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1 Introd uc tion

T he rec ently observed increasesinb oth earningsand income inequality inmost d e-

veloped countrieshasb rought inequality b ack onthe agend a ofapplied research

(Atkinson,R ainw ater,and Smeed ing199 4 ,G ottschalkand Smeed ing1998).W hether

the observed movementsare ind eed statisticallysignī c ant isa somew hat neglected

question. Stand ard method sofstatistic alinference for inequality (or poverty and

mob ility) measuresare b ased onthe assumptionthat income isanind epend ent and

id entically d istributed rand om variable (B each and David son1983, Cow ell1998a,

Cow ell1998b ,Hoe®d ing19 4 8).U nfortunately,income d ata inmost empiric alprob -

lemsare neither id entic ally nor ind epend ently d istributed . T he i.i.d . assumption

oftenfailsinprac tice b ecause ofthree typesofviolations.First,the assumptionof

id enticald istributionsisviolated b ec ause inclusionprob ab ilitiesare not id entic alfor

allind ivid uals.Second ,temporald epend enciesoc cur inpaneld ata b ecause the same

personisobserved at d i®erent pointsintime and her incomesare correlated .T hird ,

c ontemporaneousd epend enciesarise b ec ause income receiverslive inhousehold sand

lab our supply d ec isions,for instance,are takenjointly.

T hispaper d evelopsd istribution-free method sinthe presence ofsuch contempo-

raneousd epend encies,and thereby provid esa c omplement to tw o rec ent ad vancesin

statistic alinferencesfor inequalityind ices,i.e.,the treatment ofnon-id entic alsample

inclusionprob ab ilities(Sand strÄom 1987) and functionalor temporald epend ence of

income d ata for Lorenz curves(David sonand Duclos1997).

T he consid erationsare important since inferencesb ased onthe w rongd ata gener-

atingmechanism are uninformative ascanb e seeninthe follow ingartī c ialexample:

assume that w e are interested inthe meanincome ofind ivid uals,that allhousehold s

c onsist oftw o persons,and that income isd istributed as

(X 1;X 2 )»N (¹;§ )

w ith unknow n¹ but know n

§ =

2
64
1 ½

½ 1

3
75 :

T he d ata are sampled onthe household level, i.e., the sample isclustered . From

each household i= 1;:::;n w e have a pair ofincomes(X i1;X i2 ).O bviously,mean
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ind ivid ualincome c anb e estimated by ¹X = 1
2 n

P
(X i1 + X i2 ):To ob taina c on̄-

d ence intervalfor ¹X w e need itsvariance V ar
³
¹X
´
.Wronglyneglec tingthe possible

intra-household d epend ence w ould result inV ar
³
¹X
´
= 1= (2 n),w hereasthe variance

ac tually isV ar
³
¹X
´
= (1 + ½)= (2 n):Note that w hether the variance issmaller or

larger thaninthe i.i.d .case d epend sonthe kind ofcorrelation.T he more unequal

the intra-household d istributionthe smaller the variance.

T hispaper isorganized inthe follow ingw ay: Sec tion2 introd uc esthe notation

and givesa b riefoverview over stand ard statisticalinference for inequalitymeasures

w henthe observationsare infac t i.i.d . Sec tion3 isthe maincontributionofthis

paper: w e d evelop nonparametric method sofstatistic alinference w henthere are

c ontemporaneousd epend encies.We c onsid er b oth scalar measuresofinequality(mo-

mentsb ased ind icesand the G inic oe± cient) and Lorenz curves.Sec tion4 c ompares

our estimatesw ith the stand ard i.i.d .case bymeansofM onte-Carlo simulation.An

empiric alillustrationusingearningsd ata from the G ermanSoc io-economic panelis

also given.Finally,sec tion5 conclud es.

2 Ind epend ent observations

T hissec tionb rie°yrec allsthe stand ard theory ofinequalitymeasurement and infer-

encesb ased oni.i.d .income d ata.We examine memb ersoftw o classesofmeasures,

namelymoments-b ased measuressuch asthe G eneralised E ntropyind exand quantile-

b ased measuressuch asLorenz curvesand the G inic oe± c ient.

