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A bstract

T heaimofthispaperismainlyamethodologicalone. W eusedindividual-levelret-

rospectivedatafromtheItalianFertilityandFamilysurvey, basedontheinformation

providedbyrespondents. L inkingindividual-leveldatawithgeographicalcharacter-

istics ofthecommunity, we …rstlyusednon-parametricmethods, and in particular

thebi-dimensionalL O ESS (L ocallyweightedregression) method, tobuildsmoothed

mapsofthetransitionto…rstsexualintercourse. Secondly, weusedadiscrete-time

multilevelevent-historymodel(withlogitspeci…cation), allowingforthepresenceof

unobservedheterogeneityatthemunicipalitylevel. W eused’latitude’, ’longitude’, and

dimensionofthemunicipalityas aggregate-levelexplanatoryvariables inthemodel.

T hus, wecouldbuildspatialpro…les andamap, usingpredictedvalues forthelog-

odds-ratio, andwecouldstudycohortdynamicstoo. O urresultscon…rmthatItalyis

aheterogeneous country;whenlookingatageatthe…rstsexualintercourse, women

aremorein‡uencedbytheircontextthanmen.
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1 Introduction

T hestudyofdemographicevents has traditionallybeen basedontheirempiricalinves-

tigationovertimeandspace. T hecentralroleoftime(in particularofindividualtime

expressedbyageorotherrelevantdurationvariables, togetherwithcohortandperiod)

hasbeenrecognizedbyresearchers, whodevelopedclassicaltechniques, suchaslifetables.

T hedevelopmentofmorerecenttechniques thatdealwithindividual-leveltime-to-event

data, (i.e. eventhistoryanalysis), has ledtoaspecializedsetoftechniquesofstatistical

demography. O ntheotherhand, spatialaspects haveoccupiedaperipheralposition in

formalandstatisticaldemography, andevenmoresodoestheinteractionbetweenspace

andtime.

A nalysesofdemographicphenomenaacrossspace, andtherepresentationofsuchphe-

nomenausingmaps, havesubstantiallycontributedtomajorresearche¤orts in demog-

raphy. T he Princetonproject(Coaleand W atkins, 19 86) extensivelyreliedonmaps to

describethedynamicsofthedemographictransitionandtosupportexplanatoryideas. A s

ithas beenpointedoutbyL esthaegheandN eels (2000) ”mapsproducegoodnarratives,

andtheseintheirturnarevaluablefortheoryformationaswell”. T hus, spatialanalysis

has hadan importantroleinthedevelopmentofkeytheories thatexplaindemographic

behavior. G IS packages, similartothoseweexploitinthispaper, provideuniquefeatures

fordrawingmapsusinglowlevelsofgeographicalaggregation.

D uringthelasttwentyyears, spatialstatistics has developed intoaspecialized…eld,

andseveralmonographshavebeenpublishedonthis subject(R ipley, 19 81;D iggle, 19 83;

R ipley, 19 8 8;Cressie, 19 9 3). M oststudiesrelatetoepidemiology, andtheirauthorsmake

use ofaggregate-levelspatialdata. T he spatialanalysis of(bio-)demographicdata is

anotherdeveloping…eld(Sleegersand G oethals, 19 9 3;B ocquet-A ppeletal., 19 9 6). O ne

ofthekeyissues inthis stream ofresearchis thelinkbetweenspaceandtime(thelatter

isde…nedbothintermsofsocietaltimeandindividualtime). T hesamelinkisdiscussed

inepidemiologically-orienteddemographicstudies (seeforinstanceCongdon, 2000). For

individual-leveldata, non-parametricorsemi-parametricmethodshavebeenused(fora

reviewseeD iggle(2000) andthebibliographicreferenceslistedthere).
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T heaim ofthis paperis mainlyamethodologicalone. U singthemostwidespread

setofstatisticaltechniquesusedinmoderndemographicresearch, eventhistoryanalysis

(CourgeauandL elièvre, 19 8 9 ;B lossfeldandR ohwer, 19 9 5), weincorporatedinouranaly-

sisaspatialapproach. Ineventhistoryanalysis, thespatialcorrelationamongindividuals

is sometimes taken intoaccountinsofaras space introduces ahierarchicalstructureto

data. T his ideais embeddedinso-calledmultilevelmodels. Inthesemodels, correlation

isallowedamongunits inthesamearea, butindependenceisassumedamongareas. Ex-

amplesofthisapproachincludeSteeleetal. (19 9 6) andBarberetal. (2000) fordiscrete

time, andBoldstadandM anda(2001) forcontinuoustime. A spatial, discrete-timeevent

historymodel, thatallowsalsofortime-varyinge¤ects, isdevelopedwithinafullB ayesian

frameworkbyFahrmeirandL ang(2001), whouseauni…edapproachforBayesianM CM C

inferenceingeneralizedadditiveandsemiparametricmixedmodels.

