � whereit falls.

5: if
� � � Q������ Q � �ÇÔ��Õ then

6: break

7: else

8: while
�P� � Q������ Q � � �_Õ do

9: ComputethecostsÊ ~ % � 5���%*8/'*)*)*)H' Ê ~ 0 � 5�� 0 8 of climbing from thecurrent

nodes.

10: Select� suchthatclimbing from node� � is of minimal cost.

11: � ��Ö 5³²	� � 8 ; replacenode� � by its father.

12: endwhile

13: end if

14: Impute b from
��� � Q������ Q � � .

15: end for

16: (if required) Reconstructthe original variablesfrom the imputed principal

components
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is scaledependent.Therefore,wemaywantto scalethevariablesto havecommon

variance,or varianceswhich reflecttheir importance.

5 Imputation in the Survey of Usesof Time (EPT-93)

In thefollowing, we illustratetheconceptsabove linking thefilestrabajo.dat

andfiesta.dat referredto in Section1.2.Linking thosetwo filescanbeseenas

aparticularcaseof theproblemreferredto in subsection1.1,with l =5, m �_n×� 24,

� � ����Ø���Y y � 
 �_��Ø�Y.Ù . Eachfile contains,

Ú Commonor characterizationvariables$ , thedescriptionof which is given

in Table1.

Ú Specificvariables:daily time in minutesallocatedto activities in Table2.

Thetwo files have beenlinkedusingAlgorithm 2. Thecomputationhasbeen

performedwith functionsprogrammedusingtheS-PLUS languageandprimitives:

seeBecker et al. (1988)andChambersandHastie(1992)for a descriptionof that

package.

We choseto transformthe variablesto principal componentsandgrow trees

on these.As a descriptive measureof thegoodnessof fit we computedtherelative

meanquadraticerrorof eachtree.

Therelative meanquadraticerror ¼,ÛÜ5³¾ � 8 wascomputedby crossvalidation

(seeBreimanet al. (1984)for details),dividing the sumof squaresof deviations

with respectto themeanof eachterminalnodeby thetotal “sumof squares”of the
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Table1: Commonor characterizationvariables$ , alongwith their categories.

Variable Description Code Categories

$&% Age EDA1 Up to 34 years.

EDA2 Between35and59 years.

EDA3 60 yearsandmore.

$q� Sex VARO Male

MUJE Female

$qÝ Marital status SOLT Single.

CASD Married.

REST Other.

$�Þ Educationlevel PRIM Primaryschool.

MEDI Secondaryschool.

SUPE University.

$qß Activity SRMI Military service.

OCUP Working.

PARA Unemployed.

JUBI Retired.

ESTD Studying.

LAHO Householdchores.

OTRS Others.
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principalcomponent,i.e., à timestheassociatedeigenvalue á :

¼,ÛÜ5³¾ � 8 � ¼�5³¾ � 8àÏá ) (7)

Thus, ¼,ÛÜ5³¾ � 8 is very muchalike Y Ä ¼ � in ordinaryregression.Theresultsfor

the - variables(similar resultswereobtainedfor the 2 ’s) areshown in Table3.

Wemaynoticethatthe ¼,ÛÜ5³¾ � 8 arein generalquitehigh,ascouldbeexpected

from the natureof the variablesanalysed.On the otherhand,the betterfits are

obtainedfor the first principal components,alsoasexpected. For two principal

components(15 and24) the CART methodologyproducedno subdivisions,and

hencethecorrespondingtreesweredroppedfrom theanalysis.

In this applicationwe optedfor singleimputationusingonecasetakenat ran-

dom from
��� � Q������ � � , thefirst non emptyintersection.We kept track of how many

times climbing was necessary, becausethe intersectionof leaves reachedin the

first instancewas empty. Only 33 cases(1.31%of the total) requiredclimbing

whenimputing thevariables- , and48 cases(1.91%of the total) whenimputing

the 2 ’s. Climbing wasmainly up thetreesbuilt for the lastprincipalcomponents

—thelesscostly. In afew cases,climbingall thewayupto therootof onetreewas

required.

It is usualpracticeto comparethe distributionsof the imputedandobserved

variables(seeLebartandLejeune(1995)).If all assumptionsthatmake imputation

feasibleandworthwhilehold, they shouldnot differ by much.Usually, univariate

measuresof locationandscalearecompared.In ourcase,resultsof theimputation
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Table2: Specificvariablesmeasuringusesof time. Variables-�%H'*)*)*).'/-h��Þ corre-
spondto time usein working daysand 2�%('*)*)*)H'32���Þ arethehomologousvariables
for holidays.

