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A bstract
In this paper, we investigate thenatureofincome inequality across

nationsby…rstestimating, testing, anddistinguishingbetweentwotypes
ofaggregateproduction functions: theextendedneoclassicalmodeland
amincerian formulation ofschooling-returns to skills. N ext, given our
panel-dataestimates, weproceedindecomposingthevarianceofthe(log)
levelofoutputper-workerin19 85 intothatofthreedistinctfactors: pro-
ductivity, humancapital, andthedynamicincentivestoaccumulatecapi-
tal. Finally, weclassifyagroupof9 5 countriesaccordingtotheirrelative
position (aboveorbelowaverage) foreachofthesefactors. T hepicture
thatemergesfrom theselasttwoexercises isonewherecountriesgrewin
thepastfordi¤erentreasons, which shouldbeconsideredforpolicyde-
sign. A lthoughthereis notasingle-factorexplanationforthedi¤erence
inoutputper-workeracrossnations, itseemsthatproductivitydi¤erences
canexplainaconsiderableportionofincomeinequality, followedsecond
bydynamicine¢cienciesandthirdbyhumancapitalaccumulation.
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1 Introduction
T hefocusoftheliteratureoneconomicgrowthhaschangedfromtheearly-day
studies ofdi¤erences in growth rates amongcountries (e.g., B arro(19 9 1)) to
studiesthattrytounderstandthedi¤erences inthelevelofoutputperworker
amongcountries. Foragivencountry, sincethelevelofoutputperworkercan
bethoughtas its cumulative growth experience, studyingitis equivalentto
studyinglong-rungrowth. Indeed, di¤erencesofoutputperworkeracrosscoun-
triesareveryhigh, whichillustratesthatthetheirlong-rungrowthexperience
has been verydiverse. Forexample, in 19 9 0, theaverageworkerintheU .S.
produced34timesmorethanaworkerinM ali, 12 timesmorethanaworkerin
G uyanaorIndia, andtwiceasmuchasaworkerinPortugal.

Inrecentyears, anumberofstudieshavetriedtoexplainthesedi¤erences.
T heirresultscanberoughlydivided intotwogroups. T he…rst…nds thatdif-
ferences infactors ofproductionalone(e.g., physicalandhumancapital) can
explainmostoftheobserveddi¤erences inoutputperworker;seeforexample,
M ankiw, R omer, and W eil(19 9 2), Chari, Kehoe, and M cG rattan(19 9 7 ), and
M ankiw(19 9 5). T hesecondgroup …nds that, evencontrollingforphysicaland
humancapital, thereis stillalargeportionofoutputperworkerdisparityleft
unexplained. H ence, totalfactorproductivity(T FP ) disparitycanbeacrucial
determinantofoutputperworkerdi¤erencesacrosscountries;see, forexample,
H allandJones(19 9 9 ), Prescott(19 9 8), andKlenowandR odriguez-Clare(19 9 7 ).

T heconclusions inthesearticlesaresomewhatin‡uencedbytheirmethod-
ologicalchoices, particularlybythechoiceofthefunctionalform oftheaggre-
gateproduction function, bythechoiceoftheestimationmethodand/orby
theparameter-calibration employed. Forexample, M ankiw, R omerand W eil
assumethat, apartfromO L S-residualvariation, productivityisthesameacross
countries. T hus, theimportanceoffactors isautomaticallystrengthen. O nthe
otherhand, H allandJonesworkwithaproductionfunctionwherehumancap-
italisnotaseparateinput, butonlymodi…esrawlabor. H ence, theyhaveonly
twofactors, andnotthree: physicalcapitalandlabor. M oreover, theycalibrate
thephysical-capitalsharetoberelatively smallandequalto 1 =3. A llthese
choicesautomaticallyreinforcetheroleofproductivity.

Sincethesemethodologicalchoicescanpotentiallydrivethe…nalresultsob-
tained, wethinkthatonewaytoavoidthisproblem, beingneutralonmethod-
ologicalissues, is totestthespeci…cationbeingused. H ence, weproposeusing
apragmaticapproach: insteadofassumingapriori aspeci…caggregatepro-
ductionfunction, twoalternativefunctionalformsareestimated. T he…rstisa
modelwithalongtraditioninthegrowthliterature- theextendedneoclassical
growthmodelproposedbyM ankiwR omerandW eil, amongothers. T hesecond
isamincerianformulationofschooling-returnstoskills, traditionallyusedinthe
labor-economicsliterature, e.g., M incer(19 7 4) andW ills(19 86), butrecentlyin-
corporatedintothegrowthliteratureaswell, e.g., B illsandKlenow(19 9 6), and
H alland Jones(19 9 9 ). A fterestimatingthesetwosets ofregressions, weask
which ofthesetwospeci…cations best…ts thedatausingavarietyofspeci…-
cationtests. T herestrictionthatproductivityis thesameacross countries is
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notimposedapriori, butrathertestedusingapanel-datasetof9 5 countries,
rangingfrom 19 60 to19 85, extractedfromtheSummersandH eston(19 9 1) and
theBarroandL ee(19 9 6) databases.

A fterconsideringtheresultsofspeci…cationtests, andchoosingwhichproduction-
functionbestrepresents thedata, productivityandfactor-shareestimates are
usedtostudythecontributionoffactors ofproduction, productivity, anddy-
namicdistortions inexplainingthevariationofoutputperworker. T hesedy-
namicdistortions aretax-distortions a¤ectingthereturnon physicalcapital,
calculated followingChari, Kehoe, and M cG rattan(19 9 7 ). Foreach country,
theywerecalibratedtomakethemodi…edgoldenruleholdinequilibrium, us-
ingestimatedfactorshares, T FP s, andthestockofphysicalandhumancapital
perworker.

O urpreferredpanel-regressionequationusesthemincerianspeci…cationwith
anestimatedcapitalshareofabout42% , amarginalreturntoeducationofabout
7 .5% peryear, andanestimatedproductivitygrowthofabout1.4% peryear.
O urproductivityestimates areverydi¤erentacross countries, witharatioof
thehighest-to-the-lowestgreaterthanfour. Testingwhetherproductivityisthe
sameacrosscountriesstronglyrejectsthishypothesis.

U singregression results, and calibrated tax-distortions, the variability of
outputperworkerwasexplainedintermsofthreecomponents: humancapital,
productivity, anddynamicdistortions (i.e., taxdistortionsa¤ectingthereturn
ofcapital). A variancedecompositionexerciseshowsthatproductivityandthe
dynamicdistortionarethemostimportantfactors inexplainingthevariation
in outputperworkeracross countries. Productivityexplains 53% , whilethe
dynamicdistortionsexplains24% .

Finally, we divided the setof9 5 countries into 8 sub-sets, accordingto
theirrelative position with respecttothe average ofthe three determinant
factors ofoutputperworker. A s expected, the setofcountries with above-
average productivity and education, and below-average dynamicdistortions,
contains almostallofthe rich countries. O n the otherextreme, the setof
countries with below-average productivity and education, and above-average
dynamicdistortions, containsonlypoornations, withaverageoutputperworker
ofaboutonetenthofthatoftherich-countrygroup. T heremaininggroupshave
eitheroneortwofactorsaboveaverage.

T heresultsshowedthatallex-communistcountrieshadhighhumancapital
andlittledistortions, butwereamongsttheleastproductiveeconomiesoverall.
Forexample, R omaniahadthesmallestproductivityestimateofallcountries,
whichwasmorethanfourtimes smallerthantheU .S.-productivityestimate.
A lso, Japan, Taiwan, andKoreaarelow-distortion andhigh-educationcoun-
tries, buttheirproductivitylevels arebelow-averageforworldstandards: Ko-
rea’sestimatedTFP isonly56% ofthatoftheU .S. H ence, wereproducehere
Young’s(19 9 5)resultthatthegoodperformanceofthesecountriesintherecent
pastwasmostlyduetofactoraccumulationandnothighproductivity.

D espitetheimportanceofproductivityinexplainingthedispersionofout-
putperworkerinoursampleofcountries, itmaybeunimportantas afactor
hamperinglong-rungrowthforsomespeci…ccountries. Forexample, B raziland
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U ruguayhavealmostthesameoutputperworker(1/4 oftheU .S. level) and
productivity, butthelaborforceinB razilhasabouthalftheschoolingofthat
inU ruguay, andU ruguay’sdistortiontocapitalaccumulationismorethan20%
higherthaninBrazil. T his showsthatthesecountries shouldpursuedi¤erent
developmentpolicies toreducethegap between them and thegroup ofrich
nations.

Takentogether, theevidencehereshows that: (i) accordingtoeconomet-
rictests, productivitycannotbemodelledas beingthesameforallcountries.
M oreover, di¤erencesinproductivitycannotbedisregardedasanexplanationof
whyoutputperworkervaries somuchacrosscountries;(ii) despitethat, there
is notasinglefactorthatcanexplainwhyoutputperworkervaries somuch
across countries. T his becomesobviousoncecountries areclassi…edaccording
totheirrelativeattributesintermsofproductivity, humancapitalanddynamic
distortions. H ence, auniformpolicytofostergrowthisboundtobeine¤ective,
sincecountryspeci…citieshavetobetakenintoaccountindesigningthem.

T his paperhas …veadditionalSections. In Section 2 wediscuss thefunc-
tionalforms usedtorunproduction-functionpanelregressions. In Section3,
theeconometrictechniques andthespeci…cationtests usedarediscussed. In
Section4wepresentestimationresults. Section 5 is onthenatureofincome
inequalityacrossnations, andSection6concludes.

2 M odelSpeci…cation
T he…rstproductionfunctionconsideredhereistheso-called“extendedneoclas-
sicalmodel,”whichuseshumancapitalasanadditionalexplanationforoutput,
jointlywithphysicalcapitalandrawlabor. W efollow, amongothers, M ankiw,
R omerandW eil(19 9 2). Startwiththefollowinghomogenous-of-degree-onepro-
ductionfunction:

Yit=A itF (Kit;Hit;L itexp(g¢t)); (1)

whereYit,Kit,Hit, L it, andA itarerespectivelyoutput, physicalcapital, human
capital, rawlaborinputs, andproductivityforcountryi inperiodt, wherei=
1 ;¢¢¢;N , andt=1;¢¢¢;T . Itisassumedthatthereisexogenoustechnological
progressatrategwhichisthesameacrosscountries. T heproductionfunction
inper-workertermscanbewrittenas:

Yit
L it

=yit=A itF (kit;kit;exp(g¢t)): (2)

A ssumingCobb-D ouglas technology(orusinga…rst-orderlog-linearapproxi-
mationoftheabovefunction) gives:

lnyit=lnA it+ ® lnkit+ ¯ lnhit+ ° g¢t+ "it; (3)
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where"it istheinheritedmeasurementerrorforcountryi inperiodt. Imposing
homogeneity(i.e., ° =(1 ¡® ¡¯)), weobtainthefollowing:

lnyit = lnA it+ ® lnkit+ ¯ lnhit+ (1 ¡®¡¯)g¢t+ "it
lnyit = lnA i + ® lnkit+ ¯ lnhit+ (1 ¡® ¡¯)g¢t+ ´it; (4)

where inthelastlineA it is decomposed intoatime-invariantcomponentA i
and acomponentthatvaries across i and t - ºit, such that´it = ºit+ "it.
D uetothesymmetrictreatmentofthefactors, theextendedneoclassicalpro-
ductionfunctionstrengthenstheimportanceofinputsvis-a-visproductivityin
explainingoutputper-workerdispersion. M oreover, thehighertheincomeshare
ofaccumulatedfactors, thehigheristheincomedisparityacrosscountriesthat
canbeexplainedbyinputs.

