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ABSTRACT

JANKOVIC, Patrik: The Impact of Inequality on Accumulation of Human Capital and
Economic Growth. [Dissertation thesis]. — University of Economics in Bratislava. Faculty of
National Economy; Department of Economic Policy. — Thesis supervisor: Univ. prof. i. R.
Dipl. Ing. Dr. Mikulas Luptacik — Bratislava: NHF EUBA, 2020. 141 p.

Within country inequality has increased significantly since the 1970s with potentially
negative impact on the present economies and their future development. This fact motivates us
to introduce a new aspect of the nonparametric approach to the analysis of the interrelation
between inequality, human capital accumulation, and economic growth already covered well
by parametric approach literature. With the aim of finding how inequality may affect the
accumulation of high skills, and later how high skills contribute to economic growth, we
employ the data envelopment analysis (DEA) method. We use the advantage of DEA to
construct the world production frontier, which is in turn used in two types of modified non-
parametric decompositions. Compared to the parametric literature, the advantage of this
approach allows us to differentiate the extra contribution of the movement towards the efficient
frontier and the relative movement of a technological frontier shift to productivity change.

Firstly, we decompose productivity growth into components attributable to
technological change (shift of the frontier), efficiency change (movements towards the
frontier), physical capital deepening, and human capital accumulation in the form of high-
skilled and low-skilled labour over the 1970-2010 period. We find our analysis in line with the
findings of current parametric literature. Our results indicate a positive contribution of high
skills to productivity growth on average. Furthermore, we conclude that the contribution of
high-skilled labour to productivity growth had decreasing tendency for OECD countries, and
an increasing importance for underdeveloped countries between 1970-1990 and 1990-2010.

Secondly, we decompose the change in the share of high-skilled labour into
components attributable to technological shift, efficiency change, economic output, income
inequality, and input mix over the last 40 years. We find that the contribution of inequality to
high skills accumulation is negative for OECD countries between 1990-2010, while it has a
slightly positive tendency during 1970-1990. The effect is ambiguous for underdeveloped
countries with a rather positive tendency between 1990-2010.

Keywords: Economic Growth, Human Capital, Inequality, Data Envelopment

Analysis, Nonparametric Decomposition



Abstrakt

JANKOVIC, Patrik: Vplyv nerovnosti na akumulaciu Pudského kapitalu a na ekonomicky rast.
[Dizertacna praca]. — Ekonomicka univerzita v Bratislave. Narodohospodarska fakulta;
Katedra hospodarskej politiky. — Skolitel: Univ. prof. i. R. Dipl. Ing. Dr. Mikula§ Luptacik —
Bratislava: NHF EUBA, 2020. 141 s.

Ekonomické veda sa v poslednych rokoch zacala okrem velkosti produktu zaoberat’ aj
jeho distribuciou v populacii (Atkinson, 2015). Nedavne Svetové ekonomické férum (WEF,
2020) zdoraznilo dolezitost’ zaoberat' sa rasticou nerovnostou ako jednym z hlavnych
svetovych problémov sti€asnosti. Zatial’ o nerovnosti medzi krajinami sa v poslednych rokoch
postupne zmensovali, nerovnosti vo vnutri krajin rastt od sedemdesiatych rokov minulého
storoCia (Piketty, 2014). Ked’ze 'udia maju moznost priamo porovnavat svoju situaciu s
ostatnymi ¢lenmi tej istej spolo¢nosti, nerovnost’ vo vnutri krajiny je brand omnoho citlivejsie.
Nerovnomernd distribucia prijmov a bohatstva so sebou navyse prindsa nebezpecenstvo jej
prenosu medzi generaciami (Kearney and Levine, 2014). Tento proces sposobuje néaslednt
nerovnost’ prilezitosti s potencidlnymi konsekvenciami na motivaciu a rozhodovanie
jednotlivcov o priprave na trh prace (OECD, 2015). Jednym z ddlezitych kandlov je aj
rozhodovanie sa jednotlivcov o najvysSom dosiahnutom vzdelani. Vzdelanie, ako jedna z
foriem l'udského kapitélu, je povazované za motor rastu nie len rozvinutych ekonomik (Flabbi
a Gatti, 2018). Ak je nerovnost prendSand medzi generdciami sposobom, Ze si populacia v
spodnej Casti prijmovej distribicie nemoze dovolit’ vyssie vzdelanie, ekonomika prichddza o
cast’ produktivneho faktoru. KedZe vzdelanie je na rozdiel od fyzického kapitalu
neoddelitelnou stastou jednotlivca, mnoZstvo vzdelania, ktoré dokdze jednotlivec
absorbovat’ je vo vSeobecnosti obmedzené, a preto ma vynos z pridaného roku vzdelania
klesajucu tendenciu (Weil, 2013). Preto ak jedna cast populacie vysSie vzdelanie
nenadobudne, ina Cast’ populacie tato stratu nevykompenzuje, ekonomika straca svoj potencial
a rast produktivity je tak obmedzeny (Galor and Zeira, 1993). Prave v tejto oblasti tedrie o
nerovnostiach mé& naSa praca ambiciu prispiet do aktudlnej diskusie. Aplikdciou
neparametrického intertemporalneho modelu prinaSame novy pohl'ad na prispevok nerovnosti