Variables Description-�%('32�% Sleeping.-h��'32�� Toilet andpersonalcare.-hÝ�'32�Ý Meals.-IÞZ'32 Þ Privateor undescribedactivities.-hß�'32�ß Work.-hâ�'32�â Learningandeducation.- ¸ '32 ¸ Householdchores.-hã�'32�ã Shopping.-hä�'32�ä Bureaucraticor administrative steps.-�%�å�'32�%�å Partly leisureactivities (sewing, painting,sculpture,
fixing thingsin thehousehold,gardening,petcare...)- %�% '32 %�% Adultsandchildrencare.-�%���'32�%�� Family andsocialmeetings(meals,funerals,weddings,
hospitalvisits,...)-�%�Ý�'32�%�Ý Timespentwith friends,drinking, talking,-�%æÞZ'32�%æÞ Involvementin political or religiousactivities.-�%�ß�'32�%�ß Sportandgymnastics.-�%�â�'32�%�â Promenadesandoutings.- % ¸ '32 % ¸ Leisureathome(watchingTV, listeningto music,..)-�%�ã�'32�%�ã Leisureoutof home(movies,theater, concerts,
museumsandexhibitions,attendanceto sportive events,...)-�%�ä�'32�%�ä Otherleisureactivities (microcomputers,photography,
playingcardsor othergames,solvingcrosswords,...)- ��å '32 ��å Commutingto theplaceof work or education.-h�R%('32��R% Spendingtime with others.- ��� '32 ��� Waiting timeeitheratwork or education.-h��Ý�'32���Ý Waiting for medicalor administrative attention.-h��ÞZ'32���Þ Otherwaiting times.
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Table3: Relativemeanquadraticerror ¼,Û&5³¾ � 8 for thetreesgrown ontheprincipal

componentsof the - ’s.

Principal component

1 2 3 4 5 6 7 8

0.346 0.695 0.597 0.993 0.802 0.985 0.974 1.000

Principal component

9 10 11 12 13 14 15 16

0.929 1.000 0.985 0.991 0.982 1.000 NA 0.957

Principal component

17 18 19 20 21 22 23 24

0.998 0.946 1.000 0.978 0.972 0.978 0.971 NA
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Table4: Imputationof usesof time in working days.Locationandscalestatistics
for observeddataandimputeddataof thevariables- . Starredvariablesarethose
for which the meanof the imputedvaluesdiffered from the meanof observed
valuesby morethantwo standarddeviations.

Observedvalues Imputedvalues
Min. ç � èFé ê ç�ë Max. Min. ç � èXé ì ç�ë Max.� �
179 450 499 511.30 559 1214 179 450 495 508.50 555 975� �

0 20 35 42.23 55 295 0 20 35 41.90 55 295� ë 0 75 105 109.90 135 374 0 75 100 109.90 135 374��í
0 0 0 0.33 0 105 0 0 0 0.25 0 75�dî
0 0 0 196.50 455 990 0 0 0 194.70 460 929� �ï 0 0 0 23.84 0 760 0 0 0 56.25 0 760� �ð 0 0 75 133.10 235 770 0 0 45 107.60 185 630� �ñ 0 0 0 30.22 55 355 0 0 0 25.34 45 330��ò
0 0 0 2.73 0 415 0 0 0 3.05 0 240� ��ôó
0 0 0 16.90 0 634 0 0 0 13.81 0 634� ����
0 0 0 20.53 0 735 0 0 0 15.71 0 625� �� �
0 0 0 7.32 0 630 0 0 0 8.90 0 630� �� ë 0 0 0 40.43 60 510 0 0 5 47.35 75 510� � í
0 0 0 4.64 0 365 0 0 0 5.12 0 350� ��Óî
0 0 0 6.91 0 315 0 0 0 8.39 0 230� � ï 0 0 0 54.83 90 600 0 0 0 53.92 90 600� �� ð 0 74 140 163.00 225 964 0 65 135 157.70 224 730� �� ñ 0 0 0 1.48 0 239 0 0 0 2.09 0 239� �ôò
0 0 0 10.76 0 405 0 0 0 9.59 0 350� � ó
0 0 0 20.48 30 340 0 0 0 21.14 30 340� �� �
0 0 10 33.32 50 355 0 0 15 39.25 60 355� ���
0 0 0 1.49 0 165 0 0 0 1.81 0 165� � ë 0 0 0 0.50 0 165 0 0 0 0.56 0 165� � í
0 0 0 0.79 0 75 0 0 0 0.94 0 75