G iventheimportanceofretrospectivesurveys indemography, weexploitFertilityand

FamilySurveydata. W epresentanapplicationtoageat…rstsexualintercourseofItalian

men andwomen. Forbehaviors such as …rstsexualintercourse, where Italy is arela-

tively traditionalcountry accordingtoW estern standards, though large and relatively

stabledi¤erentialsalsoexistbetwencountries(B ozonandKontula, 19 9 7 ). Culturalcom-

ponents suchas socialnorms, religiosity, andlong-standingfamilystructures playakey

rolein shapinggeographicaldi¤erences inthetimingofthe…rstsexualintercourse(see

e.g. B uzzi, 19 9 8). T helatteris abehaviorforwhichtheculturalheterogeneityofItaly

canemergefrom spatialanalysis, withthepossibilityofcrossingtraditionaladministra-

tivecategorizations beinganadvantage. A south-northgradientis plausibleatleastfor

women, giventhatsouthern Italyis arathertraditionalpartofthecountry. Togivean

example, accordingtoCazzola(19 9 9 ), north-easternregionshaveanestimatedodds-ratio

of3.46oversouthernregions, regardingto…rstsexualintercoursebytheageof19 .

T hemethodsweproposealsoallowforaninvestigationofthepossibilitythataspatial

di¤usionprocessoccurs. W eform thehypothesis thatnewbehavior, forinstancesexual

debutatan earlierage, follows adi¤usion process across space. W ediscuss this point

explicitlywhenweanalyzecohortdynamics.

T hepaperis structuredas follows. A fterabriefdescriptionofthedata(Section 2),
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weusenon-parametricmethods todrawmaps ofItalybasedon thetimingofthe…rst

sexualintercourse(Section3). InSection4, weuseamulti-leveldiscrete-timeeventhistory

modelinordertoestimateaspatialpro…lebylatitudeandlongitude. Section5 outlines

asocietaltimeperspectivebycomparinglargegroupsofcohorts Section6concludesthe

paperandsuggestsavenuesforfurtherresearch.

2 D ata

W euseindividual-levelretrospectivedatafromtheItalianFertilityandFamilysurvey(D e

Sandreetal., 19 9 7 ). A totalnumberof4,824femalesand1,206males, wereinterviewed,

representinga cross-section ofresidents born betwween 19 46and 19 7 5. A mongother

questionsonreproductivehealth, therespondentswereaskedabouttheirageat…rstsexual

intercourse(iftheyhadany). T heinterviewswereconductedbetweenN ovember19 9 5 and

January19 9 6andtheageat…rstsexualintercoursewasreportedincompletedyears. A

rangeofchecks showedthatthedataqualitywas verysatisfactory(Cazzola, 19 9 9 ), and

theself-reportedageat…rstintercoursehasbeenshowntobeareliableindicator(D unne

etal., 19 9 7 ). Ingeneral, thedatashowedthat…rstsexualintercourseinItalytakesplace

atahigheragethaninotherwesternEuropeancountries. T hepaperbyCazzola(19 9 9 )

containsadetaileddescriptionofthedataandsomeanalyses.

Inordertolinkindividualdatatothegeographicalcontext, weusedtheinformation

providedbyrespondentswhoresidedinamunicipalityformostoftheirtimeforthe…rst

15 yearsoftheirlife. G iventhatcompleteresidentialhistoriesarenotavailablefrom the

survey, thismethodprovedtobethebestchoicewhenstudying…rstsexualintercourse.

Ithasobviousadvantagescomparedtothealternativesolutionofusingasacriterionres-

idenceatthetimetheinterviewtakesplace. O fcourse, wecanneitherbecompletelysure

thatthe…rstsexualintercoursewasexperiencedattheplaceofresidence, nordoweknow

forsurethatithappenedafterchangeofresidence(ifany). W elinkedtheindividual-level

datawithdataofthemunicipalityofmainresidencefor…rst15 yearsofone’slife, usingge-

ographicalcoordinates (latitudeandlongitude) togetherwithdimensionalcharacteristics

(populationatthe19 9 1 census).
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3 M apsofItaly: A nonparametricspatialapproach

W e…rstbuiltmapsofthetransitionto…rstsexualintercourse, takinganon-parametric

approach, whichtakesexplicitlyintoaccountthegeographicalcoordinatesofthecommu-

nity. Essentially, thisinvolvestheapplicationoftwo-dimensionalsmoothingtechniquesto

thedataofthesurvey, usingatwo-stepprocedure. Inthe…rststep, wecomputeestimates

ofthequantities ofinterestatthearealevel. Inthesecondstep, weusenonparametric

smoothingtechniques tobuildavisualrepresentationofthegeographicalpatternofthe

process. T hus, theaim ofouranalysis is nottoproduceestimates atthelevelofsmall

areas, buttodrawmapsthatdescribe–inaconsistentway–thedi¤erences inthetiming

oftheeventunderstudyacrossthewholecountry.

3.1 M ethods

W e considered twoseparate procedures, which provide twodi¤erentindicators ofthe

timingof…rstsexualintercourse. Inthe…rstprocedure, weshowedspatialpatternsbased

onnon-parametricestimates ofthesurvivalfunction. T his approach is appropriatefor

thedataavailabletous. Forthispurpose, andgiventhesizeofthesample, wecomputed

aggregatemeasures. Inparticular, wecomputedthemedianageofthe…rstintercoursefor

each Italianprovince(103 values). W ethenappliedthesmoothingtechniques, byusing

thecentralcoordinateoftheprovinceasthelocationforthenonparametricestimates. T he

estimatedvaluesweresubsequentlyextendedtoeachmunicipality, withthepossibilityof

havingdi¤erentvaluesforeachprovince.