Let X represent the rand om variable income w ith d istributionF(x),givingthe

proportionofthe populationw ith income lessthan,or equalto,x.X i,i= 1;:::;n

d enotesani.i.d .sample ofsize n from F.It isthisassumptionw hich w illb e ab an-

d oned insubsequent sec tions. T he empiric ald istributionfunctionofX isd e¯ned

as

F̂n(x) =
1
n

nX

i= 1
1(X i·x)

w here 1(c) isanind icator func tionequalto 1 ifcond itioncismet and 0 otherw ise.

Let I b e a moment-b ased inequalitymeasure such asa G eneralized E ntropymea-

sure or Atkinson'sinequalityind ex.Let gi(X );i= 1;:::;K b e transformationsofthe

rand om variable,and ¹(gi(X )) their expec tations.For ease ofnotationlet ¹ d enote
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the columnvec tor (¹(g1(X ));:::¹(gK (X )))0.Allmemb ersofthe classofmoment-

b ased inequalitymeasurescanb e w rittenasI = I (¹):For instance,the G eneralised

E ntropy ind exG E®(F) w ith sensitivity parameter ® 6= 0 ;1 isd e¯ned by

I G E® =
1

® 2 ¡®

"
¹(g2 (X ))
[¹(g1(X ))]®

¡1
#

(1)

w ith the transformationfunctionsg1(X ) = X and g2 (X ) = X ®,i.e.,K = 2 .

T he unbiased sample estimator of¹(gi(X )),d enoted by ¹̂(gi(X )),is

¹̂(gi(X )) =
Z
gi(x)d F̂n(x) =

1
n

nX

j= 1
gi(X j); i= 1;:::;K: (2 )

T he method -of-momentsestimator ofthe classofmoments-b ased measuresis Î =

I (¹̂):Itsasymptotic d istrib utioniseasily d erived by the Cramer-W old -Device (Ser-

°ing 1980 ) and the d elta method (Cram¶er 194 6). For n ! 1 the momentsare

jointlynormallyd istrib uted ,
p
n(¹̂¡¹)¡! N (0 ;§ ) w ith c ovariance matrix§ w hose

elementsare

§ ij= ¹(gi(X )gj(X ))¡¹(gi(X ))¹(gj(X )); for i;j= 1;:::;K: (3)

T hiscovariance matrix canb e estimated c onsistently by replac ing the population

moments¹ by their empiric alcounterparts¹̂.

Since the momentsare asymptotic allynormallyd istributed the inequalityestima-

tor itself,b einga functionofthe moments,isnormally d istributed asw ell:

p
n(Î ¡I )¡! N

Ã
0 ;

Ã
@I
@¹

! 0
§

Ã
@I
@¹

! !
(4 )

w here (@I =@¹) isthe grad ient ofI.B oth the c ovariance matrixand the d erivative

ofI at the true value of¹ are obviouslyunknow n.How ever,ac cord ingto Slutsky's

theorem the asymptotic d istributionof̂I isunchanged ifw e replac e § and the partial

d erivativesby consistent estimates.

AsSand strÄom (1987) hasd emonstrated , takinginto ac c ount d i®erent inclusion

prob ab ilitiesisstraightforw ard . How ever, inord er to c oncentrate onthe issue of

contemporaneousd epend ence, w e w illassume insubsequent sec tionsthat the d ata

are id entic allyd istrib uted .T he mod ī c ationsnecessaryto takenonid entic alinclusion

prob ab ilitiesinto ac c ount are ob vious.
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T he Lorenz curve d epic tsthe cumulative income share ofthe least w ell-o® frac tion

ofthe population. Let xp and p d enote a quantile ofthe income variable and its

populationshare,xp = F¡1(p).A coord inate ofthe Lorenz curve isa pair (p;© (p;F))

w here

© (p;F) =
1

¹(X )

Zxp

0
xd F(x) (5)

and ¹ (X ) isthe populationmean. T he c onsistent estimator isob tained by using

the sample analogues© (p;F̂n),w hose asymptotic normality,show namongst others

inB each and David son(1983),follow sfrom the fac t that ord er statisticsare asymp-

totic ally normally d istributed around the respec tive populationquantiles. For the

variance estimator see B each and David son(1983).