T hesecondspeci…cationdi¤ersfromtheaboveinthewayhumancapitalis
modelled. Itusesamincerian(e.g., M incer(19 7 4) andW ills(19 86)) formulation
ofschooling-returns toskills tomodelhuman capital. A lthough itis tradi-
tionally used in workon labor-economics, ithas been recently incorporated
intothegrowthliteratureaswell, e.g., B ills andKlenow(19 96), andH alland
Jones(19 9 8). T hereis onlyonetypeoflaborintheeconomy, whichhas skill-
level¸, determinedbyeducationalattainment. Itisassumedthattheskill-level
ofaworkerwithhyearsofschoolingisexp(Áh)greaterthanthatofaworker
with noeducation atall, leadingtothe followinghomogenous-of-degree-one
productionfunction:

Yit=A itF (Kit;̧ itL itexp(g¢t)): (5)

T heparameterÁ in¸it=exp(Áhit)givestheskill-returnofoneextrayear
ofeducation. Inper-workerterms, theequationabovereducesto:

Yit
L it

=yit=A itF (kit;̧ itexp(g¢t)): (6)

A gain, withCobb-D ouglas technology(orwitha…rstorderlog-linearap-
proximationoftheproductionfunction)weobtain:

lnyit=lnA it+ ® lnkit+ ¯ ln(̧ itexp(g¢t))+ "it: (7 )

where"it is theinheritedmeasurementerrorforcountry i inperiodt. Finally
using¸it=exp(Áhit)andimposinghomogeneity(i.e., ¯ =1 ¡®), weobtain:

lnyit = lnA it+ ® lnkit+ (1 ¡®)(Áhit+ g¢t)+ "it
lnyit = lnA i + ® lnkit+ (1 ¡®)(Áhit+ g¢t)+ ´it; (8)

where, again, in thelastline, in thelastlineA it is decomposed intoatime-
invariantcomponentA i andacomponentthatvariesacross i andt - ºit, such
that´it= ºit+ "it. T hemincerianformulationstrengthenstheimportanceof
productivityvis-a-vis inputs inexplainingoutputper-workerdispersion. T his
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happensbecausehumancapitalisnotaseparatefactorofproduction, butonly
augmentslaborproductivity.

T hebasicdi¤erencebetweenequations(4)and(8) iswhetherhumancapital
enterstheproductionfunctioninlevelsorinlogs. Ifhumancapitalentersinlogs
- (4), thereisa…xedhuman-capitalelasticityinproductionforallcountries. If
itentersinlevels- (8), human-capitalelasticityinproductionwillchangeacross
countries(andacrosstimeaswell).

3 EconometricEstimationandTesting
Eachoneofthesesetsofequationsin(4)and(8), convenientlyreproducedbelow,
constitutesastructuralsystemofequationsforasetofcountries i=1 ;2;¢¢¢N
andasetoftimeperiodst=1 ;2;¢¢¢T . A sisusualwithsuchapanel, panel-data
techniques canbeemployedtoestimatethestructuralparameters lnA i, ® , ¯,
g, andÁ.

lnyit = lnA i + ® lnkit+ ¯ lnhit+ (1 ¡®¡¯)g¢t+ ´it;
i = 1;2;¢¢¢N t=1;2;¢¢¢T ; (9 )

lnyit = lnA i + ® lnkit+ (1 ¡®)(Áhit+ g¢t)+ ´it;
i = 1 ;2;¢¢¢N t=1 ;2;¢¢¢T : (10)

Ifonedisregardsthepanel-datastructureineither(9 )or(10), exploitingonly
thecross-sectionaldimensionofthedataset, he/shecannotestimateeitherthe
technological-progress trendcoe¢cientg, orthecountry-speci…cproductivity
levellnA i. Tryingtodosowould inevitablyexhaustallavailabledegrees-of-
freedom. T his isthemaincriticism ofIslam(19 9 5) oftheestimationprocedure
inM ankiw, R omerandW eil(19 9 2). B ecausewedonotwanttoruleoutapriori
thatlnA i canbean importantfactorin explainingtheobserveddisparity in
outputperworkeracrossnations, wechosetoconsiderthepanel-datastructure
ofthestructuralequations in(9 ) or(10).

Indiscussingthetechniquestobeemployedinestimatingeither(9 )or(10),
thefollowinghavetobeconsidered: (i) ingeneral, lnkitandlnhitarecorrelated
with´it. T hisoccurs forseveralreasons. Inashortlist, bothlnkit andlnhit
aremeasuredwitherror, generatinganerror-in-variablesproblem inestimation;
seeJudgeetal.(19 85, pp. 7 06-7 09 ). Second, thereisaportionof´itthatcomes
from productivity, hence beingcorrelated with lnkit and lnhit; (ii) because
regressors and errors are correlated, ifonehopes togetconsistentestimates
ofstructuralparameters, alistofinstrumentalvariables has tobeobtained.
T hesemustbecorrelatedwithlnkit andlnhit, butnotwith´it;(iii) achoice
mustbemaderegardinghowtomodellnA i. T herearetwonaturalcandidates:
modellinglnA i asa…xed-e¤ectorasarandom-e¤ect.

Simultaneous-equation coe¢cients, such as the ones in either(9 ) or(10)
above, can be consistently estimated by instrumentalvariable methods; see
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H siao(19 86, pp. 115-127 ). Consideringthestructureofcorrelationamonger-
rorsofdi¤erentcountries isa…rststep inchoosingtheestimationmethod. A
reasonableassumptionabouterrorsisthattheirvarianceisnotidenticalacross
countries. Shocks tospeci…ccountriesmaybeverydi¤erentandmayacause
forheteroskedasticity, whichmustthenbeconsideredinestimation. Errorsfor
di¤erentcountries should alsohave anon-zerocontemporaneous correlation.
T hereareseveralinternationalshocksthatsimultaneouslya¤ectallcountries:
oilshocks, coordinated …scalpolicies, etc. A llpotentially implyacontempo-
raneouscorrelationamongerrors. Inthecaseofcontemporaneouscorrelation,
exploitingitleadstoe¢ciencygains isestimation, i.e., morepreciseparameter
estimates.

A textbookexampleoftheserelativee¢ciencygains isthecomparisonbe-
tween2SL S and3SL S estimates. Precision, however, isnottheonlyissuethat
shouldbeconsideredinchoosingtheestimationmethod. Full-informationmeth-
ods(suchas3SL S)havealsoproblemsoftheirown, inwhichmis-speci…cationof
onegivenequationinthesystemcarriesovertoothersystemequations, leading
toinconsistentestimatesforthewholesystem. M oreover, thelargerthesystem,
thehigherthechanceofmis-speci…cation. B ecauseinourcaseitmaybeprefer-
abletohaveine¢cientestimates(whichcanbeconsistent, inprinciple)thanto
haveuselessinconsistentestimates, wechosetouseamethodthatdoesnottake
intoaccountthecontemporaneouscorrelationamongerrors. H eteroskedasticity
oferrors indi¤erentcountries, however, willbeconsideredinestimation. T his
isdonebyweightingdi¤erentlyeveryequationinthesystem.

T hesecond step in instrumental-variableestimation is toobtain valid in-
struments. T hediscussionhereisfocusedforthecaseofthe(logof)thecapital
stock, butitgeneralizes forthecaseofthemeasureofhumancapitalaswell.
W henworkingwithtime-seriesdataitiscustomarytoconsiderthelagsofthe
regressors as possible instruments forthem, e.g., lnkt¡1 as an instrumentfor
lnkt. Inthecaseofpanel-datasetsthisisnotasuitablechoice. First, ifthe(log
levelof)capitalismeasuredwithatime-invarianterrorwehaveatypicalerror-
in-variablesproblem;seeJudgeetal.(19 85, pp. 7 06-7 09 ). Inthiscase, lnkit¡1 is
correlatedwith´it becausethelatterincludesthetime-invariantmeasurement
errorpresentin the(loglevelofthe) capitalstock. Second, if´it contains a
measurementerrorterm forlnyit, andlnkit¡1 ismeasuredwitherroraswell,
withthesetwomeasurementerrors beingcorrelated, thenlnkit¡1 is againan
unsuitableinstrument.

Toavoidthe…rstproblem discussedabove, weconsideras instrumentsnot
lnkit¡1 , butlnkjt¡1 , i 6= j, i.e., thelagged (loglevelofthe) capitalstockof
countryj. A s longas themeasurementerrorsareidiosyncraticinnature, i.e.,
uncorrelatedwitheachother, lnkjt¡1 willnotbecorrelatedwith´it. A possible
problem isthatitmaynotbecorrelatedwithlnkiteither. Forexample, thereis
noguaranteethatthelagged(logofthe) capitalstockofFijiwillbecorrelated
withthecurrent(logofthe) capitalstockin R omania. H owever, ifwechoose
agroup ofcountries j satisfyingsomegeographical(orcultural) criterium, we
canincreasethechanceoflnkjt¡1 andlnkitbeingcorrelated. Inparticular, we
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proposeusingforeachcountryi thefollowinginstrumentforlnkit:

1
N i

X

j2fN ig
lnkjt¡1 ; (11)

whereN i represents thenumberofadditionalcountries inthesamecontinent
thatcountryi is in, and

©
N iªrepresentsthesetofcountries inthatcontinent

thatarenotcountryi, i.e., (11) representsrest-of-the-continentaveragelagged
(logofthe) capitalstock.

L aggedaveragerest-of-continentcapitalstocklookspromisingasaninstru-
ment. Countriesinthesamecontinentusuallytrademorewitheachotherthan
withcountriesoutsidethatcontinent. T heyalsotendtohavesimilarmacroe-
conomic policies. T hese factors contribute todelivera non-zerocorrelation
between 1

N i

P
j2fN iglnkjt¡1 andlnkit. O ntheotherhand, onecanarguethat

somecomponentof 1
N i

P
j2fN iglnkjt¡1 maybecorrelatedwith´it. A lthough

this is always possible, there is away thattheorthogonality between errors
and instruments can betestedforover-identi…edmodels;basicreferences are
B asmann(19 60) andSargan(1964).

Testingorthogonalityforaspeci…cover-identi…edregressionequation ina
system entailsthefollowingsteps(seethediscussioninD avidsonandM acKin-
non(19 9 3, Section 7 .8)):

1. G etthe instrumental-variableresidualforthatequation. Forexample,
for(9 ) above, getlnyit¡

³
dlnA i + b® lnkit+ b̄lnhit+ (1 ¡b® ¡b̄)bg¢t

´
for

agivencountry inthesample, wherehats denote instrumental-variable
estimates.