Inthesecondprocedure, webuiltourspatialpatterns startingdirectlyfrom dataas-

signedtothegeographicalcoordinatesofthemunicipality. Foreachmunicipality, forwhich

thereis atleastonecase inthesample, wecalculatedthefrequencyof…rstintercourse

belowagiven age. A tthis levelitis impossibletocomputethemedian survivallevel.

Consequently, frequencies forthis indicatorpotentiallyrangedfrom 0 to100% 1. Subse-

quently, weappliedsmoothingtechniques toobtainanestimatedvalueforeveryItalian

municipality. A sfortheagesselected, weusedthemedianage(totheclosestinteger) for

1T hefrequencyof…rstintercoursebelowagivenagewasusedintheanalysis byCazzola(19 9 9 ).
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eachsex, thatis18 yearsformalesand19 yearsforfemales.

In both cases weused the smoothingmethod L O ESS (robustL O callyweightedre-

grESSion) (Cleveland, 19 7 9 ) 2. T he estimatoris based on theqpoints ofthe sample

thatarenearesttothecurrentlyestimatedobservation (with 1 ·q·nwheren is the

samplesize). A localpolynomialofdegreedis …ttedusingweightedlastsquares, where

thenearestpointsarethemostimportantones inthecomputationof…ttedvalues. T he

regressioncoe¢cientsareestimatedinordertominimizethefollowingexpression:

nX

k= 1

wk(xi)(yk¡¯ 0 ¡¯1xk+ :::¡¯ dx
d
k)
2

wherewk(x)is derivedfrom thesuitablekernelfunctionw(x), whichweights obser-

vations accordingtotheirdistancefrom thecurrentpoint. T his estimatoris builtbya

iterativeprocedurethatrepeatedlydown-weigthtsoutliersfromthecurveestimatedinthe

previous step. Inourapplication, weoptedforasecondorderpolynomialfunction. W e

usedthesocalled’tri-weight’functionde…nedas

w(x)=(1 ¡jxj3)3 jxj< 1 w(x)=0 jxj·1 :

If ^̄(xi) is the vectorofestimated parameters the estimated value foryi is ŷi =
P d

r= 1
^̄
r(xi)xri.

T hegeneralizationtohigherdimensionsurfaces is describedinClevelandandD evlin

(19 88). In this case, themethodgives amultivariate surface in p+ 1 dimensions ifp

regressors are used. In amultivariate contexta p-dimensionalneighborhood mustbe

selected in thepredictorspace. T he selected points aretheqnearestpoints tothe p-

variatepoint(xi), relativetothei-thobservationcurrentlyestimated. O nceagain, each

2 L O ESS was initiallyintroducedinordertoproduceasmootherversionofscatterplots, i.e. toaccom-
modatedataforwhichyi= g(xi)+ "iwhere"irepresentsarandom variablewith0 meanandaconstant
scale, andg(:) representsasmoothfunction.
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pointisweightedaccordingtoitsdistance½(xi;xk)from thecurrentobservationbythe

weightfunctionoftheprevious type. T hemetricusedhereis theusualEuclideannorm.

In this casealso, theweights areobtainedaswk(xi)= w(½(xi;xk))=hiwherehi is the

distancefrom thep-variatepointxifrom itsq-thnearestpoint3.

3.2 R esults

T hemapsthatresultfrom ouranalysis areshowninFigures 2 and14. Forfemales, one

canperceiveaspatialtrendfrom south-easttonorth-west–forbothindicators (Figure2-

(A )andFigure1-(A )), withareversalofthetrendinthefarnorth-west. Incaseofmales,

the spatialtrend appears tobemuch less evident. H ereweobserved amoreuniform

distributionofearlyintercourse(or, ofthelowermedianage) acrossthecountry.

Ingeneral, localfeaturesplayamoreimportantroleformalesthanforfemales. Incase

offemales, thetraditionalsouth-northgradientappearstoberelevant. T heseresultsarein

linewiththeexpectationspresentedintheexistingliteratureonthissubject. N evertheless,

weshallkeepinmindthatbecauseofthesmallersamplesize, theanalysisformalessu¤ers

fromalargervariabilityfactorthantheoneforfemales.

FIG U R ES 1 A N D 2 A R O U N D H ER E

4 A parametricdiscrete-timeeventhistoryspatialapproach

4.1 M ethods

3In ouranalysis, weused the L O ESS algorithms implemented in S-P lus 2000 (Venables and R ipley,
2000). A featureofthealgorithm is thatpredictions from L O ESS arecon…nedtotherangeofthedata,
both on the x and the y axis. W e imputed out-of-range values with aspatialtrend computed with a
G eneralizedA dditiveM odel(G A M ). G A M isatypeofnonparametricmodelwidelyusedinthestatistical
literature(H astieand T ibshirani, 19 9 0). G A M is ageneralizationofthe G eneralized L inearM odel;the
linearpredictorisreplacedbyanadditivepredictor. Inthecaseofp explanatoryvariables, aG A M model
canbede…nedas g(¹) = ® +

P p
i= 1 fi(x);wheretheresponseY is assumedtobelongtotheexponential

family, ¹ = E(Y ) andg(x) is aregularfunctioncalledlinkfunction.