T he last inequality measure to b e examined isthe G ini coe± c ient, perhapsthe

most w ell-know nquantile-b ased measure.T he G inic oe± c ient isd e¯ned as

G ini(F) =
± (F)
2 ¹ (X )

(6)

w here ±(F) :=
RRjx¡yjd F(x)d F(y). Hoe®d ing (19 4 8) show sthat anunbiased

estimator of±(F) is[n=(n¡1)]±(F̂n) w hich isa memb er ofthe classofU -statistics.A
limit theorem (the d elta-method for U -statistics) impliesthat the sample estimator of

the G inicoe± c ient isasymptotic allynormal.For the cumb ersome variance expression

see Hoe®d ing(194 8).

3 ContemporaneousDepend encies

T he usualvariance estimatorsare b ased onthe assumptionthat the d ata are in-

d epend ent and id entic ally d istributed .U nfortunately,thisassumptionoftenfailsin

prac tice,since,for instance,lab our supply d ec isionsare takenjointly w ithinhouse-

hold s.Ignoringsuch c ontemporaneousd epend enciesw illprod uc e w ronginferences.

Inthissec tionw e propose variance estimatorsw hich allow for such d epend encies.

3.1 M oment-b ased inequalitymeasures

Let X ib e the income ofind ivid uali.E ach ind ivid ualb elongsto a (unique)household ,

the household smayhave d i®erent sizes.Let the ind exsetsH h ,h = 1;:::;H d enote
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the household s, H b eing the numb er ofhousehold s. jH hjisthe size ofhousehold
h, the totalnumb er ofpersonsinthe sample isn =

P
h jH hj.W ith such contem-

poraneousd epend enciesX i,i= 1;:::;n is{ iford ered by household s{ a sequence

ofm -d epend ent rand om variab lesw ith m = max
h
jH hj. U singa limit theorem for

m -d epend ent proc esses(Spanos1986, p. 179), the Cramer-W old -Devic e and the

d elta-method give that

p
n(¹̂ ¡¹)¡! N (0 ;§ ) and V ar(Î ) =

1
n

Ã
@I
@¹

! 0
§

Ã
@I
@¹

!
(7)

asin(4 ) w here I isthe inequalitymeasure.

Inord er to d erive the asymptotic variance ofthe inequalityind exw e onlyneed to

know the covariance matrix§ ofthe empiric almoments¹̂ = (¹̂(g1(X ));:::;¹̂(gK (X )))0

w hich is

§ = C ov(¹̂) = E(¹̂ ¹̂0)¡¹¹0; (8)

since ¹̂ isunbiased .For ease ofnotation,ab b reviate gp(X ) by gp and gp(X i) by gpi.

Consid er a typic alelement (p;q) ofthe (K £K )-matrixE(¹̂ ¹̂0) :

E(¹̂(gp)¹̂(gq)) = E

2
4
Ã
1
n

X

i
gpi

! 0
@ 1
n

X

j
gqj

1
A
3
5

=
1
n 2

X

h

X

i2H h

E(gpigqi)+
1
n 2

X

h

X

i2H h

X

j2H h ;j6= i
E(gpigqj)

+
(n 2 ¡P

h jH hj2 )
n 2

¹(gp)¹(gq) (9)

T he ¯rst term in(9) refersto allind ivid uals,neglec tingany d epend encies.T he

sec ond term in(9) may b e w rittenas

X

h

X

i2H h

X

j2H h ;j6= i
E(gpigqj) =

maxh jH hjX

s= 1

X

h:jH hj= s

X

i2H h

X

j2H h ;j6= i
E(gpigqj);

w here s isanind exfor household size.Assumingthat the (theoretic al) expec tation