Note: ç � , ç ë arethefirst andthird quartiles;
èXé

is themedian.

for thevariables- (similar resultsareavailablefor the 2 ’s) aredisplayedin Ta-

ble4. Theimputedvaluesfor - reproducereasonablywell thedistribution of

theobserved values,theonly exceptionsthatcatchtheeye being - ¸ (“Household

chores”)and -�%�Ý (“Meetingswith friends”).

Ideally, thefull, multivariatedistributionof imputedandobservedvaluesshould

be compared.It is not possibleto go that far, but onestepin that directionis to
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comparethecorrelationmatricesof boththeimputedandobservedvalues.Thishas

beendonefor thevariables- (again,similar resultsareavailablefor the 2 ’s). The

largestdiscrepancy amongcorrelationsis 0.1124,andoccursfor thecorrelationbe-

tween-hß and -hâ . Ratherthanembarkin a tediouscomparisononeby one,we can

seethelikenessof bothcorrelationmatricesby looking at Figure5, in which cor-

relationsof bothobservedandimputedvaluesaredisplayedwith differentshades.

6 Simulations

Wetried to gainsomeinsighton theperformanceof themethodcarryingoutsome

simulations.Wereportbelow theresultsobtainedin threesimplesituations,which

give aflavourof therest.

6.1 Setupcommonto all problems

Sincetheapplicationthatmotivatedthisresearchrequiredthemergingof two files,

theprogramwaswritten with a datalayout suchasFigure1 in mind. Therefore,

eachtableshown below givesresultsontheimputationof variables- and 2 , which

couldbereportedindependently.

A few elementsarecommonto all simulationsreported.Thenumberof com-

monvariables$ wassetat la��Ø . Weconsideredtheunivariatecase( m ��n9�oY ),
andsetthesizeof eachfile to mergeat �	���õ�M
_�öY*÷�÷�÷ . Eachsimulationrun

consistedof onethousandreplicationsof thesameproblem,recreatingthesample,
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Figure5: Pictorial representationof thecorrelationmatricesof observed (above)

andimputed(below) - ’s. Noticetheunconventionalpositionof themaindiagonal,

andthesimilarity of bothmatrices.
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growing the treesandperformingthe merging of the two files eachtime, using

Algorithm 1.

The specificvariables- and 2 weremadeto dependon someof the $ ’s in

variousways,whichincludedsituationsin whichatreemayfind hardthedetection

of structure. The specificvariablescontainedalsonoise,which wastaken to be

Gaussianwith differentvariances.To beprecise,wesimulated

- � Y*÷�
�56$&% Ä\ù 8R56$�Þ Ä �ú8�
üû (8)

2 � Y.ý Ä $ �% 
þ$ �Þ 
üÿ (9)

with û and ÿ zeromeanGaussianvariables.Thepartof - whichcanberecovered

asa functionof the $ ’s is shapedlike a saddle,a difficult surfaceto approximate

by a treewith splitsbasedon thresholdsof asinglevariable$ at a time (“Is $ � µ
� ?”).

Wegeneratedcompletedatafor both - and 2 , thendeleted�	
 and �	� values

andperformedthe imputation. This allows us to comparethe resultsthat would

have beenobtainedwith completedata,andthoseobtainedwith partially imputed

data.Of particularinterestis thecomparisonamongtheestimatedcorrelationusing

full data( n���� ) andpartially imputeddata( Jn���� ).
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6.2 Problem1: discrete
�

, many levels

We considereda relatively largenumberof levels in thevariables,requiringa po-

tentially largenumberof terminalnodes.The $ ’s weregeneratedasfollows:

$ � �
����� ���� · 5�la��÷�)�ØP'/à7�
	ú8 for b �ÈYZ'R�P'��P'
· 5�la��÷�)�ØP'/à7� ù 8 for b � ù 'RØP) (10)

Two variancesfor û and ÿ in (8) and(9) have beenused:1 and25.