k akumulacii vys$Sich zru¢nosti a nasledny prispevok vyssich zruénosti k ekonomickému rastu.



Odpovedame tym na otazky, ako prispieva nerovnost’ k akumulacii 'udského kapitalu a ako
nasledne l'udsky kapital k ekonomickému rastu.

Nasa prva hypotéza predpokladd negativny prispevok nerovnosti k akumuldcii vyssie
vzdelanej prace, pricom d’alej predpokladame negativny vysledok najmai pre vzorku vyspelych
krajin. Nasledne druha hypotéza predpoklada pozitivny prispevok vyssie vzdelanej prace k
rastu produktivity prace najmi vo vyspelych krajinach. Pouzitie neparametrického pristupu
vSak moze priniest’ aj dodato¢né zistenia, ktoré sice nespadaju pod hlavné hypotézy dizertacnej
prace, ale tvoria podstatnu ¢ast’ jej prinosov. Prinosom st najmi zistenia V oblasti prispevku
posunu technologickej hranice ¢i uz k produktivite prace ale aj jej prispevku k akumulacii
vysSie vzdelanej préce.

Literatara, ktora sa venuje problému nerovnosti sa v poslednych rokoch dostala do
centra nie len vedeckych diskusii. Knihy Thomasa Pikettyho (2014), Anthonyho Atkinsona
(2015), alebo Branka Milanovica (2016) poskytuji vynimocny pohl'ad do tedrii nerovnosti a
do nedavneho vedeckého vyskumu pre Siroké masy. Ekondomovia sa zhoduji na rastGcom
trende nerovnosti vo vnutri va¢Siny krajin a najma tych vyspelych (OECD, 2020). Preto otazka,
¢1 maju rastuce nerovnosti pozitivny alebo negativny vplyv na ekonomicky rast, nabera na
dolezitosti viac ako kedykol'vek predtym. Diskusie na tému kauzality medzi tymito dvoma
fenoménmi je nejednoznacna. Teoretické modely a empiricky vyskum prinaSaji argumenty
pre oba z tychto myslienkovych taborov.

Technologické a metodologické inovacie v ekondmii so sebou v poslednych rokoch
priniesli vznik mnohych kvalitnych databdz so Sirokym zaberom krajin a dostatocnym
historickym casovym radom. ZvySenie kvality velkych databaz a harmonizécia
medzinarodnych Statistik podnecuju d’al§i ekonomicky vyskum. V naSej dizertacnej praci
vyuzivame tri z takychto databaz. Solt (2009) harmonizuje historické Gini indikatory naprie¢
svetovymi krajinami, Lutz et al. (2008) poskytujli rozSirenti databazu o stupnioch vzdelania na
zaklade spitnej projekcie dat podl'a demografickej Struktury obyvatel'stva a v neposlednom
rade Feenstra et al. (2015) zdokonal'uji Penn World Tables ako zdklad pre ekonomicky
vyskum zaloZeny na historickych udajoch.

NaSa dizertacnd praca ma ambiciu prispiet’ do oblasti literatury, ktord sa zaobera
prepojenim nerovnosti, akumulacie 'udského kapitalu a ekonomického rastu. Ekonomicky

vyskum poskytuje vel'ké mnozstvo publikovanych analyz v kazdej z tychto dimenzii, pri¢om



