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A bstract

T hisstudyfocusesonthesemiparametrice¢cientestimationofrandome¤ectpanel
modelscontainingA R (1) disturbances. W ealsoconsidersuchestimatorswhenthe
e¤ectsandregressorsarecorrelated(H ausmanandTaylor, 19 81). O nemotivationfor
suchamodelistheneedtoestimateastochasticfrontierdistancefunction, isolatethe
…xede¤ectsestimates, andinterprettransformationsofthemas…rm-speci…crelative
e¢ciencies(SchmidtandSickles, 19 84). Inmarkets inwhichregulatoryconstraints
havebeenlessenedordoneawaywith, thesemarketshocksmaynotbeadjustedto
immediatelyandmayinduceaserialcorrelationpatterninwithin…rmvariations. In
thebankingindustry, whoseproductivityweanalyzeoverthe19 8 0’sand19 9 0’s, these
aspects ofsemiparametrice¢cientestimationbecome importantinordertoresolve
questions concerningthe propermeasurementof…nancialderegulation’s impacton
productivity. W eintroducetwosemiparametrice¢cientestimatorsthatmakeminimal
assumptionsonthedistributionoftherandomerrors, e¤ects, andtheregressorsand
thatprovide semiparametrice¢cientestimates oftheslopeparameters and ofthe
e¤ects. O urestimators extendthepreviousworkofParkand Simar(19 9 5), Park,
Sickles, andSimar(19 9 8 ), andA dams, B erger, andSickles(19 9 8).



1 Introduction
T his studyfocusesonthesemiparametrice¢cientestimationofrandom e¤ectpanelmod-
elscontainingA R (1) disturbances. W ealsoconsidersuchestimatorswhenthee¤ectsand
regressors arecorrelated (H ausmanandTaylor, 19 81). O nemotivationforsuchamodel
istheneedtoestimateastochasticfrontierdistancefunction, isolatethe…xede¤ ectsesti-
mates, and interprettransformationsofthem as…rm-speci…crelativee¢ciencies (Schmidt
andSickles, 19 84). Inmarketsinwhichregulatoryconstraintshavebeenlessenedordone
awaywith, thesemarketshocksmaynotbeadjustedtoimmediatelyandmayinduceaserial
correlationpatterninwithin …rm variations. Inthebankingindustry, whoseproductivity
weanalyzeoverthe19 80’sand 19 9 0’s, theseaspectsofsemiparametrice¢cientestimation
become importantinordertoresolvequestionsconcerningthepropermeasurementof…-
nancialderegulation’s impactonproductivity. W eintroducetwosemiparametrice¢cient
estimatorsthatmakeminimalassumptionsonthedistributionoftherandomerrors, e¤ects,
andtheregressorsandthatprovidesemiparametrice¢cientestimatesoftheslopeparame-
tersandofthee¤ects. O urestimatorsextendthepreviousworkofParkandSimar(19 9 5),
P ark, Sickles, andSimar(19 9 8), andA dams, B erger, andSickles (19 9 8).

Semiparametrice¢cientestimationhasbeendiscussedextensivelyinthestatisticsand
econometricsliterature. B ickel(19 82), N ewey(19 9 0), B ickel, Klaassen, R itov, andW ellner
(19 9 3) aswellas others havedeveloped semiparametrice¢cientmethods and examples.
Intheirarticleonsemiparametrice¢cientestimation, Parkand Simar(19 9 5) introducea
semiparametrice¢cientestimatorforthe speci…cproblem ofapaneldatamodel, where
thedistribution ofthe …rm speci…cheterogeneity is unknown. In thederivation oftheir
estimator, theyassumenormalityofthetransitory erroras wellas independenceofthe
regressors ande¤ects. Park, Sickles, and Simar(19 9 8) extendedtheirmodelinthatthey
allowed aregressortobe correlatedwith the e¤ects and explorethe impacts ofvarious
correlationpatternsamonge¤ectsandregressorsontheformofthesemiparametrice¢cient
estimator. T hestatisticalassumptions, inparticularnormalityofthetransitoryerrorand
independenceofthee¤ectsandregressors, haveadirectbearingontheformofthee¢cient
scoreandinformationbound(thecenterpiecesoftheestimator) andallowtheauthorsto
concentrateontheunknowndistributionofthee¤ ects andalsodrawsimilaritiestoother
estimators, suchasthewithinestimator.1 A changeintheseassumptionsresultsinachange
intheloglikelihoodfunctionandnuisanceparameterspaceand, hence, inthesemiparametric
e¢cientestimator. A dams, B erger, and Sickles (19 9 8) developedsemiparametrice¢cient

1P ark, Sickles, andSimar(19 9 8) showthatwithin ise¢cientwhenallregressorsarecorrelatedwiththe
e¤ ects.
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estimatorsusinghigherdimensionedproductkernelsforthe(log) linearmodelaswellfor
thesemilinearmodelofR obinson. O thershaveconsiderede¢cientestimationwithdi¤erent
assumptions. Chamberlain (19 8 7 , 19 9 2) andA rrelanoandBover(19 9 5) discussede¢cient
estimationwithstrictexogeneityassumptions. Thispapergeneralizesthesemiparametric
e¢cientestimatorderivedbyParkandSimar(19 9 5)andbyPark, Simar, andSickles(19 9 8)
byallowingforthedistributionofthetransitoryerrortobeautocorrelated.

InSection2 containsourmainresults: weoutlineourgeneralpanelmodelandwederive
twosemiparametrice¢cientestimatorsaccordingtotherelationshipsbetweentheregressors
andthee¤ects (independenceanddependence). Section3 considers M onteCarloresults.
Section4outlinesthemodelingscenarioonwhichourempiricalillustration, estimatingthe
e¢ciencyoftheU . S. bankingindustryduringitsregulatorytransitionofthe 19 80’s and
19 9 0’s, isbased. Section4.3describestheresultsfromourapplicationinanalyzingbanking
productivity. Section5 concludes. A llthetechnicalproofsareintheappendix.