4In ordertobuildmaps atamunicipalitylevelforthis andsubsequentsections, weusethe A rcV iew
G IS softwarepackage[?].
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Inordertostudythespatialpro…leofthehazardof…rstsexualintercourse, weuseda

multilevel(variancecomponent)discrete-timeeventhistorymodel–belongingtothefamily

ofgeneralizedlinearmixedmodels (seee.g. G oldstein, 19 9 5 andSteeleetal., 19 9 6). W e

builtaperson-yeardatasetandwelinkedarea-levelspatialvariables5 withtheindividual-

levelgeographicaldata. T hearea-levelweuseis themunicipality. Individualswhohave

notyetexperienced…rstsexualintercourseatthetimeofinterviewareright-censored.

G iventhatthe…rstsexualintercourseis anon-repeatableevent, itis notpossibleto

identifyavariancecomponentwhichrepresentsunobservedheterogeneityattheindividual

level. Itisneverthelesspossibletoidentifysuchacomponentatthearealevel. T hismeans

thatwecanestimateatthearealevelthepresenceofunobservedfactorswhichin‡uence

thetimingofthe…rstsexualintercourse. W euseonlyspatialcharacteristics (including

the sizeofthearea) as area-levelcovariates, with linearsplines forthespeci…cationof

theirpro…le. W edesignedseparatemodelsformenandwomen.

T hegeneralformulationofthemodelweusedisthefollowing:

log
PrfYxij=1g

1 ¡PrfYxij=1g = ® 0 +
X

fk:xk·x< xk+ 1g
®kX k+

X

fk:̧ k< Ljg
¯k(min(̧ k+ 1;L j)¡¸k)+

X

fk:¹k< M jg
° k

¡
min

¡
¹k+ 1;M j

¢
¡¹k

¢
+

X

fk:¼k< Pjg
±k(min(¼k+ 1;Pj)¡¼k)+ "j;

where: Yxij is theindicatorforthe…rstsexualintercourseatagexfortheindividual

i intheareaj, ® 0 representsthebaselinelog-odds-ratio, X k is theindicatorforageclass

k=1 ;::;lwiththelowerlimitxkandtheupperlimitxk+ 1 (withxl+ 1 =1 ) and®k isthe

log-odds-ratiooftheageclassk. M oreoverweput:

5R ememberthattheplaceofresidenceis constantacross timebecausewecanonlyuseas areference
the…rst15 yearsofanindividual.
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P
fk:̧ k< Ljg

¯k(min(̧ k+ 1;L j)¡¸k): linearspline forlatitude, with knots …xed at¸k

(startingfrom thesouthernmostpointinItaly). ¯krepresentstheslopebetween¸kand

¸k+ 1 and L jrepresentsthelatitudeofareaj;
P

fk:¹k< M jg
° k

¡
min

¡
¹k+ 1;M j

¢
¡¹k

¢
: linearsplineforlongitude, withknots…xedat¹k

(startingfrom thewesternmostpointinItaly). ° k representstheslopebetween ¹kand

¹k+ 1 and M jrepresentsthelongitudeofareaj;
P

fk:¼k< Pjg
±k(min(¼k+ 1;Pj)¡¼k): linearsplineforthepopulation, withknots…xedat

¼k. ±krepresentstheslopebetween¼kand¼k+ 1 andPjis thepopulation(intheunitof

thousands)ofareaj:Finally"jrepresentstherandomresidualatthearealeveldistributed

as N
¡
0 ;¾ 2"

¢
:

W eusedafull-likelihoodspeci…cation, whichcanbeimplementedbytheaM L package

(A ppliedM aximumL ikelihood)(L illardandPanis, 2000). Standarderrorsoftheestimates

arecorrectedusingaH uber-typeprocedure(H uber, 19 67 ).

4.2 R esults

Insomeofthespeci…cationswe…ttedasubsetofthemodeljustpresented. M odels1 and

2 (Tables 1 and 2) weredesigned, forbothmales andfemales, in ordertoseewhether

thereis asigni…cantcomponentofunobservedheterogeneityatthearealevel. Inother

words, wewantedtoseewhetherspace(andspace-relateddeterminats) matters forthis

behavior. T heonlyothervariablewhichweconsideredinthesemodels is theagegroup.

A sweexpected, thereclearlywasanagetrend, withanon-monotonicshapeofthehazard

reachingitsmaximum atages 18 and19 formales, and20 and21 forfemales. W henwe

focusedonunobservedheterogeneityatthearealevel(estimatedinmodel2), wegained

someinterestinginsights. Formales, theestimatedstandarddeviationof"jis 0.24. Itis

di¤erentfrom zeroonlyatthe5% signi…cancelevel, andthelikelihood-ratiotestrejects

themodelwithunobservedheterogeneity(thep-valueis 0.16). T his resultis consistent

withthe…ndingsinthenon-parametricpart: spatially-relatedaspectsplayalessrelevant
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roleformenthantheydoforwomen. Infact, whenweanalyzemodel2 forwomen, the

s.d. isestimatedat0.41. Itisdi¤erentfromzerotowithap-valuelowerthan1% , whichis

alsothecaseforthelikelihood-ratiotest. H avingobtainedour…rstresults, weproceeded

byusingmodels with unobservedheterogeneityattheareamodelforfemales only. In

whatfollows, mostlyforreasonsofcomparisons, wecontinueanalyzingmales.

TA B L ES 1, 2 A R O U N D H ER E

Spatialcoordinatesareusedinmodels3, 4and5 (theresultsarereportedinTable3for

malesandTable4forfemales). Inmodel3, weconsideredonlythesouth-northgradient,

usinglatitude(which is believedtoplaythemostimportantrole);wethen introduced

longitudeasafurtherdimension(model4). Inmodel5, wecheckedourresults, controlling

forthesizeoftheplaceofresidenceatthe15thbirthday.