2. R unanauxiliaryregressionofthis instrumental-variableresidualonthe
instrumentsusedforthatcountry, obtainingtheuncentered R 2 statistic
fortheauxiliaryregression.

3. ComputetheT £R 2 statistic, whereT isnumberofobservationsusedin
estimation. T £R 2 converges indistributiontoaÂ2 statisticwithr¡a
degreesoffreedom, whererandaarerespectivelythenumberinstruments
andthenumberofparameters inthatparticularequation, makingr¡a
thenumberofover-identifyingrestrictionsforthisparticularequation.

4. Chooseasigni…cancelevel® andthen compare T £R 2 with Â2r¡a(®).
R ejectthenullthattheerrorandtheinstrumentsareorthogonalifT £
R 2 > Â2r¡a(®).

A lthoughtheprocedureoutlinedaboveissuitablefortesting“orthogonality”
forsingle-equationsinasystem, itisajointtestoforthogonalityandofcorrect
speci…cationofthemodel. H ence, rejectionofthenullcanbeduetoincorrect
speci…cationandnottolackoforthogonality. H owever, itmaybeinformative
tocomputethis statistic in ordertolearnwhich countries violateeitherthe
orthogonalityrestrictions orcorrectspeci…cation. Similarities (ordisparities)
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amongthem mightshedlightonwhatis thecauseoftheproblem. M oreover,
problem countriesmayberemovedfromthesample.

W hetherornothuman-capitalmeasures shouldentertheproductionfunc-
tioninlevelsorinlogs canbetestedbyusingaBoxandCox(19 64) transfor-
mation. Considerthegenericregressionequation:

yt=
µ
xµt¡1
µ

¶
¯ + "t: (12)

N oticethat:

lim
µ! 0

µ
xµt¡1
µ

¶
= ln(xt);and (13)

lim
µ! 1

µ
xµt¡1
µ

¶
= xt¡1 ; (14)

where itis clearthatfora logarithmictransformation tobe valid wemust
have µ = 0 , and forathe series xt toenterin levels wemusthave µ = 1 .
T hese twohypotheses can betested bymeans ofaW ald test, usinga Box-
Coxtransformationforthehuman-capitalmeasureintheproductionfunction.
B asedontestsresultswecanthenchoosethemoreappropriatetransformation
forthehuman-capitalseries.

Finally, whetherweshoulduse…xed- orrandom-e¤ectsinmodellingindivid-
ualproductivityfactorslnA i canbeinvestigatedbymeansofaH ausman(19 7 8)
test. T heideabehindthetestisverysimple. Considerthegenericregression:

y=X ¯ + ":

Supposewewanttotestiftheregressors X and theerror"areorthogonal,
i.e., ifplim1

nX
0"= 0 , wheren is thetotalnumberofobservationsavailableto

estimate¯. Considernowtwopossibleestimatorsfor¯ - b̄0 and b̄
1 . T helatter

isaconsistentestimatorfor¯ regardlessofwhetherplim 1
nX

0"=0 . T his isthe
estimatethatuses…xed-e¤ects, whichisconsistentinavarietyofcircumstances
thatthe estimateusingrandom-e¤ects is not. O n theotherhand, b̄

0 - the
estimatethatuses random-e¤ects - is onlyconsistentifplim 1

nX
0"= 0 , i.e., if

therandome¤ectscontainedin"arenotcorrelatedwiththeregressors. Ifthat
isthecase, itisalsomoree¢cientthan b̄

1 . A ssumethatausualCentral-L imit
T heorem appliesforbothestimators:

n1 =2
³
b̄
0 ¡¯

´
d! N (0 ;V 0);and

n1 =2
³
b̄
1 ¡¯

´
d! N (0 ;V 1):

Totestifplim 1
nX

0"=0 , H ausmanproposesaapplyingthefollowingresult
(thedi¤erencebetweenthesetwoestimates):

n1 =2
³
b̄
1 ¡b̄

0

´
d! N [0 ;(V 1 ¡V 0)];
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inthequadraticform:

n
³
b̄
1 ¡b̄

0

0́
(V 1 ¡V 0 )

¡1
³
b̄
1 ¡b̄

0

´
d! Â2dim¯; (15)

where(V 1 ¡V 0 )mustbeestimatedconsistentlytohaveafeasibleteststatistic.
Ifthedi¤erencebetweenthetwoestimates is large, then(15) is large, andwe
arelikelytorejectthenull. Inthis case, alargedi¤erencebetweenestimators
istakentomeanthatplim 1

nX
0"6=0 , sinceotherwisewewouldexpectthisdif-

ferencetobesmall(atleastinlargesamples), becausebothestimatesconverge
tothesamevectorofparameters¯. A nalternativeapplicationherewouldbe
tocheckwhetherornotO L S couldbeusedtoestimateproductionfunctions
insteadofinstrumental-variabletechniques. In this case, b̄

0 willbetheO L S
estimatorand b̄

1 theinstrumental-variableestimator.

4 R esults
4.1 TheD ata
W econsideredtwoalternativepaneldatasetsrangingfrom 19 60 to19 85. T he
…rstuses observations at…ve-yearintervals andtheseconduses annualdata.
B othcombinemacroeconomicdatafor9 5 countriesinthemark5.6oftheSum-
mersandH eston(SH , fromnowon)datasetwithhuman-capitalmeasurescon-
tained in BarroandL ee(19 9 6). Sincethelatterareonlyavailableat…ve-year
intervals, ourinitialdatasetcollectedmacroeconomicdatawiththisfrequency.
H owever, this procedure is farfrom ideal, sinceproduction-functiondatawill
usenon-contiguousobservationsandseveralyearsofdataareleftunused. A l-
ternatively, we interpolated human-capitalmeasures to…tannualfrequency,
thus inducingmeasurementerrorin human capital. T his is, however, ami-
norproblem, since human capitalchanges with ahighly predictable pattern
andtheestimationtechniqueusedhereallowsforregressorsthataremeasured
witherror. M ostofthetime, wereportresults fortheannualdatabase, but
occasionallywedoaswellforthe…ve-yearintervaldataset.

T hetimespanwasrestrictedfrom 1960 to19 85. B eforethe1960’s, macroe-
conomicdata is missingforseveraldevelopingcountries, andusing itwould
restricttoomuch thesampleofcountries. L imitingthe …nalyearto19 85 is
required, sincewewantedtoincludeinourgroupofnationsthepreviouslyso-
cialistcountries. M ostofthemmadetheirtransitionintocapitalismbytheend
ofthe19 80’s, making19 85 thelastpossibleyeartoincludeinthesample.

T hespeci…cseries usedarethefollowing: yit is theratioofrealG D P (at
19 85 internationalprices) and the numberofworkers in the laborforce, ex-
tractedfrom SH ;kit is thephysicalcapitalseries perworker, whichuses the
realinvestment(at19 85 internationalprices) inconstructingthecapitalseries
andthesizeofthelaborforce. B othareextractedfrom SH ;hit is B arroand
L ee’s(19 96) seriesofaverageyearsofcompletededucationofthelaborforce.

T hewaythephysical-capitalserieswereconstructeddeservescomment. W e
startedwiththeinvestmentseriesandappliedthePerpetualInventoryM ethod
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togetmeasuresoscapital;seeYoung(19 9 5, pp. 650-653) forabriefdiscussion.
T hismethodrequiresaninitialcapitallevelandadepreciationrateforphysical
capital. Sinceitisnotobviouswhichisareasonabledepreciationratetoapply
forallcountries, wechosetouse…vedi¤erentrates(3% , 6% , 9 % , 12% , and15% )
checkingwhetherthecapitalseries were similarwhen theywerepermuted1.
A s forthe initialcapitalstock, Young(19 9 5, footnote 16) argues thatitcan
beapproximatedbythefollowingformula: K0 =I0 =(gI+ ±), whereK0 is the
initialcapitalstock,I0 istheinitialinvestmentexpenditure, gIisthegrowthrate
ofinvestment, and± isthedepreciationrateofthecapitalstock. Incomputing
his initialcapitalseries, Youngusesthemeangrowthofinvestmentinthe…rst
…veyears ofhis sampleas aproxyforgI. Inourcase, sincetheearly19 60’s
are avery unusualperiod in terms ofthegrowth rateofallmacroeconomic
aggregates, inthesenseofhavingrelativelyhighgrowthratesformostcountries,
wechosetousethemeangrowthofinvestmentfromthewholesample(19 60-85)
incomputinggI.

4.2 M odelEstimation
Instrumental-variableestimates ofthemincerianmodel(10), usingalimited-
informationsettingforavarietyofdepreciationratesforthecapitalstock, are
presentedinTable1. Italsoincludes severaltestresults - B ox-Cox, H ausman,
Sargan, etc. Instrumentsarecountry-speci…c, comprising 1

N i

P
j2fN iglnkjt¡1 ,

1
N i

P
j2fN ighjt¡1 , andt, andproductivity(lnA i) ismodelledasa…xed-e¤ect.

A H ausman(19 7 8) testforchoosinghowtomodellnA i (random- versus …xed-
e¤ects) indicates thatregressors arelikelytobecorrelatedwiththerandom-
e¤ect, makingthe…xed-e¤ectsmodelthebestalternative;seethep-values for
theequalityofcoe¢cients inTable1. T hereportedestimates for® , Á, andg
donotchangemuchaswevarydepreciationrates. Forreasonablevaluesof±
(6% -12% interval), theestimateof® isabout0.41, theoneforÁ is about0.08 ,
andtheoneforgisabout0.014;allarestatisticallysigni…cantatusuallevels.

T hesenumbersareclosetowhatcouldbeexpectedapriori: severalcali-
bratedstudiesuseacapitalelasticity® = 1 =3 (seeCooleyandPrescott(19 9 5)
and M cG rattan(19 9 4)). Estimates in G ollin(19 9 6) arealsocloseto0.40. A s
discussedabove, Á canbeinterpretedasameasureofthepercentageincrease
inincomeofanadditionalyearofschooling. M incerianregressionsusually…nd
bÁ ' 0 :1 0 (M incer(19 7 4)). M oreover, P sacharopolos(19 9 4) surveys schooling-
returnevidenceusingalargesetofcountries. H e…ndsanaverageof6.8% for
O ECD countriesand10.1% fortheworldasawhole. A naveragegrowthrateof
productivityofabout1.4% ayearisnotunlikely, beinginlinewiththeevidence
onlong-rungrowthpresentedbyM addison(19 9 5).