hlavnym motivom je najmé prepojenie vyvoja nerovnosti a ekonomického rastu. Ngjst’
systematické prepojenie medzi ekonomickym rastom a vyvojom nerovnosti je v ekonomickom
usili uz od cias formulovania sldvnej Kuznetsovej tedrie (1955). Prave Kuznets verifikoval
jeho tedriu na udajoch z obdobia industrializacie pocas velkej ¢asti devétnasteho a dvadsiateho
storoc¢ia. Jeho tedria, podla ktorej nerovnost’ pocas ekonomického vyvoja sleduje krivku v
tvare obrateného pismena U, kedy na zaciatku industrializacie nerovnosti rasti a po dosiahnuti
maxima opét’ klesaju. Pokles nasledoval po technologickych revolucidch medzi svetovymi
vojnami a sedemdesiatymi rokmi minulého storo¢ia. Opétovny rast nerovnosti od
sedemdesiatych rokov dvadsiateho storocia uz vSak Kuznetsova teoria vysvetlit’ nedokézala.
To podnietilo vznik d’al$ich teorii o prepojeni ekonomického rastu a nerovnosti, ktorymi sa v
praci zaoberame.

Na zaciatok skiimania témy o nerovnostiach je nutné vyjasnit’ si niekol’ko zasadnych
otazok. Atkinson (2015) zaina svoju Gvahu o nerovnostiach otdzkami: ¢o je to nerovnost’,
nerovnostou ¢oho sa zaoberat’ a naprie¢ akou vzorkou nerovnost’ merat’? Z tychto zékladnych
otazok sa odvija interpretacia empirického vyskumu, ale aj zédkladné teoretické pristupy k
nerovnostiam. Vo vSeobecnosti by sme mohli nerovnost’ou nazvat’ nerovnomernu distribliciu
I'ubovolného objektu v 'ubovolnej populécii. Atkinson d’alej nerovnosti rozdel'uje v prvom
rade na nerovnosti vo vstupoch a nerovnosti vo vystupoch. Vystupmi st predovsetkym pojmy
ako prijem, bohatstvo ¢i produkcia. Vstupmi rozumieme okolnosti, ktoré vstupuja do procesu
nadobudania produktivnych faktorov, a ktoré néasledne determinuji d’alsi prijem jednotlivca.
Prave to, ¢i ma jednotlivec tieto faktory vo svojich rukach alebo nie, nés privadza k d’alSe;j
dimenzii delenia nerovnosti a to podl'a férovosti. Otazka férovosti je v sucasnosti velmi
aktualna. Je tomu tak najmé vo vztahu k socidlnej mobilite a pretrvavaniu nerovnosti naprie¢
generdciami (Kearney and Levine, 2014). Hufe et al. (2018) sa tejto téme venuju blizsie a
spajaju dva aspekty neférovych nerovnosti do jedného ukazovatela. Spdjaji nerovnost
prilezitosti a slobodu od chudoby do zjednoteného indikatora neférovych nerovnosti. Zist'uji
napriklad, Ze rastice nerovnosti v Spojenych Statoch boli medzi rokmi 1980-1990 t'ahané
prevazne férovou nerovnostou, no od roku 1990 je mozno povaZzovat’ vicsiu Cast’ prirastku v
nerovnostiach za neférovu. Preto je podla nich potrebné rozliSovat’ typy nerovnosti a ich

pozitivne a negativne dopady. NaneStastie nasa dizertatnd praca neprekracuje uroven



zakladnych ukazovatel'ov nerovnosti, ale nasa motivacia a interpretacia vysledkov sa zaklada
na podobnych principoch.

Tedria Galora a Moava (2004) prepaja Cast’ teorii o nerovnostiach s modelmi
ekonomického rastu a s vyznamom vzdelania v tomto procese. Tak ako zhrnul Milanovic¢
(2015), vyvoj ekonomik nie je opisany jedinou Kuznetsovou krivkou, ale vystihuje ho skor
niekol’ko takychto kriviek, ktoré vytvaraju vinenie. Kazdd takéto vina opisuje dalSiu
technologicku revoltciu a nerovnosti zodpovedaju konkrétnej faze. Tymto prichadzame k
hypotéze, ze svetova ekonomika sa od sedemdesiatych rokov minulého storoc¢ia nachadza na
pociatku novej technologickej fazy a to je pric¢inou rastucich nerovnosti.