Therearetwo variablesrelevantin theapproximationof both - and 2 , having

9 and5 levels;anidealtreewould partitionthe i spacein 45 cellscorresponding

to eachpossiblecombinationof $&% and $�Þ . In practice,treeswith fewernodesare

chosenby theCART methodology. Table5 displaysthenumberof terminalnodes

of the treesfor - and 2 ( 
HÆr�s�
 and 
�Æwxs�
 , respectively), and the meansquared

residual,computedby crossvalidation( ¼����� and ¼����� ) andusinganindependently

generatedtest sample( ¼ Â��� and ¼ Â��� ). We also report the estimatedcorrelations

among- and 2 usingcompletedataandpartly imputeddata.

Theresultsareshown for thetwo differentvariances,� �� ��� �� �¶Y and � �� �
� �� �ö��Ø , representative of low andmoderatenoise. For eachstatistic,the mean

( � ), median( ��� ), first andthird quartiles( m % and m Ý ) andextremesarereported.

The meansquaredresiduals( ¼ � or ¼ � , estimatedeitherby crossvalidationor

usinga testsample)canbe comparedto the varianceof û and ÿ to appraisethe

goodnessof fit.

It is interestingto notethatasthevarianceof thenoiseincreasesfrom � �� �õY
to � �� � ��Ø , theability of the treeto pick up structuredegradesdramatically:the
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numberof leaves of r s dropson the averagefrom 20.8 to 10.3. The opposite

seemsto be true for the wxs tree. While thefit of the r�s is quite good,with the

estimatedmeansquaredresidual( ¼����� and ¼����� ) only about15%above � �� , this is

not sofor the 2�s tree.However, n���� is still acceptablyrecoveredby Jn���� estimated

from partially imputeddata.

6.3 Problem2: discrete
�

, few levels

Next we considera relatively smallnumberof levelsin thepredictors$ . The $ ’s

weregeneratedasfollows:

$ � �
����� ���� · 5�la��÷�)�ØP'/à7�
�ú8 for b �ÈYZ'R�P'��P'
· 5�la��÷�)�ØP'/à7�_�ú8 for b � ù 'RØP) (11)

The resultsareshown in Table6. The ideal treewould require12 nodes,since

thereare12 differentcombinationsof valuesof $ % and $ Þ . Thetreesconstructed

areindeedsmallerthanin Problem1 above. The samepatternsrecur, though,in

thatanincreasein thevarianceof thenoisebringsabouta decreasein thenumber

of nodesfor r�s , unlike in thecaseof wxs . Thecorrelationbetweenbothvariables

is againacceptablyrecovered.
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Table5: Resultsin onethousandreplicationsof Problem1.

Statistic Min.  "! #%$ &  (' Max.) �*,+ ) �- +%./10243 /
16 19 20 20.8 22 35/ 05 3 /
10 11 11 11.38 12 13687:9; 1.01 1.12 1.16 1.16 1.20 1.416=<?>; 0.954 1.10 1.14 1.15 1.19 1.486 7:9@ 11.05 13.00 13.55 13.56 14.08 15.846 <?>@ 10.25 12.82 13.43 13.52 14.15 22.56A1BDC -0.4400 -0.3821 -0.3652 -0.3652 -0.3483 -0.2930EA BDC -0.4906 -0.4320 -0.4129 -0.4128 -0.3938 -0.3221) �* + ) �- +GFIH/10243 /
3.0 7.0 11.0 10.3 13.0 28.0/ 05 3 /

14.00 17.00 18.00 18.22 19.00 22.00687:9; 23.29 25.38 26.26 26.33 27.19 30.426=<?>; 21.76 25.47 26.24 26.30 27.08 31.326 7:9@ 26.96 30.34 31.37 31.40 32.47 37.676 <?>@ 26.24 29.90 31.08 31.21 32.54 38.89A1BDC -0.22740 -0.17270 -0.15710 -0.15650 -0.14030 -0.07153EA BDC -0.34330 -0.23680 -0.20880 -0.20910 -0.18190 -0.06886
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Table6: Resultsin onethousandreplicationsof Problem2.