Instrumental-variableestimates oftheextendedneoclassicalgrowthmodel
(9 )arepresentedinTable2. Instrumentsarecountry-speci…ccomprising 1

N i

P
j2fN iglnkjt¡1 ,

1
N i

P
j2fN iglnhjt¡1 , andt. D uetotheH ausman-testresult, productivity(lnA i)

1R egressionestimatesfor® and¯ didnotchangemuchwhenthedepreciationratevaried.
H owever, theestimateofg is sensitivetothechoiceofdepreciationrate.
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ismodelledasa…xed-e¤ect. Forreasonabledepreciationrates (6% -12% inter-
val), theestimateof® is about0.43, alittlebithigherthan inthemincerian
case. T heestimateofthegrowthrateofproductivitygis about1.9 % ayear,
maybeclosertotheconventional-wisdomthanthemincerianestimate. H uman-
capitalelasticityestimates b̄arerelatively small: about0.025 and, forsome
valuesof±, notsigni…cantlydi¤erentfrom zero.

A smallandinsigni…canthuman-capitalelasticityfortheextendedneoclas-
sicalmodelhasalsobeenreportedbyBenhabibandSpiegel(19 9 4) andKlenow
andR odriguéz-Clare(19 9 7 )2. Inlightofthis collectiveevidence, itmaybein-
terestingtounderstandwhyM ankiwR omerandW eil(19 9 2)obtainedsuchhigh
estimatesforhumancapitalintheextendedneoclassicalmodel- rangingfrom
0.28 to0.37 3. KlenowandR odriguez-Clareshowthattheresults in M ankiw,
R omerandW eilarenotrobusttochanges intheproxiesusedtomeasurehu-
mancapital. M oreover, Islam(19 9 5) arguesthatproductivityislikelytochange
across countries, which requires the use ofpaneldata in estimation. U sing
cross-sectionaldataforcefullyimposestherestrictionthat, apartfrom residual
variation, productivityisthesameforallcountries.

Sinceproductivityis correlatedwithphysicalandhumancapital, omitting
itasaregressorcouldchangedramaticallyelasticityestimates. Toinvestigate
this issuefurther, were-estimatedtheextendedneoclassicalmodelunderthe
restriction thatproductivity is thesameacross countries, i.e., thatln(A i)=
ln(A), 8i. T heresults, presentedinTable3, showanincrementintheestimates
of® and ¯. T he…rstjumps from about0.43 toabout0.60, whilethesecond
jumpsfromabout0.025 toabout0.12 - almost…vetimeshigher4.

Itseems thatthekey tounderstandingthesedi¤erences in estimates lies
in howtomodelproductivity: ifitis allowed tovary across countries as a
…xed-e¤ect, physical- andhuman-capitalelasticitiesinproductionarerelatively
small. H owever, ifitis restricted such thatln(A i)= ln(A), 8i, estimates
closertoM ankiwR omerand W eil’s areproduced. Itturns outthatwecan
choosebetweenthesetospeci…cations usinganeconometrictest: aW aldtest
forcoe¢cientrestrictionsintheform ln(A i)=ln(A), 8i. R esultsofthesetests
arepresentedinthelastlinesofeitherTables1 and2 fortheminceriangrowth
modelandtheextendedneoclassicalmodelrespectively. Forbothmodels, and
allvaluesof±, thisrestrictionisoverwhelminglyrejected, showingthatthe…xed-
e¤ectspeci…cation is appropriate, and thatproductivity indeed varies across
countries.

A sdiscussedabove, wecanchoosewhichofthetwomodels((10)or(9 ))best
…tsthedatabyusingaBox-Coxtestforthehuman-capitalmeasure. R esultsare
presentedineitherTables1 or2. N umerically, theestimatesofµ (notreported)
wereallveryclosetooneandareverysigni…cant. T hus, testingthatµ = 0 -
thedouble-logmodelin(9 ) - rejectsthenullforeveryvalueofthedepreciation
rate±. O n theotherhand, testingthatµ = 1 - thelog-levelmodelin (10) -

2Klenowand R odriguéz-Clare(19 9 7 ) have also shown thatusingdi¤ erenthuman capital
series deliversdi¤erentestimates for¯.

3Seetheresults in theirTable2, p. 420.
4Seealsotheresults in T able4 fortheminceriangrowthmodel.
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doesnotrejectthenullforanyvalueof±. H ence, basedonthesetestresults,
wepreferthemincerianspeci…cationovertheextendedneoclassicalone. Since
thebasicdi¤erence between them is whetherthe human-capitalelasticity is
constantacrosscountries (andtime), ourresults indicatethatthis is probably
toostrongarestriction.

B ecausewewanttocheckwhetherornotsuitable instruments wereused
inestimatingthestructuralmodels, weperformedaseriesofSargantests (or-
thogonalitybetween instruments anderrors, equation-by-equation). T he…rst
step istodesignanover-identi…edmodel, sincetheones inTables 1 and2 are
just-identi…ed. W eusedthreelagsofourinstrumentlistabove, andtaswell,
ingettingover-identi…edequations5. Sinceeachequationestimatesthreecoe¢-
cients, andweareusingseveninstruments, weshouldcomparetheteststatistic
withaÂ24. R esultsforthemincerianmodelarepresentedinTable1. Ifwetake
thesigni…canceleveltobe5% , from atotalof9 5 country-regressions, between
14and21 countriesrejectedthenullinthis “instrument-validity” test. This is
about16% -22% ofthesampleofcountries, arelativelylownumber6. Forthe
extendedneoclassicalmodeltheresultsarenotverydi¤erent;seeTable2.

A lthoughintermsofnumbercountriestheserejectionsarerelativelysmall,
sincethedataforeachcountryareweightedbythevarianceofits errorterm
incomputinginstrumental-variableestimates, itcouldhappen thatincluding
these countries makes a bigdi¤erence in terms ofparameterestimates. To
checkifthiswas apotentialproblem, weranmincerianregressions excluding
from oursampleofcountries thoseforwhichwerejectedorthogonalityatthe
5% levelintheSargantest. Forallvaluesof± used, theresultsofthisexercise
showedoverwhelminglythatestimateschangedverylittlewhenthesecountries
areexcluded. Toillustratethesedi¤erences, wereportherethecaseof±=9%.
Fortherestrictedsampleofcountries, parameterestimates arethefollowing:
b® = 0 :41 27, bÁ = 0 :0 798, andbg= 0 :0 1 35, whereas fortheunrestrictedsample
they are: b® = 0 :41 96, bÁ = 0 :0 753, andbg= 0 :0 1 40 , i.e., virtually the same
results.

Itis usefulatthis pointtosummarizeourevidenceregardingproduction-
functionestimatesusingpaneldata. First, forbothproductionfunctionscon-
sidered, itisclearthatproductivityisbettermodelledasa…xed-e¤ectvis-a-vis
arandom-e¤ect. T hishappensbecausethereisevidencefromaH ausman(19 7 8)

5 A notherconcern in designing these tests was to avoid any additionalfunctionalform
restrictionsotherthanlinearity. A sexplainedabove, this typeoftestis ajointtestofspeci…-
cationandorthogonality. A nyfunctionalform restrictionistestedtogetherwithorthogonality.
Sincewewanttoisolateorthogonalityasmuchaspossible, theonlyfunctionalform restriction
weimposeislinearity. H ence, wedidnotimposetherestrictionsthatcoe¢cientsarethesame
across countries, nordid we impose the homeogeneity restrictions that°= (1¡ ® ¡ ¯) for
theextendedneoclassicalmodelorthat¯ = (1¡ ®) forthemincerianmodel.

6W henusingthe9 % depreciationcapitalstock, the15 countriesforwhichtheinstruments
listis notvalid areat5% thefollowing: Swaziland, Canada, A rgentina, Colombia, G uyana,
P eru, V enezuela, Israel, Jordan, Finland, the N etherlands, P ortugal, Switzerland, Fiji, and
Czechoslovakia. Ifwevarythedepreciationrateusedinconstructingcapital, thislistchanges
very little. W hatis interestingis therelativelyhigh numberofSouth-A merican countries in
thelist, whichmaysuggestthatshockstotheregionmaybecommontoallcountriesandnot
idiosyncratic.
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testthattherandom-e¤ects arecorrelatedwiththeregressors. Second, ifwe
testwhetherornotproductivityisthesameacrosscountries, i.e., thatln(A i)=
ln(A), 8i, regardlessoftheproductionfunctionandthedepreciationratecon-
sidered, theresultsshowunequivocallythatitisnot. T hisraisessuspicionthat
estimatesthatimposethistypeofrestrictionarebiasedandinconsistent;e.g.,
M ankiw, R omerandW eil(19 9 2). T hird, basedontheevidenceoftheB ox-Cox
test, wechosetheminceriangrowthmodelovertheextendedneoclassicalmodel.
H enceinourpreferredsetofmodels, productivityis allowedtochangeacross
countriesandhuman-capitalenterstheproductionfunctioninlevel(notlogs).

T henextstep istogetproduction-functionestimatestoinvestigatethena-
tureofincomeinequalityacross nations. Todoso, however, we…rsthaveto
chooseadepreciationrate. A s theresultsofTable1 show, itmakes littledif-
ference in terms ofparameterestimates which depreciation rate ± is used in
constructingthephysical-capitalseries. T hisisnotsurprising: asimilarconclu-
sionhasbeenreachedpreviously, amongothers, byB enhabibandSpiegel(19 9 4).
T heychosetouse7 % asabenchmarkfor±. H erewedecidedtouse9 % instead,
although usingalmostanyofthetabulated results wouldmakelittlepracti-
caldi¤erence. T heresults ofthemincerian growthmodel, reproducedbelow
forannualdata, and 9 % depreciationrate, willbeusedas thebenchmarkin
examiningthenatureofincomeinequalityacrossnations.

Coe¢cient ® Á g
Estimate 0.420 0.07 5 0.014
(t-Statistic) (7 1.9 2) (12.05) (24.60)

5 O nTheN atureofO utput-per-workerInequal-
ity

5.1 Productivity, D ynamicD istortions, andVarianceD e-
compositionofoutputperworker

Table5 reportstheestimated(totalfactor)productivity- relativetotheU .S. -
ofaselectedgroupofcountries;thefullsetispresentedintheA ppendix. O nly
sixeconomiesaremoreproductivethantheU .S.economy, …veofwhichareoil
producers. T his resultisnotsurprising, sinceourmeasureofcapitaldoesnot
includemineraland/ornaturalresources. A dditionally, thefollowingtwo…nd-
ings areworthmentioning. First, allex-communistcountries areamongstthe
leastproductiveeconomies. Forexample, R omaniahasthesecondsmallestpro-
ductivity, whichismorethanfourtimessmallerthanthatoftheU .S.M oreover,
theU .S.S.R .andCzechoslovakiaarerespectivelyonly43% and37 % asproduc-
tiveastheU .S.T heseresultsareparticularlystriking: evenaftercorrectingfor
educationandforthestockofphysicalcapital, theaverageworkerofR omania
stillproducesfourtimeslessthantheaverageA mericanworker, andU .S.S.R .’s
estimatedproductivityisthesameas G hana’s. Second, theproductivitylevels
ofJapan, Taiwan, andKoreaarebelow-averageforworldstandards, which is
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consistentwithYoung’s(19 9 5)resultthatthegoodgrowthperformanceofsome
A siancountries intherecentpastwasmostlyduetofactoraccumulation, not
toproductivity.