E(gpigqj) = :¹
(s)
p;q;i;jisconstant ac rosshousehold sofequalsize,the last equationmay

b e w rittenas
X

s

X

i6= j
¹(s)p;q;i;jn

(s); (10 )

w here n(s) isthe numb er ofhousehold sofsize s.Construc tinganestimator for ¹ (s)p;q;i;j
isstraightforw ard : c ompute the sample crossprod uc tsgpgq for allhousehold sofsize
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s.A naturalestimator for ¹ (s)p;q;i;jthusis

¹̂ (s)p;q;i;j=
1
n(s)

X

h:jH hj= s

1
s(s¡1)

X

i2H h

X

j2H h ;j6= i
gp(X i)gq(X j): (11)

T he ¯rst and third term in(9) are estimated inthe ob viousw ay. T hus, allthe

c omponentsnecessaryfor c alculatingthe asymptotic variance ofthe inequalityind ex

are available: Havingestimated E(¹̂ ¹̂0) in(8) by (9) w e immed iately arrive at the

variance estimator (7). Ifthere are no intra-household d epend enciesonly the ¯rst

term in(9) isnon-zero and w e arrive at the usual(i.i.d .) variance estimator.

Note that w e d o not need any informationregard ingthe positionofind ivid ual

iinthe household . We simply impose symmetry onallhousehold memb ersand

assume that the stochastic nature ofthe d epend enciesb etw eenanytw o memb ersare

symmetric asw ell.T hisassumptionisrather strong:it presumesthat the c orrelation

ofearningsb etw eenhusb and and w ife isthe same asthe c orrelationb etw een,say,

sonand father.How ever,usingthe suggested approach immed iatelypermitsfurther

re¯nement ofsuch assumptions.

3.2 Lorenz curves

T he Lorenz curve ord inatesasd e¯ned in(5) may b e w rittenas

© (p;F) =
p°p
¹ (X )

w ith

p°p =
Zxp

0
xd F(x) (12 )

b eingthe cond itionalmeanincome ofpersonsw ith income lessthanthe p-quantile of

the d istribution,xp = F¡1(p).T he uncond itionalmean¹ (X ) c anb e interpreted asa

spec ialcond itionalmeanasw ell(¹ (X ) = °1).Inord er to ob tainthe joint asymptotic

d istributionofthe Lorenz curve ord inatesw e ¯rst d erive the c ovariance matrixofthe

estimatorsof(12 ) and thenapply the d elta method .For notationalconvenience and

w ithout lossofgenerality,w e restric t attentionto household sofid entic alsize m and

w e make a slight change ofnotation.Income ofind ivid ualj= 1;:::;m inhousehold

i= 1;:::;n w illb e d enoted byX ij.T he marginalincome d istrib ution(ofind ivid uals)

hasd istributionfunctionF,the joint d istributionofany tw o household memb ersis

w rittenasG (¢;¢),see b elow .

6



AsinB each,David son,and Slotsve (1995) w e w illw orkw ith more generalcond i-

tionalmomentsthan(12 ).Let

p°p =
Zxp

0
h(x)d F(x) (13)

q±q =
Zxq

0
g(x)d F(x) (14 )

b e c ond itionalmomentsofsome functionsh() and g() ofincome:O b viously,(12 ) is

just a spec ialc ase of(13),h (x) = x.T he quantities(13) and (14 ) c anb e estimated

nonparametric ally by

°̂p =
1
nm

X

i;j
h (X ij)1 (X ij·xp)

and similarlyfor the other estimator.T he estimatorscan(w ith anerror oford er at

most o(n¡1)) also b e w rittenas(see B each and David son1983)

p°̂p = p (h (xp))+
1
nm

X

i;j
(h (X ij)¡h (xp))1 (X ij·xp)

q±̂q = q(g (xq))+
1
nm

X

i;j
(g (X ij)¡g (xq))1 (X ij·xq):