T heinclusionoflatitudeandlongitudesplinesimprovedthemodelwithoutunobserved

heterogeneityatthecommunitylevelformen(thelikelihood-ratiotestformodel4against

model1 is26.28 with15 d.f. , p-value= 0.04). A sweexpected, thisisevenmoresothecase

forwomen(thelikelihood-ratiotestformodel4againstmodel2 is 224.86with15 d.f., p-

value< 0.01). T heseresultsjustifytheinclusionofthesplinesforgeographicalcoordinates

forboth genders. T he results regardingestimates forthe parameters oflinearsplines

arenoteasilyinterpretable. N evertheless, theyallowedustoproducespatialpro…les by

plottingthem. W ealsointroducedthesizeoftheplaceofresidenceasacontrolvariable

todrawspatialpro…les netofits e¤ect. Forbothgenders, itdoes notaddsigni…cantly

tothemodel(likelihoodratiotestsofmodel5 vs. model4are3.66formenand5.34for

women, with4d.f. andp-valuesof0.45 and0.25 respectively).

TA B L ES 3, 4 A R O U N D H ER E

InFigure3, weplottedthesouth-northpro…leofthelog-odds-ratiosforthehazardof

…rstsexualintercourseformales, derivedfrommodel5, andinFigure4thesamepro…leis

shownforthewest-eastdirection. Figures5 and6representspatialpro…lesforfemales. For

referencepurposes, weindicatedovertheplotsthelocationofsomecities. A s itappeared
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fromthenon-parametricanalysis, thesouth-northgradientisevidentanditis important

forfemales. Forbothmalesandfemales, thepeakoftheriskof…rstsexualintercourseis

aroundthelatitudecorresponding(moreorless)tothecityofR imini, withanodds-ratio

ofabout2.6regardingthesouthernmostpoint. M uchlessvariationisobservedwhenthe

longitudepro…leisdrawn.

FIG U R ES 3, 4, 5 A N D 6A R O U N D H ER E

T headvantage ofthemethodwe propose is that, by usingspatialcoordinates, we

areabletodrawmaps usinglog-odds derived from themodel. In Figures 7 and 8 we

reproducedthemapsofItalyfromthemodel. T hepicturesweobtainedarenotfarfrom

theones drawn, usingnon-parametricmethods. T headvantagehere is thatweuseda

full-informationmaximum likelihoodapproach, andparametricmethods allowformore

‡exibility, e.g. controlfortime-varyingcovariates, alsousingstandardexistingpackages

which embed multilevelmodels. In ourcase, maps help toconnectthe results ofthe

discrete-timeeventhistory parametricmodeltothoseofthenon-parametricapproach.

T he south-northgradientforwomen, forinstance, stillclearly shows up, and forboth

sexesthepeculiaritiesofthecentral-northernareasarevisible.

FIG U R ES 7 A N D 8 A R O U N D H ER E

5 Cohortdynamics

W e then focused ourattention on societalchange and splitthe data intotwogroups

accordingtobirthcohort. G iventhesizeofthesamplesandtheresultsofourpastanalysis

(thelowimportanceofspaceattributedtomales), weperformedthisexerciseforfemales

only. T heoldercohortiscomposedoffemalesbornup to19 60, whiletheyoungercohort

consists offemales bornafter19 61. W ethus obtainedgroups thatarealmostbalanced

(46.6% ofthetotalfemalesampleis intheoldercohort). Cohortanalysis isusefulsince

itprovides insightintothequestionwhetherbehaviorthatis relatedtothe…rstsexual

intercourseis in‡uencedbyaspatialdi¤usionprocess. Followingthesamepathweused
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before, wethen…rstanalyzedthespatialaspectsofcohortdynamics, usingnon-parametric

methods in the same fashion as shown in section 3. T hen we considered parametric

eventhistorymodels inordertostudythecontributionofthespatialcoordinates tothe

explanation ofcohortchanges 4. In the lastsubsection, we alsoused amoredetailed

de…nitionofcohort, inthatweallowedforcohorttrends.

5.1 M appingcohortdynamicsusingnonparametricmethods

A s wasthecaseforthefullsample, we…rstperformedananalysis basedonthemedian

survivalcomputed aggregatingdata in provinces. W e then carried outon an analysis

basedonthemunicipalfrequencyof’early’…rstintercourse.

T hemaps inFigure 9 showthegeographicshapeofthemedian survivalageforthe

olderand youngercohort. Cutpoints arechosen tobeequaltotheones towhichwe

referredtointhecaseofthewholesample. T hesemapsarethusdirectlycomparablewith

map (A ) inFigure1. T hemaps inFigure10 showthegeographicshapeofthefrequency

withrespecttothecutpointsusedinthewholesamplecase. T husthesemapsaredirectly

comparablewithmap (A ) inFigure2.

FIG U R ES 9 A N D 10A R O U N D H ER E

A crossthewholecountry, ageneralshifttoearly…rstintercourseisvisible. A remark-

able stability is presentin the southwhile in thecenterand in thenorthweobserved

atrendtowards abehaviorthatis morehomogeneous, whichmightbeduetodi¤usion

processes. T hisprocessappearstostartfromthetwopolesoftheextremenortheastand

EmiliaR omagna. A similarandfastdevelopmenttakes placeinthe islandofSardinia.