Ingeneral, productivity levels oftherichcountries - particularlythose in
Europe- areaboveaverage. O ntheotherhand, productivityofthepoorcoun-
triesarebelowaverage. Figure1 depictsacross-plotbetweenproductivityand
theaverageoutputperworker, showingapositiverelationship betweenthem,
withacorrelationcoe¢cientofabout0.50. Forexample, outputperworkerin
theU .S. is 30 times largerthan thatin N igerand 22 times largerthanthat
inKenya, whiletheestimatedproductivityforthesecountriesarerespectively
34% and 28% oftheU .S. productivity. O ntheotherhand, G D P per-worker
inCanadais 9 4% ofthatoftheU .S., while its productivityis 9 2% ofthatof
theU .S. Taken together, ourestimates showthatdi¤erences in productivity
maybeacandidateinexplainingwhyoutputperworkervariessomuchacross
countries, aviewoppositetothatheldbyChari, KehoeandM cG rattan(19 9 7 )
andM ankiw, R omerandW eil(19 9 2).

W enextperform anaivevariance-decomposition exercise (in asensethat
willbecomeclearshortly) inordertounderstandwhatarethefractionsofthe
varianceofoutputperworkerexplained eitherby inputs orby productivity.
W etakeallvariables measuredatthe lasttimeperiodofoursample(19 85)
anddisregardtheuncertaintyinparameterestimates. T hus, given dlnA i, b® , bÁ,
andbg, andthestructuralmodelin19 85, withitserrorterm ´i replacedbyits
unconditionalexpectation(zero), wehave:

lnyi=lnA i + ® lnki + (1 ¡®)(Áhi + g¢1 985): (16)

W edecomposethevarianceof(thelogof) outputperworkerin19 85 (lnyi)in
termsof(thelogof)productivity(lnA i), (thelogof)capitalperworker(lnki),
and(thelevelof) human-capitalper-worker(hi).

T hevarianceofproductivity, physicalcapital, andhumancapitalaccount
respectivelyfor21% , 49 % and2% ofthevarianceofoutputperworker. T he
remaining28% isaccountedforbythecovariancesbetweenthesefactors. T he
…rstthingtonoticeis thattheestimatefortheproductivitycontribution is a
lowerbound. T hishappensbecauseweignoretheerrorterm inperformingthe
variancedecomposition, butthereisaportionofthevariationoftheerrorterm
´i whichiscorrelatedtoproductivity. Second, ifweignorethecovarianceterms
(whichusuallyarereallocatedifoneorthogonalizesthesefactors), weconclude
thatphysicalcapitalvariation is byfarthemostimportantfactorexplaining
outputperworkervariation.

T heexercise justperformed is naive because itdoes treateach factoras
exogenous incalculatingthevariancedecomposition. T his isparticularlytrou-
blesomeforphysicalcapital, since, forexample, partofits variationmaybe
inducedbyproductivityvariationundertheexogenous productivity7 . Indeed,

7 T his is ignored by M ankiw, R omer, and W eil(19 9 2) when they use the R 2 statistic to
measure the relative contribution ofinputs foroutputvariation. T his happens despite the
factthattheirregressionequation is basedontheextendedneoclassicalmodel, inwhich the
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foragiven investmentrate, an exogenous increase (decrease) in productivity
willincrease(decrease) theincentivetoaccumulatecapitalinthelongrun, in-
creasing(decreasing) thecapitalper-workerratio. H ence, partoftheimpactof
physicalcapitalonoutputisinducedbyproductivity, andthisisnottakeninto
accountinperformingtheexerciseabove.

Inordertoavoidthatproblem, H allandJones(19 9 9 ) expressedtheproduc-
tionfunction intermsofthecapital-outputratio, notintermsofthecapital-
laborratio. T hewaywechosetocopewiththis problem herewas tocallin
moretheory. W efollowChari, KehoeandM cG rattan(19 9 7 ) inconsideringthat
capitalaccumulationisdetermined, ontheonehand, byproductivity, and, on
theotherhand, bythetaxesoncapital. A ssumingthatin19 85 (thelastyear
in thesample) each economyhadalreadyreached its steadystatepath, and
takingthemodi…edgoldenrulefrom theone-sectormodelofoptimum capital
accumulation, itispossibletowrite8 :

®(1 ¡¿i)A ik®¡1i e(1¡®)Áhi = ½+ ±+ g;
8i = 1;2;¢¢¢;N ; (17 )

where½ standsforthehousehold’s intertemporaldiscountrate, ± isthedepre-
ciationrateofphysicalcapital, and¿i isapurelyintertemporaldistortion, thus
labelledas dynamicdistortion. Sinceallcountries growatthesamerategin
thelongrun, ¿i is theamountneeded ineachcountrytomakethenetreturn
on capitalequalto½ + ± + g. Ceteris paribus, thehigher¿i is, the smaller
is theincentiveforcapitalaccumulation, andhence, thesmalleris thecapital
per-workerratiointhelongrun. T hiswaythenetreturntocapitalis equated
acrosseconomies. N otealsothat, ifcapitalaccumulationisdueuniquelytopro-
ductivityvariation, thenthe¿i thatsolvesequation(17 ) willnotbecorrelated
withoutput.

U singequation(17 ), andcalibrating½ =0 :99, ±= 0 :0 9, andg= 0 :0 1 4, we
solvethesystem for¿i. Figure2 shows thatthereis aclearnegativecorrela-
tionbetween ¿i andoutputperworker. M oreover, as can inferredbylooking
atFigure 3, the correlation between ¿i and exp(ln(A i))is virtually zero (-
0.03). H ence, somecountrieswithrelativelyhighproductivityhavenodynamic
distortions, andvice-versa. Forexample, theU .S.S.R ., whichhas arelatively
lowproductivity, hasthelowestvalueforthedynamicdistortion¿i;R omania,
thesecondleastproductivecountry, has thefourthlowestvalueof¿i;Japan,
a countrywhere productivity is below-average, has the third lowest¿i. O n
theotherhand, Iraq, themostproductivecountryoverall9 , is highlydynami-
callydistorted- the18thhighestvalueof¿i;countries suchas G uatemalaand
B angladesh, thathadsurprisinglyhighproductivity, faredverypoorlyinterms
of¿i. H ence, economiesthatareverygoodatcombininginputsnotnecessarily

only exogeneous factoris productivity, and, forwhich, itmakes littlesensetotreatphysical
capitalas exogeneous.

8 W eassumeherethattheintertemporalelasticityofsubstitution in consumption is unity
forallcountries.

9 P robablyduetooilreserves in its territory.
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havetherightincentivestoboostcapitalaccumulation, e.g., propertyrightsor
stableinstitutions. O ntheotherhand, theex-communistcountries, andsome
A siancountries - Japan, KoreaandTaiwan, thatarerelativelyunproductive,
havetherightincentivesorinstitutionstofostercapitalaccumulation.

T herearethreepossiblereasonswhythedynamicdistortionmeasure¿i is
uncorrelatedwithproductivity. First, itis possibleforaneconomytocombine
productivelyinputswithouthavingthesafeguardstoguaranteepropertyrights,
orwithouthavingstableinstitutions. Inthatcase, dynamicdistortionswillbe
high, althoughproductivityishigh. Second, foroilproducers, ourproductivity
estimatewillbeoverestimated, sincephysicalcapitaldoesnotincludemineral
and/ornaturalresources, butthatdoes notimplyalowdynamicdistortion.
Finally, forstrategicorpoliticalreasons, somecountries havehadpolicies fa-
voringexcessivecapitalaccumulation, i.e., alowdynamicdistortion. Butthis
does notimplythattheycancombineinputs productively. T hemoststriking
examplesaretheformercommunisteconomiesandtheEastA siancountries.

Includingthis newvariable, ¿i, recognizes thatphysicalcapitalis an en-
dogenousvariableintheoverallsystem. Inthiscase, wecansolve(17 ) forki in
termsofA i, ¿i, andhi, substitutingtheresultintotheproductionfunction:

yi=
µ

®
½+ ±+ g

¶ ®
1¡®

A
1

1¡®
i (1 ¡¿i)

®
1¡® exp(Áhi); (18)

orinlogarithmicterms:

lnyi = ln

"µ
®

½ + ±+ g

¶ ®
1¡®

#
+

1
1 ¡®

ln(A i)

+
®

1 ¡®
ln(1 ¡¿i)+ Áhi: (19 )

U sing(19 )wecannowdecomposethevarianceoflnyi intermsofthevari-
anceofln(A i), ln(1¡¿i), andhi, recognizingthatphysicalcapitalisanendoge-
nous variable intheoverallmodel. T heresults showthatproductivityalone
explains54% oflnyi variance, humancapitalexplains5% , andthedynamicdis-
tortioncomponent- theultimatecauseofphysicalcapitaldi¤erences- explains
21% . T heremaining20% areaccountedforbycovariances. T hesenumbersare
verydi¤erentfromthoseofthepreviousnaiveexercise, showingthat, whenthe
indirecte¤ectofproductivityoncapitalis considered, theimportanceofpro-
ductivityjumps from 21% to54% ofoutputvariance(disregardingcovariance
terms).

5.2 ClassifyingCountriesaccordingtoProductivity, D y-
namicD istortion, andH uman-CapitalFigures

N ext, thesampleofcountriesisdividedaccordingtotheirrelativeposition(i.e.,
aboveorbelowaverage) forthethreefactors explaining(the logof) income
per-worker: productivity, dynamicdistortion, andhuman-capital. H ence, we
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dividedthesegroup ofnations into23 = 8 groups, accordingtotheirrelative
positionforeachofthesefactors. T hefullclassi…cationofcountries is shown
intheA ppendix, butTable6summarizestheresults. T he…rstgroup ofcoun-
tries - high productivity and human capitaland lowdynamicdistortion - is
composedalmostexclusivelyofrichcountries - essentiallytheO ECD countries
plus H ong-KongandSingapore10. T heiraverageincomeper-workeristwiceas
largeas thatofthesecondgroup. T heyarericherthantherestbecausethey
aremoreeducated, veryproductiveandhavelittledistortionsa¤ectingcapital
accumulation. O n theotherhand, thegroup ofnations thathavethewrong
incentivesforlong-rungrowth(unproductive, uneducatedanddynamicallydis-
torted) iscomposedof25 poororverypoornations. T heiraverageoutputper
workerisatenthoftheaverageofthe…rstgroup. Typicalnationsherearethe
Sub-Saharancountries, Pakistan, India, H aiti andB olivia.

T hegroupwiththe2ndhighestaverageincomeis composedof13nations
withwelleducatedlaborforce, relativelylittledynamicdistortions butbelow-
averageproductivity. A lltheex-communistcountries, aswellasJapan, Korea,
andTaiwan, belongtoit. T he3rdgroup iscomposedof6L atinA mericanand
Caribbeancountries, suchasBarbados, U ruguayandChile. T hosearewelledu-
catedcountries, relativelyproductivebuttheincentivesforcapitalaccumulation
arepoor.