B y d e¯nition(and againw ith anerror oford er at most o(n¡1))

C ov
³
p°̂p;q±̂q

´

=
1

(nm )2
X

i;j

X

k;l
E [(h (X ij)¡h (xp))1 (X ij·xp)(g (X kl)¡g (xq))1 (X kl·xq)]

¡E [(h (X ij)¡h (xp))1 (X ij·xp)]E [(g (X kl)¡g (xq))1 (X kl·xq)]: (15)

T he last tw o expec tationsin(15) are takenw ith respec t to F(x_):
Z
[h (x)¡h (xp)]1 (x·xp)d F(x) = p (°p ¡h (xp))

and analogouslyfor the other term.T he ¯rst expec tationin(15) isinvestigated in

some d etailinthe append ix.Assumingw ithout lossofgeneralitythat p ·q w e ¯nally

arrive at

C ov(p°̂p;q±̂q) =
m ¡1
nm

C +
p
nm

½
Áp ¡°p±p

+ [1¡m q][°p ¡h (xp)][±q¡g (xq)] (16)

+ [h (xp)¡°p][±q¡±p]
¾
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w here

pÁ p = E [h (X ij)g (X ij)1 (X ij·xp)]

and

C = G (xp;xq)´p;q + h (xp)g (xq)G (xp;xq)

¡g (xq)
Zxp

0
h (x)d G (x;xq)¡h (xp)

Zxq

0
g (x)d G (xp;x)

w ith

G (xp;xq)´p;q = E [h (X ij)g (X il)1 (X ij·xp)1 (X il·xq)]:

Inthe spec ialc ase w here allobservationsare ind epend ent,i.e.,G (x;y) = F(x)F(y),

equation(16) red uc esto the result d erived inB each and David son(1983).

It ispossible to estimate the unknow nquantitiesin(16) c onsistently from the

sample w ithout makingany d istributionalassumptions.

3.3 T he G inicoe± cient

T he G ini coe± c ient c anb e w rittenina form equivalent to (6) but more c onvenient

as

G ini(¹;A) = 1¡ 2A
¹

w here ¹ = ¹ (X ) isthe populationmeanand A =
R1
0 p°p d p isthe integralofthe

c ond itionalmomentsd e¯ned in(12 ). Itsestimator usesthe sample c ounterparts

¹̂ (X ) and Â =
R1
0 pb°p d p, i.e. dG ini = G ini(¹̂ (X );Â). Since b oth ¹̂ and Â are

normallyd istributed ,applicationofthe d elta method impliesthat the G inicoe± c ient

isnormally d istributed asw ell. Let ­ d enote the c ovariance matrix ofthe vec tor

(¹̂ ;Â):T he variance of¹̂ hasalread y b eend erived insec tion3.1.Consid er next the

sec ond moment and variance ofÂ.T he notationb°(p;x) isused to emphasise that

the estimated Lorenz ord inate d epend sonthe realisationofthe rand om variable and

that integrationisover the populationshare p.E xpec tationsare takenw ith respec t

to the d istributionfunctionF(x).

E(Â2 ) = E
µZ1

0
pb°(p;X )d p

Z1

0
qb°(q;X )d q

¶
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=
Z1

0

Z1

0

Z 1

¡1
pb°(p;x)qb°(q;x)d F(x)d pd q

=
Z1

0

Z1

0
C ov(pb°p;qb°q)d pd q+ A2

using(16).T husV ar(Â) =
R1
0
R1
0 C ov(pb°p;qb°q)d pd q.