2 M odelsandM ainR esults
T hebasicmodelweanalyzeinthispaperisanA R (1) panelmodelthatcanbewrittenas:

Yit= X 0
it̄ + ®i+ "it ; i= 1;:::;N ;t= 1;:::;T

"it= ½"i;t¡1 + uit ; j½j< 1 (1)

where X it 2 IR d , ¯ 2 IR d anduitare iid random variables from a N (0 ;¾ 2 ). D enoting
X i= (X 0

i1;:::;X 0
iT)0, (®i;X i)’sareiidrandomvariableshavingunknowndensityh(¢;¢) on

IR 1+ d T. T hesupportofthemarginaldensityof® isboundedabove(orbelow). Thisbound
B provides theupperleveloftheproduction frontierorthelowerlevelof, e.g., thecost
frontier. Finallyweassumethat"’sand(®;X )’sareindependent.

A lthoughequation(1)isthegenericpaneldatamodel, anappealingempiricalmotivation
fortheappropriatetreatmentof(1)istoestimate…rmspeci…ce¢ciencylevelsinastochastic
panelproduction frontiermodel(c.f. Schmidtand Sickles, 19 84;Cornwell, Schmidtand
Sickles, 19 9 0). T here, Yitisthet-thobservationontheoutputofthei-th…rm, X itisavector
ofthet-thobservationofthed inputsofthei-th…rmand®iisanunobservablerandome¤ect
thatcaptures …rm speci…cine¢ciency. Theavailabilityofpaneldataallows identi…cation
ofrealizations of ®i fora particular…rm and thus overcomes the limitation ofa single
cross-section (ortime series) whichallows onlytheidenti…cation oftheexpectationof®i
conditionalonstochasticnoise(Jondrow, L ovell, M aterovandSchmidt, 19 82). N ormalityisa
rathernaturalassumptionforthewithindisturbancetermbasedoncentrallimitarguments,
whileparticularparametricdistributionsfortheine¢ciencytermsarelesseasilymotivated.
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W ewillconsidertwostucturesofdependencybetweenX and® : independencyin M odel
1 anddependencyinM odel2. T hroughoutthissection, weconsiderthetimeperiodT …xed.

2.1 M odel1

Inthis …rstcase, X iand ®iare supposedtobe independent, aswiththe"i. W edenote
by h(¢) theunivariatedensityofthe ®iandby g(¢) the d T-variatedensityofX iandwe
wanttoconsiderthesemiparametrice¢cientestimationof¯ in M odel1 from thesample
f(X i;Yi)ji= 1;:::;N g inthepresenceofthenuisanceparameters(½;¾ 2 ;h(¢);g(¢)).

W ewillusethebasictechniquesdiscussedinA ppendixA , withthenotationsintroduced
there. L etY = (Y1;:::;YT)0, X = (X 0

1;:::;X 0
T)forthegenericofobservation(X i;Yi) and

(®;")forthegenericof(®i;"i). T hus, inthesenotations, (X t;Yt)aregenericsfor(X it;Yit),
i= 1;:::;N .

T hepdfof(X ;Y ) canbewrittenas:

p(x;y;¯;½;¾ 2 ;h ;g) =
Ã

1p
2 ¼¾

! T
(1¡½2 )1=2 g(x)expfw 2 (½;¯)=(2 v2 )g

£ exp
"
¡ 1
2 ¾ 2

f(1¡½2 )(y1¡x01¯)
2 +

TX

t= 2
(yt¡x0t̄ ¡½(yt¡1¡x0t¡1¯))

2 g
#

£
Z
expf¡(w (½;¯)¡u)2 =(2 v2 )gh(u) d u;

where:

w (½;¯)=
1

T(½)

(
(1¡½2 )(y1¡x01¯)+ (1¡½)

TX

t= 2
(yt¡x0t̄ ¡½(yt¡1¡x0t¡1¯))

)

T(½)= (1¡½2 )+ (T ¡1)(1¡½)2

v2 = v2 (½) =
¾ 2

T(½)
:

Itisusefultonotethatw (½;¯) isaweightedaverageofy1¡x01¯;:::;yT¡x0T¯: w (½;¯) =P T
t= 1ct(yt¡x0t̄ ), where

ct= ct(½) =
(
(1¡½)=T(½) ; fort= 1 andT
(1¡½)2 =T(½) ; fort= 2 ;:::;T ¡1

N otethatideed
P T

t= 1ct= 1.
Ifwede…netherandom variableW = W (½;¯)=

P T
t= 1ct(Yt¡X 0

t̄ )wecanwrite:

W = ® +
TX

t= 1
ct"t

= ® + f(1¡½2 )"1 + (1¡½)(u2 + :::+ uT)g=T(½)

3



wherethesecondtermfollowsaN (0 ;v2 )distribution. ThusthepdfofW isgivenby:

f(w ) = f(w ;½)=
Z 1
v
Á(
w ¡u
v

) h(u) d u

=
1p
2 ¼v

Z
exp

(
¡(w ¡u)2

2 v2

)
h(u) d u: (2)

L etZ t= Z t(½;¯) = Yt¡X 0
t̄ ¡W anddenoteby fX theweightedaverageofX 1;:::;X T :

fX = fX (½)=
TX

t= 1
ctX t:

L etIf betheFisherinformationforlocationofh(¢):

If =
Z (f(1))2

f
(w) d w

wheref(j) denotesthejthderivativeoff. Finallyde…ning:

§ 1 = Ef(1¡½2 )(X 1¡fX )(X 1¡fX )0

+
TX

t= 2
(X t¡fX ¡½(X t¡1¡fX ))(X t¡fX ¡½(X t¡1¡fX ))0g;

§ 2 = E(fX ¡EfX )(fX ¡EfX )0;

wecannowwritethefollowingtheorem:

Theorem2.1 Thee¢cientscorefunctionandthe information boundforestimating¯ in
M odel1 aregivenby:

¤̀=
1
¾ 2
f(1¡½2 )Z 1X 1 +

TX

t= 2
(Z t¡½Z t¡1)(X t¡½X t¡1)g¡

f(1)

f
(W )(fX ¡E(fX )) (3)

I = ¾¡2 § 1 + If§ 2 : (4)

TheproofisintheA ppendixB .
W enowconstructane¢cientestimatorof¯ followingthesame ideas as in Parkand

Simar(19 9 4). W eneed preliminary
p
N -consistentestimator ~̄ and ~½ of¯ and ½. T he

withinestimatorobtainedbyregressingYit¡Y ionX it¡X ibyO L S methodsprovidesthe
consistent~̄ andthecorrelationofthewithinO L S residuals

³
Yit¡Y i¡~̄(X it¡X i)

´
with

theirlaggedvaluesprovidesaconsistent~½.
A consistentestimatorof¾ 2 canbederived as follows. D e…neW i(½;¯);Z it(½;¯) and

fX i(½) inthesamewayasde…ningW (½;¯);Z t(½;¯)and fX (½)respectively. Forexample

Wi(½;¯)=
TX

t= 1
ct(½)(Yit¡X 0

it̄ ):
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D e…ne

¾̂ 2 (½;¯)= 1
N

NX

i= 1

TX

t= 1
et(½)Z it(½;¯)2 ;

where

et(½)=
(
(1 + ½)=(T ¡1) ; fort= 1 andT
(1¡½2 )=(T ¡1) ; fort= 2 ;:::;T ¡1

N otethatfort= 1;:::;T

E Z it(½;¯)2 =
(T¡1)(1¡½)
T(½)(1 + ½)

¾ 2

et(½)=
T(½)(1 + ½)
(T ¡1)(1¡½)

ct(½);

and
TX

t= 1
et=

T(½)(1 + ½)
(T ¡1)(1¡½)

:

SowehaveE(̂¾ 2 (½;¯)) = ¾ 2 . N ow,

~¾ 2 = ¾̂ 2 (~½; ~̄) (5)

de…nesaconsistentestimatorof¾ 2 .
W eneedalsotode…neanestimatorofthematrixI : wede…ne

bI = ~¾¡2 b§ 1 + bIfb§ 2 ;

where

b§ 1 =
1
N

NX

i= 1
f(1¡~½2 )(X i1¡fX i(~½))(X i1¡fX i(~½))0

+
TX

t= 2
[X it¡fX i(~½)¡~½(X i;t¡1¡fX i(~½))][X it¡fX i(~½)¡~½(X i;t¡1¡fX i(~½))]0g;

b§ 2 =
1
N

NX

i= 1
(fX i(~½)¡fX ¢(~½))(fX i(~½)¡fX ¢(~½))0

with fX ¢(~½)=
1
N

NX

i= 1

fX i(~½);

bIf =
1
N

NX

i= 1

Ã
f̂(1)

f̂

! 2
(fW i;~½; ~̄);

InthelastexpressionfWi= W i(~½; ~̄)andf̂ isakernelestimatoroff, thepdfofW :

f̂(w ;½;¯)=
1
N

NX

i= 1
Ks(w ¡W i(½;¯))+ c;
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whereKs(u) = (1=s)K (u=s), K (u)= e¡u(1+ e¡u)¡2 andthebandwiths andtheconstantc
tendstozeroatsomeappropriateratesdescribedbelow. Finally, writing eZ it= Z it(~½; ~̄)we
cande…netheestimatorof¯ asfollows:

^̄ = ~̄ + 1
N

bI ¡1
NX

i= 1
f~¾¡2 (1¡~½2 )eZ i1X i1

+ ~¾¡2
TX

t= 2
(eZ it¡~½ eZ i;t¡1)(X it¡~½X i;t¡1)¡(fX i(~½)¡fX ¢(~½))

f̂(1)

f̂
(fW i;~½; ~̄)g: (6)

W estatenowourmainresultsshowingthat^̄ isasemiparametrice¢cientestimatorof¯ :

Theorem2.2 A ssumethatE(etjeX 1j) < 1 forsomet> 0 andthat
Rjuj2 h(u)d u< 1 . If

s ! 0 ;c! 0 andN c2 s6 ! 1 as N ! 1 , thenwehave

LP(N 1=2 (^̄¡¯)) ! N (0 ;I ¡1) as N ! 1:

TheproofisintheA ppendixB .

R emark2.1 G L S withinestimator
IntheTheorem above, weused, ~̄, theO L S withinestimatorof¯ asa…rststepconsistent
estimator. From this wederivedalsotheconsistentestimators ~½;~¾ 2 . T his is su¢cientto
de…neoursemiparametrice¢cient^̄ in(6). This…rststepwithindoesnottakeintoaccount
theA R (1) structureoftheerrorterm. W ecouldalsouse inthe…rststep afeasibleG L S
within estimatorof¯ which is moree¢cientthan the O L S within. This mightin small
sampleimprovethequalityofoursemiparametricestimator. TheG L S withincanbede…ned
asfollows. L et

X ¤
i1 = X i1¡ ~X i(~½)

andfort= 2 ;:::;T
X ¤
it= X it¡ ~X i(~½)¡~½(X i;t¡1¡ ~X i(~½)):

L ikewisede…neY ¤itfort= 1;:::;T. First, ~Yi(½) =
P T

t= 1ct(½)Yitthen

Y ¤i1 = Yi1¡~Yi(~½)

andfort= 2 ;:::;T
Y ¤it= Yit¡~Yi(~½)¡~½(Yi;t¡1¡~Yi(~½)):

The G L S withinestimatorof¯ is thende…nedby

~̄
G LS = (

NX

i= 1
f(1¡~½2 )X ¤

i1X
¤0
i1 +

TX

t= 2
X ¤
itX

¤0
itg)¡1

£(
NX

i= 1
f(1¡~½2 )X ¤

i1Y
¤
i1 +

TX

t= 2
X ¤
itY

¤
itg): (7 )
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> From thisestimator, asabovewecanderiveanimprovedestimatorof½ and¾ 2 byplugging
~̄
G LS in placeof~̄ intheexpressionsde…ning~½ andthen ~¾ 2 , as in(5). T his provides ~½G LS

and ~¾ 2G LS. Finallyallthose G L S within estimators can beused in theexpression (6) to
provide ^̄G LS. Inthe simulations below, wewillcomparethesmallsampleproperties of ^̄

and ^̄G LS.