T henon-parametricanalysisofcohortdatathusprovidesevidenceforadi¤usione¤ect.

5.2 Parametricanalysisofcohortdynamics

In this partwe limited ourattention tothe di¤erentialrole ofspatialcoordinates in

explainingvariabilityatthetimeto…rstsexualintercourseatthecohortlevel. T heidea

isthat, ifaspatialdi¤usionprocessunderliespartoftheobserveddynamics, geographical
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coordinates shouldexplainalargershareofthecommunity-levelvariability(whichalso

re‡ects socio-economicandculturalfactors).

W e thus …tted separate models, formulated as model4 in pastanalyses, forboth

cohorts. R esultsarepresentedinTable5. Intheoldercohort, abouthalfofthecommunity-

levelestimatedvarianceisexplainedwhenweintroducelatitudeandlongitudesplines. In

theyoungercohort, this shareraises tomorethan 7 0% . T heresults areconsistentwith

thosefoundwhenusingthenon-parametricmethod, andtheyprovidesomeevidencethat

aspatialdi¤usionprocess istakingplace.

Tofurtherinvestigatetheroleofspatialcoordinates, weallowedthemunicipality-level

variabilitytobecontinuouslyvaryingacrossbirthcohorts, usingalinearsplinetorepresent

thestandarddeviationas itvariesacross cohorts (weusedyearandmonthofbirth, and

knotsareputevery…fthyear). T heresultsofthisanalysisareshowninFigure11.

FIG U R E11 A R O U N D H ER E

Similarlytotable5, weintroducedgeographicalcoordinates subsequentlyonly. T he

…gureshowsaweak, butstillinterestingevidenceof1)theincreasingroleofmunicipality-

levelfactorsacrosscohorts, with2) anincreasingpartofmunicipality-levelfactorswhich

areexplainedmerelybygeographicalcoordinates.

TA B L E 5 A R O U N D H ER E

6 Conclusionsanddiscussion

Inthis paper, wecombinedthetechniques ofeventhistoryanalysis andspatialanalysis

jointlyinordertoanalyzetheageat…rstsexualintercourseinItaly. B ystartingfromFFS

surveydatalinkedtothegeographicalcoordinatesoftheplaceofresidenceofrespondents

duringtheir…rst15 yearsoflife, weusednon-parametricmethodstodrawmapscapturing

this phenomenon in Italy. Subsequently, we used discrete-time eventhistory models,

includinggeographicalcoordinates as amunicipality-levelcovariate. In ourview, the

simpleuseofgeographicalco-ordinatesasarea-levelcovariates, whichiseasilyapplicable

13



tootherstudieswiththeuseofstandardsoftwareallowingformultilevelstatisticalmodels,

isthemajorinnovationofthispaper. T hisapproachalsoallowstobuildmapsofrelative

oddsofexperiencingacertainevent. Finally, wecarriedoutananalysisofcohortdynamics,

mainlyinordertoexplorethepresenceofspatialdi¤usionprocesses. O urproposalsjoining

twoimportantandsofarratherseparatedstreamsofresearch, andwebelievethisistheir

mainstrengthandnovelty.

Concludingthispaper, wewouldalsoliketostressthelimitationsoftheproposedap-

proachandoftheanalysiswewereabletocarryout. G iventhelimitationsofourdata, we

didnotfullyexploitthepossibilitiesoftheproposedapproach. Inparticular, individuals

were attached toonemunicipality only, while the place ofresidence is clearly atime-

varyingcovariateduringthelifecourse, especiallyifonelooksatyoungadults. Ingeneral,

wedid notexploitthe possibility ofusingtime-varyingcovariates. Suchopportunities

shouldbeexploitedinfutureresearche¤ortsfollowingtheapproachwepropose.

From the technicalside, the normality assumptions underlyingthe distribution of

unobserved heterogeneity may be overcome by other, less stringent, assumptions. W e

followed a standard approach becausewewanted to emphasize otheraspects and we

couldnotenterintothedebateonassumptionsconcerningthedistributionofunobserved

characteristics. A notherpoint, connected tothe improvedexploitation ofgeographical

informationsystems, is theuseofgeographicalcoordinates. Ifmicro-leveldataallowfor

that, …nerreferences (e.g. forlargecities) canbeused in futureresearch, andthis will

allowformoreprecisioninthede…nitionofadecision-relevantcontext.

Fromthebehaviouralside, itisclearthatthisapproachtoanalysiscannotbeameans

toanend. Explaininggeographicalvariationisthenexttask. M apsandpro…lematerials

provideasubjectforsubsequentresearch, bothonthetheoreticalandontheempirical

side. Forinstance, amorere…nedanalysis is necessarytofurtherinvestigatethespatial

di¤usion ofearlier…rstsexualintercourses in Italy. O urmethods, however, allowus to

analyzethedynamicsoftheroleofspaceforbehaviorsforwhicheventhistoryanalysis is

anappropriatetechnique.