T he o®-d iagonalelement of­ isC ov(¹̂ ;Â) but notingthat ¹̂ = b°1 w e have im-

med iately

C ov(¹̂ ;Â) =
Z1

0
C ov(pb°p;b°1)d p

T he variance estimator of dG iniisthus(@G ini=@(¹;A))0­ (@G ini=@(¹;A)) evaluated

at (¹̂ ;Â):

4 Simulationand empiric alillustration

We turnto examiningthe precisionofthe variance estimator proposed inthe previous

sec tionand c ompare itsperformance to that ofthe usual(i.i.d .) estimator givenin

(2 ). U sing artī cially generated d ata the performance isassessed intermsofthe

c overage suc cessofcon̄d ence intervals.Ineach iterationofthe experiment,w e check

w hether ornot the (1¡® )-c on̄d ence intervalcontainsthe true value ofthe inequality

ind ex.Ifthenumb er ofrepetitionsislarge,a good variance estimator w ould generate

c on̄d ence intervalsw hich failto capture the true populationvalue ® £10 0 % ofthe

time.We have used 10 0 0 repetitions.

T w o d ata mod elsare examined inthe simulationstud y.M od elIisa trad itional

male b read w innermod el.T he populationconsistsoftw o-personhousehold sc omposed

ofa spouse w ho d oesnot earnand a b read w inner,w hose earningsare d raw nfrom a

lognormald istributionLN (¹ = 1;¾ = 0:5) w ith d ensity

f(x) =
1

x
p
2 ¼¾ 2

exp

0
@¡1

2

Ã
lnx¡¹

¾

! 2 1
A :

M od elIIisanassortative matingmod el.T he populationare tw o-personhousehold s

w hose memb ersreceive earningsfrom a b ivariate lognormald istributionLN (1;0:5)

w ith the same marginald ensitiesasab ove and c orrelationcoe± cient ½ w here either

½ = 0:75or ½ = 0:3.
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Since mod elIgeneratesobservationsw here halfofthe populationhave zero earn-

ingsw e need aninequality ind excapable ofhand lingzeros.We opted for the G ener-

alized E ntropy ind exw ith parameter ® = 2 and parameter ® = 1.

U singthe d ec omposab ility ofthe G eneralized E ntropy ind exthe populationin-

equality valuesare easily computed from the parametersofthe lognormald istri-

butions. We w illd erive the true populationvaluesfor ® = 2 ; the same approach

c anb e used for ® = 1. T here are tw o groups, earners(d enoted by subsc ript 1)

and non-earners(subsc ript 2 ). M eanearningsare zero for the latter group and

exp (¹ + ¾ 2 =2 ) = 3:0 80 2 for the former; E(X 1) = 3:0 80 2 and E(X 2 ) = 0 . T he

overallmeanistherefore E(X ) = 1:54 0 1.Although the G eneralized E ntropy ind ex

isnot properly d e¯ned for d istributionsw ith zero incomesonly,it ob viously makes

sense to set itsvalue to zero.Inequality inthe earnersgroup is

G E® =
exp

h
1
2 (®

2 ¡®)¾ 2
i
¡1

® 2 ¡®
; (17)

w hich isG E2 ;1 = 0:14 2 0 for the earners.T he G eneralized E ntropy canb e d ec om-

posed as

G E® = G E® ;betw een + G E® ;within

=
1

® 2 ¡®

2
4
2X

j= 1
fj

Ã
E(X j)
E(X )

! ®

¡1
3
5 +

2X

j= 1
wjG E®;j

w here fj isthe relative size ofgroup j, hence f1 = f2 = 1=2 , and the w eights

wj = fj(E(X j)=E(X ))®,hence w 1 = 0 and w 2 = 2 ®¡1.T herefore,und er mod elI

the true populationvalue isG E2 = 0:784 0:For ® = 1 the populationvalue c anb e

c omputed alongthe same lines,it isG E1 = 0:8178:

U nd er mod elIIthere are no b etw eeninequalitiessince b oth groupshave the same

d istribution.Applying(17) yield sG E1 = 0:12 50 and G E2 = 0:14 2 0:

For the simulationstud yw e varied the c overage prob ab ilityofthe con̄d ence inter-

vals,the sensitivityparameter ofthe inequalityind ex,and the c orrelationcoe± c ient