Rolu l'udského kapitalu v tomto procese vystihuje praca Goldin a Katz (2009), ktori
opisuju vyvoj mzdovej prémie naprie¢ dvadsiatym storo¢im ako preteky medzi vzdelanim a
technoldgiou. Mzdova prémia vo vyspelych krajinach s rasticou ponukou vzdelanych v prvej
polovici dvadsiateho storocia klesala, ale v druhej polovici opit’ rastie s prichodom novych
technologii. InSpirujuc sa pracou Beckera (1962), autori rozoberaji aj motivaciu vzdelavat’ sa
v jednotlivych fazach ekonomického progresu. Opieraju sa o fakt, ze vznik a Sirenie novej
technoldgie je podmienené rozsirenim potrebnych zru¢nosti v ekonomike. A prave relativna
cena medzi starymi a novymi zrucnostami ma rozhodovat' o relativnej cene prace a jej
nerovnomernej distribucii aj v sa¢asnej dobe (Caselli, 1999). Podobny princip, relativnych cien
ale medzi fyzickym kapitalom a pracou opisuje aj model Galora a Moava (2004). Ich model
ekonomického vyvoja v dlhom obdobi vysvetl'uje sti¢asny trend narastajicich nerovnosti od
1970. Autori vychadzajt zo zakladnych predpokladov rastaceho hrani¢ného sklonu k Gisporam,
ktory pri prehlbovani nerovnosti vedie k rasticim agregatnym Uspordm a investiciam. Model
d’alej predpoklad4d nedokonalosti uverového trhu, kedy obmedzenia na tomto trhu vedu k
obmedzenym moznostiam chudobnych investovat’ do l'udského kapitalu a na predpoklade
komplementarity medzi fyzickym a I'udskym kapitalom, kedy akumulécia fyzického kapitalu
vedie k rastu dopytu po kvalifikovanej l'udskej praci a teda k akumulacii 'udského kapitalu.
Autori opisuju zaciatok industrializacie ako obdobie, kedy bol motorom rastu fyzicky kapital,
ktory si vyzadoval koncentraciu uspor a preto bola rastlica nerovnost prospesnd pre
ekonomicky rast. Pocas dvadsiateho storoCia si ale vysokd zasoba fyzického kapitalu
vyzadovala rast kvalifikovanej pracovnej sily, ktora sa stala novym motorom rastu (Flabbi a

Gatti, 2018). Pocas fazy, kedy je ekonomicky rast tahany I'udskym kapitalom (Mankiw et al.,



1992), je podl'a teorie Galora a Moava (2004) nerovnost’ neziaduca. Dovodom preco je v tejto
faze nerovnost’ nezelana vysvetluje Galor a Zeira (1993) tedriou nedokonalych uverovych
trhov. Ich medzigeneratny model je zalozeny na nedokonalostiach twverového trhu,
nedelitel'nosti I'udského kapitdlu, nekonvexite technologického pokroku a nerovnomernej
distribucii dedic¢stva. Predpoklad nerovnej distribtcie dedicstva spdsobuje, ze pre chudobnych
(bez dedicstva) je poziCiavanie si na uverovom trhu nékladnejSie, a preto jednotlivei bez
dedicstva nemaju moznost investovat’ do produktivnych faktorov akymi je vzdelanie (Becker,
1975). Uz Loury (1981) upozoriioval na fakt, ze nedelitelny l'udsky kapital spdsobuje jeho
obmedzenu zasobu na jednotlivca a nerovny pristup ku vzdelaniu zniZzuje jeho agregovanu
vysku v spolo¢nosti.

Zavery sucasnej literatiry konverguju prave k podpore ndzoru, ze kanal, ktorym
nerovnost’ neblaho vplyva na ekonomicky rast, najmd v rozvinutych krajinach, je cez
akumuléciu l'udského kapitdlu za podmienok nedokonalého tverového trhu (OECD, 2015;
Halter et al., 2014; Brueckner and Lederman, 2018; Ostry et al., 2018). Tieto teorie sa
zakladaju na endogenite ekonomického rastu, kedy produktivita prace a technologicky pokrok
zavisia prave od investicii do vzdelania (Romer, 1986, LUCAS, 1988). Ak totiz systematické
medzigeneracné pretrvavanie nerovného pristupu k zdrojom pretrvava a zaroven je talent
rozdeleny ndhodne, ekonomika zakonite prichadza o €ast’ svojho potencialu. OECD (2015)
prinaSa hmatatel'né¢ dokazy o tom, Ze deti v spodnych cCastiach distribucie prijmov dosahuju
signifikantne niZSiu Uroven najvySSieho dosiahnutého vzdelania a zaroven dosahuji horSie
skore v medzindrodnom testovani PIAAC. Autori tym dokazuju predpoklad, ze socialne
postavenie rodicov pretrvava a determinuje tak buduci prijem ich deti. Jedinci preto nemaji
svoj buduci prijem vo svojich rukach a ako poukézali Hufe et al. (2018), obmedzena socidlna
mobilita znizuje férovost” nerovnosti a prispieva k ich prehlbovaniu naprie¢ generaciami
(Hassler et al., 2007).