T he 4th group is composed ofonlyfournations, B razil, Portugal, South
A fricaand A lgeria. T hesecountries arerelativelyproductiveandhavelittle
dynamicdistortionsbuttheschoolingleveloftheirlaborforceisbelowaverage.
T he resultforBrazilis expected: its good growth record in the 19 7 0’s was
mostlybasedonphysical-capitalaccumulationandabove-averageproductivity.
T helattercanbeexplainedbytheabundanceofnaturalresources andbyits
longtraditionasamarketeconomy. Contrastingtothesefavorableincentives
togrow, theaverageyearsofeducationofthelaborforcewasonly3.39 years
in19 8511 , andtherehasbeennoseriousgovernmentalpolicytoimprovethese
…gures. Itis interestingtohavePortugalinthesamegroupofBrazil, showing
thatthee¤ects ofaparticulartypeofcolonizationmaybelonglasting. T he
5thgrouphasonlyoneabove-averagefactor(productivity), anditiscomposed
mostlybyoilproducersandcountriesrichinothernaturalresources.

O neinterestingthingaboutthiswayofdividingnations isthattheaverage
incomeper-workerforgroupsdeclinesmonotonicallywiththenumberoffactors
hamperinglong-run growth; see Table6. H ence, the long-term gains fora
countryto“…x” onehamperingfactorisalwayspositive, andinsomecasescan
beconsiderablyhigh. Forexample, acountrythatjumpsfrom thegroupwith
exactlyonehamperingfactor, tothegroup ofnohamperingfactor, willmore
than double (andmaybeeven triple) its long-run outputperworker: B razil
wouldbetwiceas rich ifits laborforcewasmoreeducated;A rgentinawillbe
twiceasrichifitsdistortionsoncapitalaccumulationwereconsiderablysmaller.

10T heexception is A rgentina. H owever, its estimated ¿i is almostequaltotheaverage ¿i,
only 0.02% smallerthan it.

11B razilis the the41th richestcountry in ourdata set(in incomeper-workerterms) but
ranks 7 0th ineducation attainment.
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T hemainconclusionofthisexerciseisthatthereisnosinglefactorexplaining
long-rungrowth. H ence, tryingto…ndasingleculpritforlackofgrowthcanbe
afutileexercise: theremaybeasinglefactorforagivencountry, butnotforthe
groupofcountriesanalyzedhere. Examplesareabundant, evenwithinthesame
continentinsomecases: SenegalandZ imbabwehadalmostthesameoutputper
workerin19 85 - around7 % oftheU .S.level. H owever, productivityinSenegalis
50% largerthanthatinZ imbabwe, whiledynamicdistortionsinSenegalis80%
higher;N ewZ ealandandBelgium hadaround 7 0% ofU .S. outputperworker
in 19 85, andaboutthesameproductivity. H owever, theaverageschoolingof
thelaborforceinN ewZ ealandwas40% higherthanthatinB elgium, whileits
dynamicdistortionwas24% higher. O fcourse, policyrecommendationshaveto
takecountrydi¤erences intoaccount, orelsetheyhaveahighchanceofbeing
ine¤ective.

5.3 Counter-FactualExercisesonL ong-R unG rowth
Table 7 displays a counter-factualexercise on long-run growth, which helps
inunderstandingthenatureofincomeinequalityacross nations. T hesecond
columndisplays 19 85 outputperworker(relativetotheU .S.) - Yi=YU S . T he
thirdcolumnshowsrelativeincomecorrectedfordynamicdistortions, i.e., where
countryi isgiventhesamedistortionoftheU .S.economy. T hefourthcolumn
correctsforhumancapitalanddynamicdistortion, i.e., wherecountryi isgiven
thesamedistortionandhumancapitaloftheU .S.economy12.

M ostofthetimerelativeoutputincreaseswhenweallowacountrytohave
theU .S. dynamicdistortionandhumancapitalmeasures;seethecaseofA r-
gentina, M exico, and particularlyforM ozambique, whereoutputperworker
increasesbyalmostseventimes. H owever, thereareexceptions: forJapanand
allotherex-communistscountries, outputdecreaseswhenweallowthemtohave
theU .S.dynamicdistortion13. G iventhattheeducationlevelobservedinthese
countries is similartothe A merican level, thefourthcolumn shows thatifit
wasnotforcapitalaccumulation, incomepercapitainthesecountrieswouldbe
almosthalftheactualdi¤erence. Inotherwords, ifJapanisallowedtohavethe
sameeducationallevelanddynamicdistortionoftheU .S.itsoutputperworker
wouldbe0.38 oftheU .S.level, not0.7 0 times.

T herearegroupsofcountries, suchas Indiaand N iger, wheretheincrease
inrelativeincomebroughtaboutbythereductionofdynamicdistortionsand
improvementin education is notverylarge. In this case, mostofthedi¤er-
encebetweenthem andtheU .S. is duetoproductivitydi¤erences. European
countrieswhichhaveoutputperworkerclosetothatoftheU .S., suchas the
N etherlands, A ustria, andFrance, wouldnotchangemuchtoo, butfordi¤erent
reasons: their¿i;hi andln(A i)arealreadyveryclosetothatoftheU .S.econ-

12 A di¤ erentway tolookatthe fourth columm ofTable 7 is toregard itas the relative
outputofa country, which is identicaltothe U .S. in everything, butproductivity. See the
A ppendixfortheentiresetofcountries.

13Forthelatter, itmaybeduetotheimplicit“subsidy” acomunistregimegives tocapital
accumulation.

19



omy. H owever, thispatternisnotuniformacrossEurope: ifSpainhadthesame
incentivestocapitalaccumulationandeducationallevelthanhastheU .S., its
relativeoutputwouldhavejumpedfrom 45% to7 3% ofthelatter.

A ninterestingcaseisthatofM exico. Ifithadthesame¿i astheU .S., its
outputperworkerwouldbetwiceas largeas its is. M oreover, ifitalsohad
thesameeducationallevelas theU .S., its outputperworkerwouldbealmost
thesameasthatoftheU .S. T his isalsoobservedinalloil-producerandsome
naturerich countries as theirproductivity is relatively large (and in6cases,
largerthanthatoftheU .S.).

Itdeservesnotethatevenaftercorrectingforfactordi¤erencesacrosscoun-
tries, therestillremainsalargeincomedisparityleftunexplained. O naverage,
outputperworkerofthe9 5 nations inourdatasetis 29 % ofthatoftheU .S.
A ftersubstitutingtheir¿i andhi forthecorrespondingvalues ofthe A meri-
caneconomy, theaverageoutputperworkerincreasestoonly48% oftheU .S.
output, therestcorrespondstototalfactorproductivitydi¤erences.

Finally, weperformedthefollowingcounterfactualexercise: foreachcountry,
weusedoutputperworkerin19 85 asabenchmark, replacing, oneatatime, each
ofthefactorsexplaininggrowth(productivity, humancapital, andthedynamic
distortion)bytherespectiveU .S.factor. T hisallowsmeasuringhowmucheach
ofthesefactorscontributetothereductioninincomedisparityacrossnations.
Figure9 presentsKerneldensities oftheactualandcounterfactualdata. T he
factorthatreducesthemostthevarianceofoutputperworkerisproductivity.
Itdropsfrom0.9 7 intheactualdatato0.45 whenproductivityineverycountry
is replacedbyU .S. productivity. T hedynamicdistortionreduces thevariance
from 0.9 7 to0.56, andhumancapitalfrom 0.9 7 to0.7 0.

O necouldaskwhywedidnotfollowH allandJones(19 9 9 ) (amongothers)
inbasingourdecompositiononthecapital-outputratio. T heproblemwiththis
procedureisthatthecapital-outputratioisverysensitivetorecessions. H ence,
somecountries which have inherently asmallcapital-outputratio, would be
considered capitalintensive in recession years. T he oppositewould happen
duringbooms14. Indeed, ifwereplicatetheexerciseofTable6, followingH all
and Jones, and using19 85 data, thegroup division delivers severalcounter-
intuitiveresults15. First, countries suchasChile, Peru, andU ruguaywouldbe
classi…edas capital-intensivethereforeincluded inthegroup ofrichcountries.
T hishappensbecausetheywereexperiencingarecessionin19 85. Second, while
in Table6there is aclearincomedi¤erenceamonggroups, dependingofthe
numberoffactorshamperinggrowth, this isnolongerthecaseinthisexercise.
T hegroupofrichcountrieswouldbe, onaverage, only13% richerthanthegroup
ofwelleducated, productive, butdynamicallydistortedcountries (contrasting
toadi¤erenceofmorethan50% inourexercise). T hevariancedecomposition
exercise, however, usingtheirmethod, reachedresultsverysimilartoours.

14O ntheotherhand, ¿i, which is calculatedfrom (4), onlydepends onAi, hiandki. T he
…rsttwoareparametersoftheproductionfunction, andthelastisnottoosensibletobusiness
cycle‡uctuations.

15T hewholesetofresults, usingthemethod in H allandJones, is availableuponrequest.
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5.4 Simulations
A …nalquestion tobe answered is howwellthe modelchosen here …ts the
data. Itis awellknownresultthatthestandardneoclassicalmodeldoes not
replicatewelltheobservedpathofpost-wareconomies. Ingeneral, convergence
iseithertoofast, ortheimpliedinterestrateattheinitialperiods isextremely
high. Possiblesolutionstotheseproblems includedtheuseofadditionalstock
variablesoranincreaseinthecapitalshare®.

T hesimulationsofourmodel, formosteconomies, deliveredarti…cialpaths
thatreplicatequitecloselythatoftheactualdata. Figures 4through8 below
presentthesimulatedandactualpath, from 19 60 to19 85, oftheoutputper
workerof5 selectedcountries (Indonesia, Singapore, Ireland, Colombia, and
B razil). T hey illustratethestrengths andweaknesses ofsimulatingequation
(4) above- the“M incerianG rowthM odel” - usingtheparameterestimatesof
ourpreferredregression(9 % depreciation).

Figures 4 through 6(and especially the …rstthree) display quite agood
match. ForthecaseofthetwoA siancountries themodelis abletoreplicate
thetransitionpathobserved inthebeginningofthesampleperiod. A lthough
productivity(ln(A i))inthemincerianmodelonlyvariesacrosscountries (but
notacrosstime)wewereabletoreplicatethehighincreaseofoutputperworker
inthetransitionpathwithouthavingtoresorttoan increaseinproductivity.
T hesameistrueforotherfastgrowingA siancountriessuchasTaiwan, Korea,
andM alaysia. T hemodelalsoreplicatesquitewelltheoutputpathofIreland
andmanyotherEuropeanscountriessuchasN orway, France, U K, Finland, etc.