R emark2.2 A notherimprovedestimationof½ and¾ 2 .
W emayre-estimate½ withthee¢cientestimatorof¯ athand. Foran improvedestimator
of½, wemayconsiderthecorrelationoftheresiduals

Yit¡¹Yi¡^̄(X it¡ ¹X i)

withtheirlaggedvalues, orthesolutionofthelikelihoodequation ½̀ = 0 . T his provides ½̂.
T hen, with ½̂ and ^̄wecanalsode…neby(5):

¾̂ 2 = ¾̂ 2 (̂½; ^̄):

2.2 M odel2

M odel2 is infactthegeneralbasicmodelspeci…edbyequation(1) whereweallowdepen-
dencybetween®iandX i. W estillassumeindependencybetween (®i;X i)and"i. H erewe
denoteh(¢;¢)thecommon(1+ d T)-variatedensityof(®i;X i)’s. T henwithallthenotations
introducedin M odel1, wecanstatethetheorem:

Theorem2.3 Thee¢cientscorefunctionandthe information boundforestimating¯ in
M odel2 aregivenby:

¤̀=
1
¾ 2
f(1¡½2 )Z 1X 1 +

TX

t= 2
(Z t¡½Z t¡1)(X t¡½X t¡1)g (8)

I = ¾¡2 § 1: (9 )

T heproofisintheA ppendixB .

R emark2.3 O bviouslywehave:

¾¡2 § 1·¾¡2 § 1 + If§ 2 ·E`̄ 0̀
¯;

wheretheinequalitybetween thematrices is inthesenseofthepositivesemide…nitness of
theirdi¤erences. The…rstinequalityshowsthepricetopayforallowingdependencybetween
® andX , andthenextonefornotknowing½;¾ 2 ;h andg.
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A n semiparametric e¢cientestimatorfor M odel2 could beconstructed as above in
M odel1 butnow, withoutthe second partin ¤̀ (compare (3) with (8)), buta simpler
e¢cientestimatorisprovidedbythefollowingcorollary:

Corollary2.1 TheG L S withinestimator~̄G LS de…nedin(7 ) is e¢cientinM odel2.

Proof: ItisindeedstraightforwardtoshowthatasN ! 1 , wehave

LP(
p
N (~̄G LS;N ¡¯)) ! N (0 ;¾ 2 § ¡11 ):

2.3 Individuale¤ectsandthelevelofthefrontier.

SinceW i= ®i+
P T

t= 1ct²it, itseemsnaturaltode…neasestimatorofthee¤ects:

b®i= W i(̂½; ^̄) (10)

½̂ iseither~½ oritsimprovementdiscussedabove. L etB betheupperboundaryofthesupport
ofthemarginaldensityof®i’s, andde…neitsestimatorby

B̂ = max
1·i·N

Wi(̂½; ^̄):

A ssumeX it’sarei.i.d. d -dimensionalvectorswithEjX 11j2 < 1 andE(X 11¡E(X 11))(X 11¡
E(X 11))0beingnonsingular. SupposethatbothN andT gotoin…nityandthat

p
N T(~̄ ¡

¯) = O p(1),
p
N T(~½¡½)= O p(1). T hen, wecanshow, asinParkandSimar(19 9 4)orPark,

SicklesandSimar(19 9 8), that

LP(
p
T(®̂i¡®) ! N (0 ;¾ 2 =(1¡½)2 )

andthat
B̂ ¡B = O p(T¡1=2 logN + N ¡1):

3 M onteCarloSimulations
W ehave4 consistentestimators of¯: the O L S within ~̄, the G L S within ~̄

G LS and our
twoe¢cientestimators ^̄, ^̄G LS. T he…nitesamplepeformancesarecomparedthroughthe
followingM onte-Carlo(M C) scenarios:

W esimulate samples ofsizen = 2 0 ;10 0 ;10 0 0 witht= 12 ;60 inamodelwith d = 2
regressors. In each M C sample, theregressors aregenerated accordingabivariate VA R
model:

X it= R X i;t¡1 + ´it; where´it»I N 2 (0 ;¾ 2X I 2 );
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where ¾X = 1 and R =
Ã

4 0 :0 5
0 :0 5 4

!
. T hen the obtained values ofX itwere shifted

arroundthreedi¤erentmeanstoobtainalmost3balancedgroupsof…rmsfrom smallerto
larger. W e …xed ¹ 1 = (5 5)0;¹ 2 = (7:5 7:5)0;¹1 = (10 10 )0. T heidea is togenerate
araisonnablecloud ofpoints forX . O therscenarios havebeentried: they in‡uencethe
qualityoftheestimators jointlybuttheydonotchangetheconclusionsonthecomparison
issueraisedhere.

TheautoregressiveA R (1) partofthemodelwasgeneratedwith½ = 0 :7;0 :1 and¾ = 0 :5.
Forsmallvaluesof½wecouldexpectthat…nitesampleperformancesofoure¢cientestimator
couldbequestionable. Changingthevalueof¾ wouldofcoursea¤ectjointlythequalityof
alltheestimatorsbutdoesnota¤ectthecomparisonsdonebelow.