½ inM od elII.T he numb er ofobservationsisn = 2 50 0 household s(i.e.50 0 0 ind ivid -

uals).Table 1 reportsthe resultsofthe simulations.T he most notew orthy result is

the good c overage performance ofcon̄d ence intervalsconstruc ted from our variance

estimator.Incontrast, the c on̄ d ence intervalsbuild onthe iid variance estimator
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perform poorly,particularlyso inmod elIw here the c overagefailure ismuch too small

(i.e.the variancesare grossly over-estimated ).Inmod elIIw e ob serve the opposite:

the iid variancesare und er-estimated and ,asa result,the con̄d ence intervalsare too

narrow .T hise®ec t vanishesifthe c orrelationissmall{ for ½ = 0:3 there ishard ly

any d i®erence inthe c overage performances{ asit should b e since asthe c orrelation

falls,the d ata generatingmechanism approachesthe iid c ase.

Table 1: P roportionofcoverage failure
Ind ex M od elI M od elII,½ = 0:75 M od elII,½ = 0:3

® 50 % 5% 50 % 5% 50 % 5%

G E (2 ) iid 0 .2 50 0 .0 0 1 0 .590 0 .0 98 0.50 6 0.052

d ep 0 .52 4 0 .0 64 0 .52 4 0 .0 52 0.4 93 0.0 4 7

G E (1) iid 0 .0 11 0 .0 0 0 0 .597 0.134 0.531 0.050

d ep 0 .537 0.0 52 0 .515 0.0 62 0.511 0.0 4 4

T o applythe proposed variance estimator onreald ata,w e estimate the inequality

ofannualearningsfor the 1983 cross-sec tionofthe G ermanSoc io-E c onomic P anel

(G SO E P ).T he c ross-sec tionconsistsof4 2 53household s,w hose size variesfrom 1 to

10 ,the average size b eing3.06.Although the samplingprob ab ilitiesofthe household s

are infac t not exac tly id enticalw e assume for simplic ity that the sample isid enti-

c ally d istributed .R oughly 47% ofthe ind ivid ualsinthe sample have zero earnings.

We compare the variance estimatesfrom sec tion3.1 to the iid variance estimates.

B ec ause ofthe zero observationsw e use the same inequalityind ic esasab ove,i.e.,the

G eneralized E ntropy ind exw ith ® > 0 .

Table 2 liststhe results.O bviously,the variance estimatesd i®er a lot for smaller

valuesofthe parameter ® (highsensitivityat low incomes,inparticular at zero) w hile

the d i®erencesare rather smallfor large valuesof®:T his¯nd ingsare c onsistent w ith

the simulationresultsab ove.

5 Conclusion

Inthispaper w e c onsid er the e®ec t ofintra-household d epend enciesofearningsor

income onthe statisticalinference ofinequalityind ic esand Lorenz curves.T he stan-

11



Table 2 :Variance estimatesund er i.i.d .and d epend ence
P arameter Variance estimate Variance estimate

® und er i.i.d .assumption und er d epend ence

0.0 1 1.92 7e-0 1 6.351e-0 3

0.05 7.952 e-0 3 2 .0 2 4 e-0 4

0.10 2 .0 85e-0 3 4 .632 e-0 5

0.50 1.768e-0 4 4 .196e-0 5

1.0 0 2 .985e-0 4 2 .2 10 e-0 4

1.50 1.681e-0 3 1.578e-0 3

2 .0 0 1.733e-0 2 1.706e-0 2

d ard method sofstatistic alinference are usuallyb ased onthe assumptionofincome

b einganind epend ent and id entic ally d istributed rand om variable.M ost mic ro d ata

setshave informationab out ind ivid ualsbut are sampled onthe household level.It is

unlikely that earningsor incomesofind ivid ualslivinginthe same household are in-

d epend ent since,for instance,lab our supplyd ec isionsare takeneither simultaneously

or stepw ise.