Statistic Min.  "! #%$ &  (' Max.) �*,+ ) �- +%./10243 /
7 9 10 10.5 11 20/ 05 3 /
9 11 11 11 11 12687:9; 0.8742 0.9878 1.0190 1.0190 1.0510 1.15706=<?>; 0.8727 0.9901 1.0190 1.0210 1.0510 1.27506 7:9@ 0.9451 1.1540 1.2130 1.2180 1.2870 1.53706 <?>@ 0.8622 1.1220 1.2030 1.2100 1.2840 1.8300A1BDC -0.4212 -0.3680 -0.3545 -0.3545 -0.3420 -0.2888EA BDC -0.4807 -0.4160 -0.4008 -0.4000 -0.3832 -0.3115) �* + ) �- +GFIH/10243 /

2.00 4.00 5.00 5.42 7.00 20.00/ 05 3 /
7.00 11.00 13.00 12.96 14.00 31.00687:9; 21.84 24.69 25.41 25.45 26.23 28.856=<?>; 21.96 24.79 25.48 25.54 26.28 31.346 7:9@ 21.39 24.96 25.76 25.76 26.54 30.056 <?>@ 21.45 24.95 25.72 25.77 26.58 30.20A1BDC -0.14270 -0.09637 -0.08099 -0.08046 -0.06597 -0.01067EA BDC -0.23150 -0.14810 -0.12400 -0.12380 -0.09825 -0.00281
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6.4 Problem3: mixed
�

, correlatedpredictors

Next we considerpredictors$ eitherdiscretewith a moderatenumberof levels

(nine)or continuousandcorrelated,generatedasfollows:

$ � �
������� ������
· 5�lf��÷�)�ØP'/à7�
	ú8 for b �oYZ'R�P'��P'JK $�Þ
$ ß

LMON
�þ51P÷ '�Q�8 with Q �

JK �Z÷ �Z÷
ù ÷
LM

(12)

This is a situationparticularly difficult to handleby a tree, and indeedthe re-

sultsin Table7 show substantiallydegradedperformance.Themeansquarederror

nowhereapproachesthevarianceof thenoise;in thecaseof the wxs treeis much

larger. Interestinglyenough,n�R�� is againrecoveredquiteacceptably, which illus-

tratesthe fact that if - and 2 dependon the $ ’s andhave no partial correlation

betweenthem,thecorrelationcanbe well approximatedeven if thevariablesare

not.

7 Summary and conclusions

A new methodfor imputationhasbeenpresentedandits feasibility demonstrated

on a real dataset. It cancopewith a large variety of problems,becauseof the

generalityof the tool usedfor approximation—classificationor regressiontrees.

It makesfew assumptions,is computationallyfeasible,andappearsto give good

results. Simulationsseemto confirm this; the methodworks well whenever the

commonvariables$ aregoodpredictorsfor the - ’s and 2 ’s andthe functional

relationshipamongpredictorsandresponsescanbereasonablywell approximated
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Table7: Resultsin onethousandreplicationsof Problem3.

Statistic Min.  "! #%$ &  (' Max.) �*,+ ) �- +%./S0243 /
16.00 19.00 20.00 19.77 21.00 25.00/ 05 3 /
13.00 16.00 17.00 16.82 18.00 21.00687:9; 2.869 3.889 4.385 4.588 5.043 10.3406=<?>; 2.688 3.806 4.271 4.439 4.849 17.8806 7:9@ 31.46 60.48 72.57 78.57 89.37 322.706 <?>@ 29.36 55.20 67.90 73.73 86.12 275.60A1BDC 0.1567 0.2947 0.3303 0.3304 0.3698 0.4709EA BDC 0.08066 0.30430 0.35040 0.34820 0.39660 0.53280) �* + ) �- +GFIH/S0243 /
11.00 18.00 21.00 21.36 24.00 39.00/ 05 3 /
15.00 21.00 22.00 22.29 24.00 30.00687:9; 25.48 28.83 29.97 30.10 31.21 39.596=<?>; 25.06 28.64 29.68 29.87 30.95 43.926 7:9@ 49.06 77.45 89.22 95.56 106.40 335.206 <?>@ 47.51 71.57 85.14 90.57 104.10 294.10A1BDC 0.1130 0.2122 0.2382 0.2384 0.2671 0.3668EA BDC 0.02346 0.23830 0.28010 0.27580 0.31520 0.45500
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by a tree.

Weseeroomfor improvement,speciallyin theclimbingstrategy, attheexpense

of increasedcomplexity andcomputationalburden.Our work proceedsalongthis

line. Furtherwork is alsorequiredin comparingour methodto otherflexible, all-

purposemethodsof imputation,like thoseusingneuralnetworks.
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