Finally, theine¢ciencypart(theindividuale¤ects)aregenerated independentlyofthe
regressorsasB ¡Expo(¹®)wherewechoosedfortheexponentialdistributionamean¹® = 1
andfortheupperboundaryavalueofB = 1. Sincetheyareoftenmeasuredinlogarithms
(likeinCobb D ouglasproductionfunctions), this involvesanaverageine¢ciencyscoreof
0 :50 . H ereagain, otherscenarios forgeneratingthe®icouldbechosenbutthisdoes not
a¤ecttheconclusionsbelow. T hevaluesof¯ wassetequalto(1 0:5)0.

D uetocomputingtimelimitations, mostoftheresults aredonewith M = 50 0 M C
replicationsbutwhenn = 10 0 0 onlyM = 10 0 replicationswereperformed. Somescenarios
(withsmallern)weredonewithM = 10 0 0 con…rmingthereportedresults.

SincetheVA R processgeneratingtheregressors X i is symmetricinbothcomponents,
theM SE fortheestimatorsofthetwocoe¢cientsareofthesameorderofmagnitude. So,
tosummarizetheresults, theTablesdisplaythesumofthetwoM C M eansquarrederrors:

M SE =
2X

j= 1

1
M

MX

m = 1
(^̄

m
j¡¯j)2 ;

where ^̄ isoneofthefourproposedestimators.
Forthebandwiths weselectedanoptimal…xedvalues¤byrunningthewholeM onte-

Carloexperimentforaselectedgridof20 equallyspacedvaluesfors between0.1 to2. W e
reportintheTablestheresultscorrespondingtotheoptimalbandwidths¤, whereoptimal
meanswhichminimizedM SE. Inallthetriedscenarios, theresultswerenotverysensitive
tothechoiceofs intheabovegrid.

Inafollowingsectionbelowwewillproposeadatadrivenmethodtoderiveanoptimal
bandwidths¤witharealdataset: theideawillbetoreplacetheM onte-Carloexperiment
byaBootstrapalgorithm.

InthesituationofTable1, ½ = 0 :7: withsuchavaluefortheautoregressiveparameter,
weseeaclearimprovementintheuseofthee¢cientestimator, inparticular, comparedwith
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n t ~̄ ~̄
G LS

^̄ ^̄
G LS s¤

20 12 42.64 20.19 17 .9 2 17 .9 1 0.4
100 12 8.523 4.07 6 3.59 1 3.621 0.3
1000 12 0.7 527 0.3408 0.3031 0.3086 0.8

Table1: M onte-CarloM SEoftheestimatorsof¯ with M = 50 0 replications. The…gures
fortheM SEaremultilpliedby10 4 . H ere½ = 0 :7, ¾ = 0 :5and¹® = 1. Forn = 10 0 0 only
M = 10 0 replicationswereperformed.

theO L S within. N otealsohowtheG L S withindominatestheO L S. B ylookingtothetwo
versions ofoure¢cientestimator, itis notclearthatwegainbychosingtheG L S within
asa…rststep forde…ningtheestimator: this iscon…rmed inmostofthescenariosbelow.
W henincreasingthevalueoftwebetterestimate½ andtheimprovementisstillbetteras
con…rmedinTable2 witht= 60 .

n t ~̄ ~̄
G LS

^̄ ^̄
G LS s¤

20 60 11.41 3.544 3.49 2 3.49 4 0.9
100 60 2.122 0.7 102 0.69 33 0.69 31 0.3
1000 60 0.2104 0.059 7 0.0584 0.0585 0.4

Table2: M onte-CarloM SEoftheestimatorsof¯ with M = 50 0 replications. The…gures
fortheM SEaremultilpliedby10 4 . H ere½ = 0 :7, ¾ = 0 :5and¹® = 1. Forn = 10 0 0 only
M = 10 0 replicationswereperformed.

W hentheautocorrelation½ issmallwemightexpectpoorperformances, in…nitesamples,
ofoure¢cientestimators, sincethecorrectionfactorin(6)introducesadditionalnoise. This
isinvetigatedinTable3where½ = 0:1. T heTableshowsthatoure¢cientestimatorbehaves
prettywellandbetterthantheG L S within. Thelatterisnotsigni…cantlydi¤ erentfromthe
O L S.A betterestimationof½, byincreasingtdoesnotchangesubstantiallythesecomments,
as showninTable4.

n t ~̄ ~̄
G LS

^̄ ^̄
G LS s¤

20 12 23.15 23.31 20.12 20.15 0.3
100 12 4.464 4.496 3.623 3.622 0.2
1000 12 0.4026 0.4016 0.339 8 0.339 8 0.3

Table3: M onte-CarloM SEoftheestimatorsof¯ with M = 50 0 replications. The…gures
fortheM SEaremultilpliedby10 4 . H ere½ = 0 :1, ¾ = 0 :5and¹® = 1. Forn = 10 0 0 only
M = 10 0 replicationswereperformed.
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n t ~̄ ~̄
G LS

^̄ ^̄
G LS s¤

20 60 3.622 3.535 3.49 8 3.49 8 0.9
100 60 0.7 428 0.7 222 0.7 028 0.7 028 0.3
1000 60 0.0000 0.0000 0.0000 0.0000 0.0

Table4: M onte-CarloM SEoftheestimatorsof¯ with M = 50 0 replications. The…gures
fortheM SEaremultilpliedby10 4 . H ere½ = 0 :1, ¾ = 0 :5and¹® = 1. Forn = 10 0 0 only
M = 10 0 replicationswereperformed.