14
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Parameters M odel1 M odel2
estimate std.error estimate std.error

Constant -2.6629 * * 0.0833 -2.69 68 * * 0.0883
A ge(reference=14-15)
16-17 1.17 32* * 0.109 8 1.1865* * 0.109 8
18 -19 1.7 9 41* * 0.1009 1.8350* * 0.1010
20-21 1.67 03* * 0.1128 1.7 343* * 0.1140
22-23 1.29 41* * 0.1847 1.37 66* * 0.1850
24-25 1.5239 * * 0.2166 1.6289 * * 0.2243
26- 0.3369 * * 0.2101 0.4667 * 0.2208

¾" 0.2352* 0.09 45
log-likelihood -2668.54 -2667 .53
* * : p-value< 0.01, * : p-value< 0.05

Table1: D iscretetimeeventhistorymodels1-2. M ales

Parameters M odel1 M odel2
estimate std. error estimate std. error

Constant -3.8504* * 0.07 23 -3.9 125* * 0.07 38
A ge(reference=14-15)
16-17 1.49 22* * 0.0824 1.5182* * 0.0828
18 -19 2.37 40* * 0.07 9 5 2.4604* * 0.07 9 3
20-21 2.5083* * 0.0835 2.6617 * * 0.0840
22-23 2.3823* * 0.0882 2.59 9 3* * 0.08 7 7
24-25 2.5518* * 0.09 50 2.8119 * * 0.09 7 2
26- 1.7 543* * 0.089 8 2.09 9 5* * 0.09 10

¾" 0.4056* * 0.0200
log-likelihood -11453.41 -11359 .30
* * : p-value< 0.01

Table2: D iscretetimeeventhistorymodels1-2. Females.
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Parameters M odel3 M odel4 M odel5
estimate std. error estimate std. error estimate std.error

Constant -2.7 37 0 * * 0.3527 -1.7 202* * 0.5008 -1.6800* * 0.5331
A ge(reference= 14-15)
16-17 1.1855* * 0.1116 1.1804* * 0.1118 1.1828* * 0.1127
18 -19 1.8324* * 0.1016 1.8239 * * 0.1030 1.827 0* * 0.1042
20-21 1.7 304* * 0.1144 1.7 204* * 0.1144 1.7 211* * 0.1158
22-23 1.37 25* * 0.19 06 1.3503* * 0.19 22 1.349 7 * * 0.19 7 6
24-25 1.6261* * 0.2222 1.59 7 1* * 0.2206 1.6106* * 0.2340
26- 0.4614* 0.2314 0.4255+ 0.219 1 0.447 1* 0.2228
L atitudespline(origin= 36±380N )
Slope-38 0.07 36 0.327 1 0.0212 0.317 5 -0.0556 0.329 1
Slope38-39 -0.6554* 0.3215 -0.8 804* 0.3547 -0.8 9 14* 0.358 7
Slope39 -40 0.5116 0.3315 0.7 47 7 + 0.4357 0.7 9 8 0+ 0.4552
Slope40-41 0.1837 0.2488 0.1329 0.3849 0.1165 0.4025
Slope41-42 0.0019 0.2360 -0.0320 0.2841 -0.1412 0.289 9
Slope42-43 0.008 8 0.3102 -0.0265 0.329 4 0.1369 0.339 0
Slope43-44 0.237 5 0.307 2 0.17 9 0 0.3009 0.1640 0.3035
Slope44-45 -0.5030* 0.2265 -0.628 7 * 0.247 6 -0.6651* * 0.2516
Slope45- 0.1218 0.1801 0.27 04 0.2013 0.27 22 0.19 7 9
L ongitudespline(origin= 6±370E )
Slope-9 -0.327 5* 0.1425 -0.319 5* 0.1503
Slope9 -11 0.0016 0.0868 -0.0228 0.09 26
Slope11-13 -0.0322 0.117 2 -0.0039 0.117 9
Slope13-15 -0.09 7 0 0.137 1 -0.1030 0.1356
Slope15-17 0.159 3 0.147 1 0.1849 0.149 0
Slope17 - -0.2839 0.3057 -0.337 7 0.3140
Population spline(origin= 0 )
0-5,000 0.0251 0.037 3
5,000-20,000 -0.0138 0.009 4
20,000-100,000 0.0009 0.0018
100,000-1,000,000 0.0001 0.0001
1,000,000-

¾" 0.1644 0.1122
log-likelihood -2660.26 -2655.40 -2653.57
* * : p-value< 0.01, * : p-value< 0.05, + : p-value< 0.1

Table3: D iscretetimeeventhistorymodels3-5. M ales
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Parameters M odel3 M odel4 M odel5
estimate std. error estimate std. error estimate std. error