We show that the variance estimatesb ased onthe i.i.d .assumptionmay b e mis-

lead ingifthere are infact intra-household d epend ences.T heoreticalconsid erations

asw ellasM onte Carlo simulationsshow that w hether the i.i.d . estimatesare too

w id e or too narrow d epend sonthe kind ofd epend ence.
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Append ix
Inord er to d erive the covariance structure ofthe Lorenz curve ord inates, w e

ad apt anargument suggested by B each, David son, and Slotsve (1995) to the c ase

w ith c ontemporaneousd epend encies. For the ¯rst expec tationin(15) w e need to

d istinguish three cases;w e assume w ithout lossofgenerality that p ·q.

1.i= kand j= l,there are nm such c ases.

E [(h (X ij)¡h (xp))1 (X ij·xp)(g (X ij)¡g (xq))1 (X ij·xq)]

= E [1 (X ij·xp)(h (X ij)g (X ij)¡h (X ij)g (xq)¡g (X ij)h (xp)+ h (xp)g (xq))]

= E [1 (X ij·xp)h (X ij)g (X ij)]| {z }
= :pÁp

¡pg (xq)°p ¡ph (xp)±p + ph (xp)g (xq)

= p [Á p ¡g (xq)°p ¡h (xq)±p + h (xp)g (xq)]

2 .i= k but j6= l,there are nm (m ¡1) such c ases.Let the joint income d istri-
butionoftw o memb ersofthe household b e d enoted by G (x;y).

E

2
664(h (X ij)¡h (xp))(g (X il)¡g (xq))1 (X ij·xp)1 (X il·xq)| {z }

= :i(X ij;X il)

3
775

= E [i(X ij;X il)(h (X ij)g (X il)¡h (X ij)g (xq)¡h (xp)g (X il)+ h (xp)g (xq))]:

E xamine thisexpressionterm by term:

E [i(X ij;X il)h (X ij)g (X il)] =
Z
h (x)g (y)i(x;y)d G (x;y)

= :G (xp;xq)´p;q

E [i(X ij;X il)h (xp)g (xq)] = h (xp)g (xq)G (xp;xq)

E [i(X ij;X il)h (X ij)g (xq)] =
Z
h (x)i(x;y)g (xq)d G (x;y)

= g (xq)
Zxp

0

Zxq

0
h (x)G 0(x;y)d yd x

= g (xq)
Zxp

0
h (x)d G (x;xq)

E [i(X ij;X il)g (X il)h (xp)] = h (xp)
Zxq

0
g (x)d G (xp;x):

IfG (x;y) issymmetric and g (x) = h (x) = x,the last tw o expressionsb ecome

xq
Zxp

0
xd G (x;xq)

xp
Zxq

0
xd G (x;xp):

13



3.i6= k,there are nm (n ¡1)m such cases.

E [1 (X ij·xp)(h (X ij)¡h (xp))1 (X kl·xq)(g (X kl)¡g (xq))]

= p (°p ¡h (xp))q(±q¡g (xq)):

P uttingalltermstogether w e arrive at

C ov(p°̂p;q±̂q) = ¡p (°p ¡h (xp))q(±q¡g (xq))

+
µ 1
nm

¶2
nm p (Áp ¡g (xq)°p ¡h (xp)±p + h (xp)g (xq))

+
µ 1
nm

¶2
nm (n ¡1)m p (°p ¡h (xp))q(±q¡g (xq))

+
µ 1
nm

¶2
nm (m ¡1)C

w here

C = G (xp;xq)´p;q + h (xp)g (xq)G (xp;xq)

¡g (xq)
Zxp

0
h (x)d G (x;xq)¡h (xp)

Zxq

0
g (x)d G (xp;x):

and

pÁ p = E [h (X ij)g (X ij)1 (X ij·xp)]

G (xp;xq)´p;q = E [h (X ij)g (X il)1 (X ij·xp)1 (X il·xq)]:

T he expressioncanb e simplī ed to

C ov(p°̂p;q±̂q) =
m ¡1
nm

C

+
p
nm

½
Á p ¡±p°p + [1¡m q][°p ¡xp]

h
±q¡x2q

i
+ [xp ¡°p][±q¡±p]

¾
:
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