Thegoodperformancesofthee¢cientestimatorwithweakautocorrelationarecon…rmed
byTable5 wherethedataweregeneratedwithnoautocorrelation(½ = 0). W eonlydisplay
theresultswithsmallsamplesizestosavespace. N otethathere, theG L S withinintroduces
additionalnoiseprobablyduetotheestimationof½.

n t ~̄ ~̄
G LS

^̄ ^̄
G LS s¤

20 12 20.36 20.80 18.33 18.31 0.4
100 12 3.8 7 9 3.9 02 3.323 3.323 0.2

Table5: M onte-CarloM SEoftheestimatorsof¯ with M = 50 0 replications. The…gures
fortheM SEaremultilpliedby10 4 . H ere½ = 0 , ¾ = 0 :5and¹ ® = 1.

A saglobalconclusion, itappearsthatoure¢cientestimatorbehavesprettywellacross
thedi¤erentM C scenarios even if½ is small. W henautocorrelation is presentandmore
important, itde…nitelyincreasestheprecisionoftheestimatorsof¯ forthedi¤erentsample
sizesanalysedhere.

Tocomputethee¢cientestimator ^̄ weneedtochooseabandwidth s. W e propose
herethefollowingbootstrap procedure. Foragiven swecompute ^̄(s) andtheresulting
improvedestimators b®i(s), ½̂(s) and ¾̂ 2 (s). T henbyusingasemiparametricbootstrap, we
generateB pseudo-samples(X it;Y ¤it)

b, b= 1;:::;B byresamplingontheresidualsinmodel
(1):

Y ¤it= X 0
it̂̄ (s)+ b®i(s)+ "¤it ; i= 1;:::;N ;t= 1;:::;T

"¤it= ½̂(s)"¤i;t¡1 + u¤it; (11)

whereu¤it»N (0 ;¾̂ 2 (s)).
Eachpseudo-sampleprovides ^̄

¤b
(s). W ecomputethecriterionvalue:

C (s)=
1
B

BX

b= 1

µ
^̄¤b(s)¡^̄(s)

¶0 µ
^̄¤b(s)¡^̄(s)

¶
:

11



T heoptimalbandwithchoiceisthengivenbys¤= argminsC (s). Intheexamplewechose
B = 50 0 andwecarriedoutagridsearchfors¤on10 equallyspacedvaluesfrom0.1 to2.

1.

T heoptimalvalueis s¤= 0 :9 andTable6summarizestheobtainedresults.

variable O L S within ~̄ G L S within ~̄G LS E¢cient^̄

X 1 0.9 603 (0.017 0) 0.9 8 9 3 (0.0169 ) 0.9 9 45 (0.0168)
X 2 0.4850 (0.0164) 0.49 14 (0.0162) 0.49 59 (0.0161)

Table6: Estimationof¯ inourexamplewhere n = 10 0 , t= 12 . H ere ¾̂ 2 = 0 :554 5and
½̂ = 0 :554 5. Inparenthesis aretheestimatedstandarddeviations, fortheO L S withinthey
arethestandardonescomputedunderthehypothesis that½ = 0 .

O ncethee¢cientestimators of¯ areobtained, estimators of½, ofthee¤ects ®iand
ofthefrontierlevelB maybederived. Thiswillbeillustratedwithrealdatainthenext
example.

4 EmpiricalIllustration
4.1 R egulatoryIssuesintheU .S.B ankingIndustry

A comprehensiveaccountofderegulationmeasuresa¤ectingcapitalrequirements, product
lines and geographicexpansion is presented in Berger, Kashyap and Scalise (19 9 5). T he
earlybankinglegislaturewasaimedatprotectingconsumersfrom exploitationbyregional
andnationalmoneytrusts. H oweverthepreservationoflocalmonopoliesandoligopoliesin
communitybankingwasanunfortunateoutcome. Sincetheearly19 80s federalandstate
regulatoryagencieshaveresortedtolessstringentinterpretationofbankingregulationsand
adoptedlessrestrictivelegislature. ThepassingoftheReigle-N ealA ctintheearly 19 9 0s
enablednationwidebanking, whiletherelaxingofunitbank, branchbankandstatebank
type legislature haveresulted in numerous mergers and failureswhich have signi…cantly
alteredtheU S bankingenvironment(A dams, B ergerandSickles19 9 7 ). T heintroductionof
interestbearingconsumercheckingaccountsandthephasingoutofR egulationQ interest
rateceilingsonsavingsandsmalldenominationtimedeposits intheearly80swereamong
theinitialwaveofderegulationpolicies. M oneymarketdepositaccounts(structuredsimilar
tomutualfunds) lednotonlytoanewproductlinebutalsotocompetitionfromnon-bank
institutions.
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Technicaland…nancialinnovationshavecontributed intransforming(andcontinuesto
transform) theU S bankingenvironmentbyeliminatingnaturalbarrierstoexpansionand
byunderminingstatutoryrestraints.2 Improvements incommunicationtechnology, better
computers, extensiveuseofA T M s (automatedtellermachines) andnewservices (on-line
banking)haveplayedakeyroleinrede…ningthisindustryasweknowittoday. Inaddition,
innovations in applied …nance, information processingand communications havefostered
greaterexpansionofbankingpowers throughdiversi…cationandproductsynergies. These
changesintheU S bankingenvironmenthavearousedconsiderableinterestinthemodeling
andmeasuringofcompetition. A surveybyH umphreyandPulley(19 9 7 )presentsadescrip-
tionofthederegulationmeasures implementedandanalyzesthe industry’s reactions and
adjustments.