Constant -4.417 9 * * 0.2815 -4.157 1* * 0.3360 -4.1341* * 0.347 6
A ge(reference= 14-15)
16-17 1.5164* * 0.0835 1.5168 * * 0.0835 1.517 0* * 0.0869
18-19 2.468 7 * * 0.0809 2.469 8 * * 0.0809 2.47 06* * 0.0814
20-21 2.67 7 7 * * 0.0854 2.67 9 2* * 0.0852 2.6801* * 0.0858
22-23 2.6254* * 0.0885 2.627 8 * * 0.0885 2.629 0* * 0.08 9 6
24-25 2.847 5* * 0.1010 2.8484* * 0.1005 2.8489 * * 0.09 9 5
26- 2.1430* * 0.09 40 2.1339 * * 0.09 28 2.137 7 * * 0.09 30
L atitudespline(origin= 36±380N )
Slope-38 -0.0305 0.257 3 -0.0328 0.2368 0.027 2 0.239 2
Slope38-39 0.2351 0.219 1 0.2835 0.2213 0.2555 0.2240
Slope39 -40 -0.057 4 0.2268 -0.0016 0.2640 -0.007 3 0.27 46
Slope40-41 -0.0864 0.1550 -0.17 37 0.17 40 -0.207 2 0.1859
Slope41-42 0.7 9 9 6* * 0.1281 0.57 9 0* * 0.17 62 0.5316* * 0.19 29
Slope42-43 -0.29 21+ 0.17 54 -0.27 84 0.19 55 -0.1820 0.2046
Slope43-44 0.5586* * 0.1853 0.547 1* * 0.19 25 0.49 48 * 0.19 24
Slope44-45 -0.439 4* * 0.1321 -0.28 7 6* 0.137 8 -0.2430 0.1403
Slope45- 0.067 5 0.0851 -0.0080 0.0856 -0.0038 0.08 7 7
L ongitudespline(origin= 6±370E )
Slope-9 -0.1515+ 0.0855 -0.2269 * * 0.0850
Slope9 -11 0.19 56* * 0.0485 0.2041* * 0.0504
Slope11-13 -0.0555 0.0581 -0.0486 0.059 9
Slope13-15 -0.1406+ 0.07 7 5 -0.137 8+ 0.0800
Slope15-17 0.0356 0.0815 0.0301 0.0869
Slope17 - -0.08 7 2 0.17 7 8 -0.0842 0.1816
Population spline(origin= 0 )
0-5,000 0.0153 0.0215
5,000-20,000 0.0001 0.0058
20,000-100,000 0.0011 0.0012
100,000-1,000,000 0.0000 0.0001
1,000,000-

¾" 0.29 09 * * 0.0254 0.2647 * * 0.027 0 0.2682* * 0.029 7
log-likelihood -11257 .55 -11246.8 7 -11244.20
* * : p-value< 0.01, * : p-value< 0.05

Table4: D iscretetimeeventhistorymodels3-5. Females.
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a b c=1 ¡(a2 ¡b2)=a2

M odelwithout M odelwith Variance(% ) explainedby
coordinates coordinates geographicalcoordinates

Cohorts estimate std.error estimate std.error
19 46-1960
¾" 0.3162* * 0.037 0 0.2233* * 0.0527 50.1%
1961-19 7 5
¾" 0.4801* * 0.03865 0.2503* * 0.0501 7 2.8%
* * : pvalue< 0.01, * : pvalue< 0.05

Table5: D iscretetimeeventhistorymodels1-2. M ales

Figure1: M edianageat…rstintercourse: (A ) females(B ) males

(A) (B)

N

EW

S

<=  19.14
19.14 - 19.42
19.42 - 19.61
19.61 - 19.8
19.8 - 20.02
20.02 - 20.4
20.4 - 21.48
> 21.48 

<= 17.38
17.38 - 17.74
17.74 - 18.06
18.06 - 18.41
18.41 - 18.59
18.59 - 18.88
18.88 - 19.88
> 19.88 
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Figure2: Frequencyof’early’…rstintercourse: (A ) females (B ) males

(A) (B)

N

EW

S

<= 0.3
0.3 - 0.39
0.39 - 0.46
0.46 - 0.5
0.5 - 0.53
0.53 - 0.58
0.58 - 0.65
> 0.65 

<= 0.57
0.57 - 0.65
0.65 - 0.69
0.69 - 0.72
0.72 - 0.75
0.75 - 0.78
0.78 - 0.82
> 0.82 

Figure3: Spatialpro…lebylatitude: M ales
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Figure4: Spatialpro…lebylongitude: M ales
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Figure5: Spatialpro…lesbylatitude: Females
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Figure6: Spatialpro…lesbylongitude: Females

-0.6

-0.4

-0.2

0.0

0.2

0.4

0.6

7 9 11 13 15 17

Longitude (degrees East)

Lo
g-

od
ds

-r
at

io

Rome/
Perugia

Naples

RiminiTurin

Cagliari/
Milan

Bolzano

Catanzaro Bari

Figure7 : M apoflogodds: Females

N

EW

S

<= -0.19
-0.19 -  -0.08
-0.08 -  0.28
0.28 - 0.34
0.34 - 0.4
0.4 - 0.46
0.46 - 0.53
0.53 - 0.6
0.6 - 0.64
> 0.64 
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Figure8: M apoflogodds: M ales

N
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S

<= -1.2
-1.2 - -1.11
-1.11 - -1.05
-1.05 - -1
-1 - -0.96
-0.96 - -0.91
-0.91 - -0.85
-0.85 - -0.79
-0.79 - -0.69
> -0.69 
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Figure9 : M apsofmedianageat…rstintercourseforolder(A ) andyounger(B ) cohort:
Females

(A) (B)
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19.14 - 19.42
19.42 - 19.61
19.61 - 19.8
19.8 - 20.02
20.02 - 20.4
20.4 - 21.48
> 21.48 

<= 19.14
19.14 - 19.42
19.42 - 19.61
19.61 - 19.8
19.8 - 20.02
20.02 - 20.4
20.4 - 21.48
> 21.48 
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Figure10: M apsof’early’…rstintercourse: O lder(A ) andyounger(B ) cohort: Females

(A) (B)
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0.39 - 0.46
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<= 0.3
0.3 - 0.39
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Figure11: Standarddeviationbycohort(linearspline)
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