Dalej, Brueckner a Lederman (2018) aplikuju tedériu Galora a Zeira (1993) na
panelovych datach. Medzi rokmi 1970-2010 za pouZitia inStrumentdlnych premennych,
ktorymi odstranuju endogenitu najmd l'udského kapitdlu zistuju, ze zvySena nerovnost
prispieva k ekonomickému rastu pozitivne v krajinach s nizSou Groviiou pociato¢ného prijmu
na obyvatel'a. Naopak negativny efekt nerovnosti na ekonomicky rast cez akumulaciu vyssieho

vzdelania nachadzaju vo vyspelych krajinach.



Nedavny prispevok OECD (2015) sa zaobera prenosom nerovnosti medzi generaciami,
¢im priamo prispieva k obmedzenym moznostiam vzdelavania nizkoprijmovych skupin
obyvatel'stva vo vyspelych krajinach. Analyza na trovni individudlnych dat obohatend o
rozmer testovania zrucnosti PIAAC ocistuje vztah medzi nedostatkom vyplyvajicim z
nerovnej distribucie zdrojov a prileZitosti v spolo¢nosti a produktivitou jednotlivca odvodene;j
od jeho vzdelania. Zakomponovanim proxy zlozky vzdelania a prijmu rodicov autori
poodhal’uju kauzalny vplyv medzi nerovnostou v spodnej Casti distribucie a stratou I'udského
kapitalu a jeho buducej produktivity. Podporuju tym zaver, ze socialna mobilita, a teda
nerovnost’ v spodnej Casti distriblicie (priblizne spodnych 40% distribucie), je kIi€ova pre
ekonomicky rast vyspelych krajin.

Ambiciou nasej dizertaénej prace je priniest do témy vzajomného vztahu medzi
nerovnostami, akumuldciou l'udského kapitdlu a ekonomickym rastom neparametricky
pohl'ad, ktory je zaloZeny predovsSetkym na definovani efektivnej technologickej hranice a
relativnej vzdialenosti krajiny od nej. Definovanie efektivnej hranice je hlavou vyhodou
analyzy datového obalu (Data envelopment analysis — DEA) oproti parametrickym —
ekonometrickym pristupom. Luptacik a Mahlberg (2011) definuju dva pristupy k analyze
produktivity. Parametricky, teda neoklasicky, a aj neparametricky pristup efektivnej hranice
mapuju produktivitu ako podiel vystupov a vstupov ekonomiky. LiSia sa vSak v pouZitych
metodach. Neoklasicky pristup pripisuje prispevky k rastu produktivity faktorom, ale nedokaze
rozlis$it medzi pohybom krajiny voci efektivnej hranici a nepozoruje ani pohyb tejto hranice.
Neparametricky pristup dokaze rozlozit’ rast produktivity na prispevok medzi relativny pohyb
krajiny k efektivnej hranici a samotného pohybu hranice. Podstata oboch pristupov je
zobrazena na Obrazku 6.1, ktory opisuje hodnotenie produktivity v pripade jedného vstupu a
jedného vystupu. Parametricky pristup reprezentuje jednoduchy linearny odhad metédou
najmensich Stvorcov (OLS) a parametricky pristup obal'uje data hranicou tvorenou z krajin,
ktoré boli vyhodnotené ako efektivne. V. OLS minimalizaciou $tvorcov odchylok hl'adame
najlepsie parametre, ktoré definuju funkciu vystihujicu spolo¢nt technologiu krajin v podobe
priamky alebo krivky cez zhluk bodov. Priamka minimalizuje Stvorce odchylok od povodnych
dat.

V pripade neparametrického pristupu metddou DEA, maximalizujeme podiel

virtualneho vystupu a virtudlneho vstupu na zaklade vol'by optimélnych vah. V DEA analyze