Thedi¢culties associated in de…ningabank’s inputs, outputs and measuringprices
haveresultedinasubstantialportionofthebankcompetitionresearchbeingcenteredon
thestructure-performancerelationshipandrelatedhypothesis. A ccordingtothestructure-
performancehypothesisthelevelofcompetitionamong…rms is in‡uencedbythedegreeof
concentrationwithintheindustry.3 ThestructuralconsolidationoftheU S bankingsector
intherecentpasthasfueledtraditionalfearsofnon-competitiveness. Thishypothesisviews
thatgreatermarketconcentration isconduciveformoree¤ectivecollusion. Thepapersby
BergerandH annan(19 8 9 , 19 9 8)andBerger(19 9 5)provideanextensiveoverviewoftheprior
researchthatusedthestructure-performanceparadigm. Theprevious researchreferredto
intheabovepapers hasreliedonreducedform modelstomeasuremarketconduct. Bank
performancemeasures such as returnonequity (R O E), return onassets (R O A ), interest
rateschargedonloansandinterestratespaidondepositswereregressedonconcentration
measures, andtheseparameterestimateswereusedasindicatorsofthedegreeofcompetition
amongbanks. B ergerandH annan(19 89 ) usedthee¢cient-structurehypothesistomeasure
competition byconsideringthee¤ectofmarketconcentration on pro…tability. Thevast
literatureontheabovehypotheses generallysupportthestructure-performanceparadigm
andpartiallysupportsthee¢cient-structureparadigm, withneitheronecompletelyconsis-
tentwiththeempiricallyobservedrelationshipsamongpro…ts, prices, marketstructureand
e¢ciency. Structuralmodels designedtodealwiththese issues recentlyhavebeen ana-
lyzedbyA dams, R oeller, andSickles(19 9 9 ), A dams, B auer, andSickles(19 9 9 ), andA dams,
Jayasuriya, andSickles (19 9 9 ). W edopursuesuchstructuralmodelingapproachesinthis
paper.

2SeeB erger, Kashyap andScalise(19 9 5).
3H H I iswidely usedasameasureofmarketconcentration. See H annan(19 9 7 ) foradiscussion on the

usefulnessoftheH H I indexinthepricingofdepositandloanratesintheU S bankingindustry.
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4.2 D ata4

A paneldatasetfromthe…rstquarter19 80 tillthefourthquarter19 9 6consistingof10,000
U S bankswasusedintheestimationofthesemodels.

TheproductionandcostdatafortheU S bankingindustrywasobtainedon-linefromthe
FederalR eserveBankofChicago. T heR eportofConditionandIncome(CallReport), and
theFD IC SummaryofD epositsaretheprimarysourcesfortheU S bankingdata.

Thispaneldatasetisacomprehensivesourceofinformationonoperatingcosts, inputs
(includinglabor, capitalandpurchasefunds), outputs (loansanddepositservices), assets,
and theregulatoryenvironmentofany institution in the U S bankingindustry. D ataon
overonehundredvariableswascollectedfromtheCallR eportsandtheFD IC Summaryof
D eposits.5

L abor(L A B ) is measuredusingthenumberoffulltime-equivalentemployees onthe
payrollattheendofeachquarter. Thetotalvalueofpremises, …xedassets, andcapitalized
leasesareusedasaproxyforcapital(CA P ). P urchasefunds (P U RF) aremeasuredusing
thesum ofdeposits greaterthan U S$ 100,000, foreigndebt, federalfunds purchased, and
liabilitiesonborrowedmoney.

Themeasurementofloanand depositservices is amorecomplex issue, and twoap-
proachesarecurrentlyutilized intheU S bankingliterature: intermediationapproachand
productionapproach. Theintermediationapproachusesthedollaramountsofdepositsand
outstandingloans asaproxyfordepositandloanservices providedbyabank, whilethe
productionapproachuses thenumberofoutstandingloans and deposits as ameasureof
bankingservices produced. Theformerapproach is followed inthedatacollectionand in
themodelingmethod.

4 T hedata sets used in this paperwere compiled by Ruwan Jayasuriyawhile employedas aSummer
Internatthe A ntitrustD ivision, U .S. D epartmentofJustice, W ashingtonD C. Theinsightfulcommentsby
numerouseconomists workingin the A ntitrustD ivision, and the…nancialsupportprovided aregratefully
acknowledged.

5 A detailed description ofthesevariables can befound attheFederalR eserveB ankofChicagoU R L
(http://www.frbchi.org).
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ProductionandCostD ataD escription
Variable M ean Std. D ev

RealEstateL oans (REL N ) 50 million 23million
InstallmentL oans (IN L N ) 17 million 11 million
Comm& IndusL oans (CIL N ) 18 million 17 million
D eposits 20,405 12,602
PriceofREL N 3.9 2 1.08
PriceIN L N 4.34 1.05
PriceofCIL N 3.29 1.15
PriceofD eposits 3.82 1.24
L abor 2,047 1,300
Capital 29 million 19 million
PurchaseFunds 14million 9 million
W age 20,227 6,203
PriceofCapital 13.38 3.81
PriceofPurchaseFunds 3.29 1.24

Thefollowingloananddeposittypesareused inthis study: realestateloans (R EL N ),
commercialand industrialloans (CIL N ), installmentloans (IN L N ), and retailtime and
savings deposits (D eposits).6 CIL N accounts forloans given tobusinesses, while IN L N
accountsforloansgiventoindividualstomeetmedicalexpenses, vacationexpenses, purchase
furniture, automobiles, household appliances, and othermiscellaneous expenses. REL N
accountsforloanssecuredbyrealestate.

Theprice(interestrate)foreachoftheloantypesisobtainedbydividingtheinterestrate
andfeeincomeearned, bytheoutstandingloanamount. A compositewagerateisobtained
bydividingthetotallaborexpensesbythetotalnumberofworkers. Priceindicesforcapital
andpurchasefundsarecalculatedbydividingtheexpenses incurredforeach inputbythe
valueoftotaldeposits(aspresentedbelow).

wj=
expenditureon inputj

totaldeposits

O utputs, inputsandpricede…nitionsusedinthispaperareconsistentwiththoseused
inpreviousstudies(B erger(19 9 1), andBerger, H ancockandH umphrey(19 9 3)). B anksize
(totalassets) ishighlycorrelatedwiththesizeofagivenoutput, andthusdollarvaluesare
usedinplaceofthenumberofloansordeposits

6 R etailtimeandsavingsdepositsgreaterthanU S$ 100,000 areincluded inpurchasefunds.
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Thede…nitionsofquantitiesandpricesarelessthanideal, butarenecessitatedduetothe
absenceofexplicitpriceindices. TheCallReportandFD IC dataarereported innominal
terms, andareconverted intorealtermsusingastatelevelconsumerpriceindex(19 82-84
= $100).