T herearetwocasesofmismatchbetweenactualandsimulatedbehaviorfor
outputperworkerthatillustratethelimitations ofthemodelusedhere. For
Colombia(Figure 7 ), itlooksliketheslopeofthesimulatedpathisalittlebit
smallerthantheactualone. Indeed, itmaybethatforColombia, thecapital
elasticityinproduction is di¤erentfrom “theworldaverage” estimatedinthe
panelregression. O urestimationprocedureimposestherestrictionthatcapital
elasticities arethesameacross countries andacross time(as is customaryfor
panelestimates), butits usemaybeinappropriateforColombia, causingthe
observeddiscrepancybetweenthesimulatedandtheactualpathofoutputper
worker. T hecaseofB razil(Figure8) is onewherethehypothesis thatln(A i)
doesnotdependontimemaybeunreasonable. B etween19 65 and19 68, B razil
experiencedaradicalprogram ofeconomicand institutionalreform. A new
and less distorcive tax system was introduced and the …nancialsystem was
modernized. T heactualbehaviorofoutputperworkermaybeshowingthat
thereis astructuralbreakin T FP afterthesereforms, whereas thesimulated
pathismuchsmootherandits slopedoesnotchangeatallinthisperiod.

A lthoughtheColombianandB raziliancasesarenottheonlyoneswherethe
modelmisbehaves, thatdidnothappenveryfrequently. A samatteroffact, for
thevastmajorityofsimulationsweobserveresults similartothoseofFigures
4through6. M ostoftheexceptionsareobservedinthecasesofcountriesthat
experiencedawarorarevolution, soproductivitydecreasessharplyduringand
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aftertheseepisodes16.

6 Conclusion
U nderstanding the nature ofoutputperworkerdi¤erences across countries
shouldbeoneofthemainobjectivesoftheliteratureofeconomicgrowth, since
thelevelofoutputperworkertodaycanbethoughtasthecumulativegrowth
experiencedbyagivencountry. Severalauthorshavedecomposedoutputper
workerintothecontributionofinputsandproductivity, usingdi¤erentmethod-
ologies, andobtainingdi¤erentresults.

In this paperweusedadi¤erentapproach. First, weconsideredthates-
timatingproduction-function parameters shouldbethestartingpointofthis
discussion. B ecause productivity can be di¤erentacross countries, we used
panel-datatechniques in estimation, sincetheiruseallowforcountry-speci…c
productivitylevels. W ealsodistinguishbetweentwoclassesofproductionfunc-
tions: theextendedneoclassicalgrowthmodel, andtheminceriangrowthmodel.
T hetestsconductedhereshowthattheminceriangrowthmodel…ts thedata
betterthantheextendedneoclassicalmodel. M oreover, econometricestimates
andtests showthatproductivityvariesconsiderablyacrosscountries: evenaf-
tercontrollingforhumanandphysicalcapitalinputs, ourestimates showthat
productivitydi¤erences as highas fourstillremains. A lso, afterendogenizing
capitalaccumulation, thevariationofproductivityexplains abouthalfofthe
variation ofoutputperworker. T hus, the conclusion thatinputs alone can
explainthevariationofoutputperworkercanbecalledintoquestion.

Productivity, however, cannotexplainallthevariationofoutputperworker.
T herearegroupsofcountriesthatarerich(19 85), buttheirproductivityisrel-
ativelylow(e.g., JapanandFinland), orextremelylow(U .S.S.R .). T heyare
richbecauseofhighlevelsofeducationandbecausetheyhavehighincentives
forphysical-capitalaccumulation. O n theotherhand, somecountries where
productivitywasaboveaveragedonotbelongtothegroupoftherichnations,
eitherbecausetheirlaborforceis uneducated (e.g. B razil) orbecausethein-
centivesforcapitalaccumulationarenotpresent(e.g. U ruguayandA rgentina).

W eshowedthatthegains forcorrectingthe“factorsthathampergrowth”
canbeconsiderablyhigh. T heaverageincomepercapitaofthegroupofnations
withwelleducatedlaborforce, littledynamicdistortion, andhighproductivity
is atleasttwice as high as thatofanyothergroup with exactly onefactor
hamperinggrowth. T he average income ofthe group ofnations with all3
factorsbelowaverageisonlyonetenthofthegroupofrichnations.

T he picturethatemerges from this study is onewherecountries grewin
thepastfordi¤erentreasons. H ence, auniform policyappliedtoallnations is
boundtobeine¤ective. A lthoughthereis notasingle-factorexplanationfor
thedi¤erenceinoutputperworkeracross nations, itseems thatproductivity
di¤erences can explain aconsiderable portion ofincome inequality, followed

16ForsomeL atin A mericancountries suchas M exico, U ruguay, andParaguay, theobserved
drop inoutputper-workerafterthe19 8 2 debtcrisis is alsonotmatchedbythemodel.
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secondbydynamicdistortionandthirdbyhumancapitalaccumulation. T he
nextchallengeistounderstandwhysomecountriesaresoe¢cientincombining
itsinputswhileothersarenot, andwhysomecountrieshavetherightincentives
forcapitalaccumulationwhileothershavenot.
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Parameters/Statistics D epreciationR ates(±)
3% 6% 9 % 12% 15%

® 0.4038 0.4124 0.419 5 0.4183 0.417 6
(t-ratio) (66.58) (7 0.62) (7 1.9 2) (7 3.80) (7 5.00)

Á 0.09 16 0.08 7 0 0.07 53 0.07 7 2 0.07 60
(t-ratio) (13.69 ) (13.64) (12.05) (12.9 3) (13.24)

g 0.0140 0.0138 0.0140 0.0140 0.0142
(t-ratio) (22.61) (23.44) (24.60) (25.63) (26.9 0)

B ox-Coxµ=1 (p-value) 0.7 520 0.7 153 0.7 517 0.9 112 0.7 7 43
Box-Coxµ=0 (p-value) 0.0000 0.0000 0.0000 0.0000 0.0000

H ausman: R Evs. FE(p-value) 0.0000 0.0000 0.0000 0.0000 0.0000
Sargan: R ejectionsat5% 21/9 5 20/9 5 15/9 5 14/9 5 14/9 5

W aldtestfornoFE(p-value) 0.0000 0.0000 0.0000 0.0000 0.0000

Table1: EstimatesoftheM incerianG rowthM odelL og-L evelM odel

Parameters/Statistics D epreciationR ates(±)
3% 6% 9 % 12% 15%

® 0.409 7 0.4217 0.4325 0.428 7 0.427 3
(t-ratio) (68.7 7 ) (7 2.9 5) (7 4.60) (7 5.59 ) (7 6.09 )

¯ 0.027 8 0.0320 0.0215 0.0256 0.0227
(t-ratio) (2.20) (2.61) (1.7 6) (2.11) (1.8 7 )

g 0.0204 0.019 5 0.018 7 0.019 4 0.019 7
(t-ratio) (51.44) (50.24) (49 .40) (53.09 ) (55.7 0)

B ox-Coxµ=1 (p-value) 0.7 520 0.7 153 0.7 517 0.9 112 0.7 7 43
Box-Coxµ=0 (p-value) 0.0000 0.0000 0.0000 0.0000 0.0000

H ausman: R Evs. FE(p-value) 0.0000 0.0000 0.0000 0.0000 0.0000
Sargan: R ejectionsat5% 22/9 5 19 /9 5 21/9 5 17 /9 5 17 /9 5

W aldtestfornoFE(p-value) 0.0000 0.0000 0.0000 0.0000 0.0000

Table2: EstimatesoftheExtended N eoclassicalG rowth M odel- D ouble-L og
M odel

Parameters/Statistics D epreciationR ates(±)
3% 6% 9 % 12% 15%

® 0.5154 0.5665 0.59 31 0.5967 0.59 7 9
(t-ratio) (19 3.32) (181.32) (19 4.15) (19 2.25) (189 .65)

Á 0.0654 0.0696 0.0565 0.057 3 0.058 7
(t-ratio) (23.35) (23.42) (19 .7 3) (21.04) (22.47 )

g 0.0118 0.007 1 0.0085 0.0101 0.0113
(t-ratio) (18.83) (10.9 9 ) (12.83) (15.08) (16.82)

W aldtestfornoFE(p-value) 0.0000 0.0000 0.0000 0.0000 0.0000

Table3: EstimatesoftheM incerianG rowthM odelwithno…xedE¤ects
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Parameters/Statistics D epreciationR ates(±)
3% 6% 9 % 12% 15%

® 0.5143 0.57 06 0.6023 0.6043 0.59 82
(t-ratio) (18 7 .52) (17 4.29 ) (17 1.7 3) (17 1.7 1) (166.51)

¯ 0.19 01 0.1583 0.109 8 0.1208 0.1314
(t-ratio) (27 .59 ) (22.40) (15.22) (17 .07 ) (18.54)

g 0.0185 0.0120 0.0112 0.0139 0.0169
(t-ratio) (18.58) (11.80) (11.62) (14.00) (16.55)

W aldtestfornoFE(p-value) 0.0000 0.0000 0.0000 0.0000 0.0000

Table4: EstimatesoftheExtendedN eoclassicalG rowthM odelwithnoFixed
E¤ects

Country R elativeProductivity
Iran 1.23
N etherlands 0.9 3
Canada 0.9 2
Spain 0.88
A rgentina 0.81
B razil 0.7 1
Chile 0.67
Japan 0.58
Korea 0.56
Indonesia 0.44
U .S.S.R . 0.43
G hana 0.43
India 0.36
Kenya 0.29
R omania 0.23
M alawi 0.20

Table5: R elativeProductivityEstimateforSelectedCountries(U .S.= 1.00)

Table6
G roup Features Countries “Bad” M ean

Features Income
1 Productive, N on-distorciveandEducated 23 0 11280
2 U nproductive, N on-distorciveandEducated 13 1 537 9
3 Productive, D istorciveandEducated 6 1 5343
4 Productive, N on-distorciveandU neducated 4 1 3849
5 Productive, D istorciveandU neducated 16 2 27 9 3
6 U nproductive, D istorciveandEducated 3 2 2289
7 U nproductive, N on-distorciveandU neducated 5 2 19 34
8 U nproductive, D istorciveandU neducated 25 3 1130

Table6: CountryClassi…cationA ccordingtoD i¤erentFactors
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Yi=YU S Yi=YU S Yi=YU S
Country (U ncorrected) (¿i=¿U S) (hi=hU S;and¿i=¿U S)
A rgentina 0.32 0.53 0.64
Brazil 0.24 0.34 0.48
M ozambique 0.05 0.34 0.55
N iger 0.03 0.08 0.13
India 0.06 0.10 0.15
Japan 0.7 1 0.33 0.38
U .S.S.R . 0.42 0.21 0.23
Spain 0.45 0.58 0.7 3
N etherlands 0.7 1 0.7 3 0.83
M exico 0.34 0.7 1 0.9 3

Table7 : R elativeO utputofSelectedCountries inCounter-FactualA nalysis
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Country Y =L A ¿ h
U SA 1.00 1.00 1.00 1.00
Canada 0.9 4 0.9 2 0.7 9 0.8 7
Switzerland 0.9 0 08 9 0.30 0.7 9
N orway 0.85 0.81 0.09 0.66
A ustralia 0.82 0.7 9 0.35 0.8 9
Sweden 0.81 0.83 0.66 0.82
D enmark 0.7 8 0.7 0 0.45 0.9 0
G ermanyW est 0.7 6 0.81 0.26 0.7 4
Iceland 0.7 4 0.7 7 0.39 0.67
France 0.7 4 0.82 0.29 0.55
Finland 0.7 3 0.62 -0.41 0.80
Japan 0.7 1 0.58 -0.11 0.7 6
N etherlands 0.7 0 0.9 3 0.68 0.7 3
N ewZ ealand 0.69 0.80 0.7 2 1.03
B elgium 0.68 0.85 0.58 0.7 4
U .K. 0.68 0.88 1.07 0.7 4
A ustria 0.67 0.85 0.47 0.60
Italy 0.65 0.84 0.17 0.53
H ongKong 0.64 0.69 1.15 0.7 3
Trinidad&Tobago 0.59 1.32 1.60 0.60
Singapore 0.52 0.7 2 0.25 0.53
Israel 0.50 0.7 3 0.69 0.81
Spain 0.45 0.88 0.7 0 0.54
Ireland 0.44 0.7 3 0.54 0.67
U SSR 0.43 0.43 -0.64 0.83
Cyprus 0.39 0.56 0.44 0.62
Venezuela 0.38 1.23 1.44 0.49
G reece 0.38 0.66 0.58 0.63
Barbados 0.37 0.7 9 1.58 0.65
M exico 0.34 1.03 1.44 0.45
Taiwan 0.33 0.60 0.9 7 0.66
A rgentina 0.32 0.81 1.18 0.61
Yugoslavia 0.31 0.53 0.08 0.59
Portugal 0.31 0.67 0.7 4 0.34
Iraq 0.26 1.7 1 1.8 7 0.30
Syria 0.26 1.04 1.49 0.38
M auritius 0.26 0.66 1.7 9 0.47
KoreaR ep. 0.25 0.56 1.02 0.7 5
M alaysia 0.25 0.64 0.9 0 0.48
Iran 0.24 1.23 1.61 0.28
B razil 0.24 0.7 1 1.13 0.29
U ruguay 0.24 0.7 5 1.38 0.60

Table8: R elativepositionofcountries(U .S. = 1.00)

4



Country Y =L A ¿ h
Czechoslovakia 0.24 0.37 0.21 0.80
Jordan 0.21 0.9 3 1.47 0.45
Panama 0.21 0.61 1.13 0.57
Chile 0.21 0.67 1.24 0.56
SouthA frica 0.20 0.69 1.19 0.45
Fiji 0.20 0.65 1.29 0.65
CostaR ica 0.19 0.7 8 1.56 0.47
R eunion 0.19 0.55 1.12 0.35
A lgeria 0.18 0.7 8 0.85 0.28
Colombia 0.18 0.69 1.41 0.40
Ecuador 0.18 0.58 0.9 0 0.51
Tunisia 0.17 0.7 4 1.61 0.29
Peru 0.15 0.67 1.35 0.52
T hailand 0.15 0.44 1.40 0.45
Botswana 0.14 0.49 1.15 0.29
Jamaica 0.13 0.44 0.9 0 0.38
Swaziland 0.13 0.68 1.7 6 0.35
D ominicanR ep. 0.13 0.7 3 1.60 0.35
G uatemala 0.13 0.89 1.9 5 0.24
Paraguay 0.13 0.67 1.65 0.43
Sri L anka 0.12 0.64 1.9 5 0.50
R omania 0.12 0.23 0.05 0.68
ElSalvador 0.11 0.7 6 1.9 9 0.29
N icaragua 0.11 0.80 1.83 0.30
Bolivia 0.11 0.46 1.21 0.41
Indonesia 0.10 0.44 1.35 0.35
PapuaN .G uinea 0.10 0.49 1.49 0.17
Philippines 0.09 0.48 1.48 0.58
Cameroon 0.09 0.55 1.9 7 0.24
H onduras 0.08 0.56 1.7 1 0.35
G uyana 0.08 0.39 0.63 0.47
Pakistan 0.08 0.54 1.88 0.19
B angladesh 0.07 0.7 6 2.33 0.18
Z imbabwe 0.07 0.35 1.20 0.23
Senegal 0.07 0.52 2.21 0.19
India 0.06 0.36 1.55 0.32
L esotho 0.06 0.42 1.88 0.30
N epal 0.06 0.62 2.24 0.11
H aiti 0.05 0.61 2.25 0.25
L iberia 0.05 0.35 1.68 0.19
Z ambia 0.05 0.27 0.7 6 0.38
Kenya 0.05 0.29 1.41 0.29

5



Country Y =L A ¿ h
G hana 0.05 0.43 2.11 0.31
M ozambique 0.05 0.7 9 2.52 0.07
Togo 0.04 0.30 1.49 0.24
CentralA fr.R . 0.04 0.35 2.13 0.13
M yanmar 0.04 0.30 1.9 4 0.21
N iger 0.03 0.34 1.9 8 0.06
U ganda 0.03 0.57 2.46 0.13
M ali 0.03 0.46 2.21 0.07
M alawi 0.03 0.20 1.39 0.24
Tanzania 0.03 0.25 1.85 0.23
Z aire 0.03 0.55 2.39 0.22
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correctedby
Country Y =L ¿ h
U SA 1.00 1.00 1.00
Canada 0.9 4 0.7 9 0.85
Switzerland 0.9 0 0.7 1 0.7 9
N orway 0.85 0.55 0.65
A ustralia 0.82 0.62 0.65
Sweden 0.81 0.64 0.7 0
D enmark 0.7 8 0.51 0.53
G ermanyW est 0.7 6 0.58 0.66
Iceland 0.7 4 0.50 0.60
France 0.7 4 0.52 0.65
Finland 0.7 3 0.52 0.65
Japan 0.7 1 0.33 0.38
N etherlands 0.7 0 0.7 3 0.83
N ewZ ealand 0.69 0.69 0.68
B elgium 0.68 0.63 0.7 2
U .K. 0.68 0.66 0.7 5
A ustria 0.67 0.57 0.69
Italy 0.65 0.53 0.67
H ongKong 0.64 0.43 0.49
Trinidad&Tobago 0.59 1.21 1.47
Singapore 0.52 0.41 0.52
Israel 0.50 0.50 0.55
Spain 0.45 0.58 0.7 3
Ireland 0.44 0.46 0.55
U .S.S.R . 0.43 0.21 0.23
Cyprus 0.39 0.28 0.34
Venezuela 0.38 0.9 9 1.29
G reece 0.38 0.38 0.46
Barbados 0.37 0.51 0.61
M exico 0.34 0.7 1 0.9 3
Taiwan 0.33 0.33 0.39
A rgentina 0.32 0.53 0.64
Yugoslavia 0.31 0.25 0.30
Portugal 0.31 0.31 0.43
Iraq 0.26 1.53 2.17
Syria 0.26 0.69 0.9 3
M auritius 0.26 0.33 0.43
KoreaR ep 0.25 0.30 0.34
M alaysia 0.25 0.32 0.41
Iran 0.24 0.85 1.22
B razil 0.24 0.34 0.48
U ruguay 0.24 0.46 0.56
Czechoslovakia 0.24 0.15 1.17

Table9 : R elativepositionofcountries(U .S. = 1.00)
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correctedby
Country Y =L ¿ h
Jordan 0.21 0.59 0.7 8
Panama 0.21 0.31 0.39
Chile 0.21 0.36 0.45
SouthA frica 0.20 0.36 0.47
Fiji 0.20 0.37 0.44
CostaR ica 0.19 0.45 0.59
R eunion 0.19 0.23 0.31
A lgeria 0.18 0.39 0.56
Colombia 0.18 0.34 0.46
Ecuador 0.18 0.27 0.35
Tunisia 0.17 0.36 0.52
Peru 0.15 0.36 0.46
T hailand 0.15 0.16 0.22
B otswana 0.14 0.18 0.26
Jamaica 0.13 0.16 0.22
Swaziland 0.13 0.32 0.45
D ominicanR ep 0.13 0.37 0.51
G uatemala 0.13 0.48 0.7 0
Paraguay 0.13 0.33 0.44
Sri L anka 0.12 0.32 0.42
R omania 0.12 0.06 0.07
ElSalvador 0.11 0.37 0.53
N icaragua 0.11 0.41 0.60
B olivia 0.11 0.17 0.23
Indonesia 0.10 0.15 0.21
PapuaN . G uinea 0.10 0.16 0.25
P hilippines 0.09 0.21 0.26
Cameroon 0.09 0.20 0.30
H onduras 0.08 0.23 0.32
G uyana 0.08 0.14 0.18
Pakistan 0.08 0.20 0.29
Z imbabwe 0.07 0.09 0.14
B angladesh 0.07 0.35 0.52
Senegal 0.07 0.18 0.38
India 0.06 0.10 0.14
L esotho 0.06 0.13 0.19
N epal 0.06 0.23 0.36
H aiti 0.05 0.25 0.36
Z ambia 0.05 0.07 0.09
Kenya 0.05 0.07 0.10
G hana 0.05 0.14 0.20
M ozambique 0.05 0.34 0.55
Togo 0.04 0.07 0.11
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correctedby
Country Y /L ¿ h
CentralA fr.R epublic 0.04 0.09 1.14
M yanmar 0.04 0.07 0.10
N iger 0.03 0.08 0.13
U ganda 0.03 0.20 0.32
M ali 0.03 0.14 0.22
M alawi 0.03 0.03 0.05
Tanzania 0.03 0.05 0.08
Z aire 0.03 0.21 0.30
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G roup 1: Productive, N on-distorciveandEducated
Canada, U .S.A ., A rgentina, H ongKong, Israel, Singapore, A ustria, B elgium,

D enmark, France, G ermanyW est, G reece, Iceland, Ireland, Italy, N etherlands,
N orway, Spain, Sweden, Switzerland, U .K., A ustralia, N ewZ ealand

G roup2: U nproductive, N on-distorciveandEducated
Panama, Ecuador, G uyana, Japan, KoreaR ep., M alaysia, Taiwan, Cyprus,

Finland, Yugoslavia, Czechoslovakia, R omania, U .S.S.R .

G roup3: Productive, D istorciveandEducated
B arbados, Trinidad&Tobago, Chile, Peru, U ruguay, Venezuela

G roup 4: Productive, N on-distorciveandU neducated
A lgeria, SouthA frica, B razil, Portugal

G roup 5: Productive, D istorciveandU neducated
M ozambique, Swaziland, Tunisia, CostaR ica, D ominicanR ep., ElSalvador,

G uatemala, M exico, N icaragua, Colombia, Paraguay, B angladesh, Iran, Iraq,
Jordan, Syria

G roup6: U nproductive, D istorciveandEducated
Philippines, Sri L anka, Fiji

G roup 7 : U nproductive, N on-distorciveand U nedu-
cated

Botswana, Z ambia, Z imbabwe, Jamaica, R eunion

G roup 8: U nproductive, D istorciveandU neducated
Cameroon, CentralA fr.R epublic, G hana, Kenya, L esotho, L iberia, M alawi,

M ali, M auritius, N iger, Senegal, Tanzania, Togo, U ganda, Z aire, H aiti, H on-
duras, B olivia, M yanmar, India, Indonesia, N epal, Pakistan, T hailand, Papua
N .G uinea
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