4.3 R esults

5 Conclusion
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A ppendix

A E¢cientEstimationinSemiparametricM odels
T henotionofe¢cientestimation in semiparametricmodels is wellestablished in B egun,
H all, H uangand W ellner(19 83), B ickel, Klaassen, R itovand W ellner(19 9 3), and Pagan
and U llah (19 9 4). A n excellentsurveymaybefound in N ewey (19 9 0). B elowwebrie‡y
outlinethebasicideas inourcontext.

W rite(X ;Y )for“generic" observations. L etIP bethesetofallpossiblejointdistributions
of(X ;Y ). L et¯ betheparametervector. O necalls IP 0 aregularparametricsubmodelof
IP ifIP 0 (½ IP ) can berepresented asfP(̄ ;́ ) :¯ 2 IR d ;´ 2 Sopen½ IR kg andatevery
(¯0 ;´0) themapping(¯;´) ! P(̄ ;́ ) is continuouslyH ellingerdi¤erentiable(seeIbragimov
andH as’minskii, 19 81, Section1.7 ).

Forinstance, inourbasicmodel(1), aprobabilitydistributioncanbecharacterizedby
(¯;h ;¾ 2 ). L et(̄ 0 ;h 0 ;¾ 20)denotethetruevalueofthetrueunderlyingPandconsideraclass
offunctionsh ´1(¢;¢) indexedby´1 2 IR 1 whereh ´1 isidenticaltothetrueh 0 when´1 = 0 (for
example, onemaytakeh ´1(¢;¢)= h 0(¢¡´1;¢)). W rite´2 for¾ 2 , with´ 2 0 = ¾ 20. L etP(̄ ;́ 1;́ 2 )

denoteadistributioncharacterizedby(̄ ;´1;´ 2 ). T hismeansthatthetruePcanbewritten
asP(̄ 0 ;0 ;́ 2 0 ). T hen, theclassofprobabilitydistributionfP(̄ ;́ 1 ;́ 2 ) :¯ 2 IR d ;´1 2 IR 1;´2 > 0 g
isasubmodelofIP passingthroughthetruePandisregularifh ´1, as functionalof´1, is
“smooth” inacertainsense(IbragimovandH as’minskii, 19 81).

SupposeP(= P(̄ 0 ;́ 0 )) belongs toaregularparametricsubmodelIP 0 ofIP . T henthe
notionofinformationboundande¢cientestimationof¯ arewellde…ned.

L etL(X ;Y;¯;´)denotetheloglikelihoodofanobservationfromP(̄ ;́ )andlet̀ ¯(X ;Y ) =
@L=@¯j(̄ 0 ;́ 0 ) and `́

j
(X ;Y )= @L=@´jj(̄ 0 ;́ 0 ) where´ = (́ 1;:::;´k). T hen,

I (P;¯;IP 0 )= E[`̄ ¡
kX

j= 1
c¤j̀ ´j][`̄ ¡

kX

j= 1
c¤j̀ ´j]

0

wherec¤j isad -dimensionalvectoruniquelydeterminedbytheorthogonalitycondition:

E[`̄ ¡
kX

j= 1
c¤j̀ ´j]̀ ´j= 0 j= 1;:::;k

In fact, theinformation I (P;¯;IP 0) given aboveisnothingelsethanthe inverseof d £d
top-leftpartitionof[E(̀ 0̀)]¡1 where`= (̀ 0¯;`́1;:::;`́k

)0.
M oreover, itcanbealsowrittenas

I (P;¯;IP 0)= E ¤̀̀ ¤0
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where
¤̀= `̄ ¡¼(̀ ¯j[`́]);

[`́]denotesthelinearspangeneratedby f̀ ´jgkj= 1, and¼(̀ jS)denotesthevectorofprojec-
tionsofeachcomponentof̀ ontothespaceSinL 2 (P). Inotherwords,weprojectthescores
withrespecttotheslopeparametersontothenuisanceparametertangentspaceandthen
purgethescoresoftheseprojectionstogetthee¢cientscore, whichisthenorthogonalto
thenuisanceparameters. A nestimatorof¯ iscallede¢cientifitisasymptoticallynormal
withmeanzeroandvarianceN ¡1I ¡1(P;¯;IP 0).

T heabovediscussionapplieswhenPrangesoverIP 0. Clearly, ifweonlyassumethat
P 2 IP wecan estimatenobetterthan ifweassumed thatP 2 IP 0. A ccordingly, let
I (P;¯;IP) = inffI (P;¯;IP 0) :IP 0 isaregularparametricsubmodelofIP ; P2 IP 0g bethe
informationboundforestimating¯ underIP. A nestimator^̄N isnowcallede¢cientinIP
if

LP(
p
N (^̄N ¡¯)) ! N (0 ;I ¡1(P;¯;IP)):

A methodof…ndingI (P;¯;IP) iswellexplainedinB ickel, Klaassen, R itovandW ellner
(19 9 3). L etC denotetheclass ofallregularparametricsubmodelscontainingP, andlet
[`́(IP 0)]denotethelinearspangeneratedby`́ forasubmodelIP 0. T hen I (P;¯;IP) canbe
obtainedby

I (P;¯;IP) = E ¤̀̀ ¤0(X ;Y )

where
¤̀= `̄ ¡¼(̀ ¯jV )

and V is theclosedlinearspan (calledtangentspace) oftheunion of [`́(IP 0 )]when IP 0
rangesoverC . T herandomvariable ¤̀ is calledthee¢cientscorefunction.

B L emmasandProofs
ProofofTheorem 2.1.
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