krajinu oznacujeme ako samostatne sa rozhodujticu jednotku (DMU — Decision making unit),
ktorej technologia sa obycCajne sklada z niekol’kych vystupov a niekolkych vstupov, alebo
inymi slovami z vektora vystupov a vektora vstupov. Virtualny vystup je preto sumou vektora
vystupov vazeného prisluchajucimi vahami a v pripade virtualneho vstupu je to vektor vstupov
vazeny prislichajicimi vahami vstupov. Vahy si vyberame tak, aby sme maximalizovali
podiel sumy vazenych vystupov k sume vazenych vstupov. Vybrat’ si vahy, ktoré buda
maximalizovat’ konkrétne nas§ podiel nie je zlozitd uloha. Na druhej strane sa situacia
komplikuje, ked’ si svoje vahy vybera niekol’ko odlisnych jednotieck DMU. K podstate DEA
analyzy sa dostavame, ked’ nechame jednotky DMU v pocte n vybrat’ si vahy tak, aby bola
hodnota ich podielu virtudlnych vystupov a virtualnych vstupov relativne vyssia ako ostatnych
jednotiek DMU (Luptacik, 2010). Tie jednotky DMU, ktoré v istej konfiguracii vah dosahuju
najvyssie skore, budu efektivne s hodnotou efektivnosti 1 a skore ostatnych bude vypocitané
relativne ku vzorovej jednotke DMU s efektivnostou medzi O a 1.

K podstate pristupu, ktorym sa zaoberame v dizertacnej praci sa dostaneme, ked’ si
predstavime pohyb efektivnej hranice v Case, so si¢asnym pohybom konkrétnej jednotky
DMU smerom k alebo od, ¢i uz povodnej alebo novej efektivnej obalky. Vyssie uvedenu
jednoduchu medzi-€asovu analyzu nazyvame Malmquistov index (Cooper et al., 2007). V
naSej praci sa budeme d’alej zaoberat dvoma pripadmi medzi-Casovej neparametricke;j
dekompozicie, ktoré rozoznavaju nie len pohyb hranice a relativny pohyb ku hranici, ale aj
pohyb pozdiz efektivnej obalky. Pohyb pozdiz hranice sa da rozdelit’ na prispevok sposobeny
zmenou vstupov a zmenou vystupov. Konkrétne, v prvom kroku modifikujeme neparametrickt
dekompoziciu podla Hendersona a Russella (2005) a v druhom kroku naSej analyzy
modifikujeme pristup Fére et al. (2018).

Cielom naSej dizertacnej prace je s vyuzitim medzi-Casove] neparametrickej
dekompozicie v prvom kroku zistit’ prispevok nerovnosti k kumulacii I'udského kapitalu v
podobe vyssie vzdelanej pracovne;j sily a nasledne v druhom kroku zistujeme prispevok vyssie
vzdelanej pracovnej sily na rast produktivity v obdobi 1970-1990-2010. V prvom kroku
rozkladdme zmenu v akumuldcii vysSie vzdelanych na prispevok posunu efektivnej
technologickej hranice, relativneho posunu krajiny k tejto hranici, efekt nerovnosti, prispevok
zmeny hrubého domdaceho produktu a zmeny vstupov v podobe nizsie vzdelanej prace a zasoby

kapitalu. V druhom kroku rozkladdme zmenu v produktivite na prispevky posunu efektivne;j



hranice, posunu krajiny k alebo od tejto hranice, prispevok zmeny kapitalovej zasoby, efekt
vysSie a nizsie vzdelanej prace.

Kedze si medzi-Casova neparametrickd dekompozicia vyzaduje balansovany,
respektive Uplny panel dat, pre naSu analyzu potrebujeme kompletné udaje pre kazdy z
prierezov 1970, 1990 a 2010. Tento fakt nam spésobuje znaéné komplikacie kvoli nedostatku
dostupnych dat. Preto uskutocnujeme analyzu na viacerych vzorkach krajin podl'a dostupnosti
¢asového radu pre odlisnu technolégiu v prvom a druhom kroku analyzy. Vstupy pouzité v
technologii pre dekompoziciu su kapitdlova zasoba v stalych cenach a parite kupnej sily
(Feenstra et al. 2015) spolu s vyssie a nizsie vzdelanou zasobou pracovnikov. Premenné vyssie
a niz8ie vzdelanej prace dostavame pomocou databazy odhadnutej spédtnou projekciou
vzdelanostnych skupin podl'a demografickych charakteristik obyvatel'stva spétne az do roku
1960 pre Siroku vzorku krajin (Lutz et al., 2018). Ako vysSie vzdelani pracu definujeme
aktivnu populéciu so sekunddrnym a vy$sim vzdelanim vo veku 16-64 rokov upravenu o
priemernu mieru zamestnanosti v danom roku a krajine. Podiel vysSie a nizsie vzdelanej prace
na aktivnej populdcii preto nie je rovny jednej a existuje potencidl zapojenia dalSich
pracovnych sil aj bez nutnosti medzistatnej pracovnej migracie. Vystupom nasej technoldgie
je hruby domaéci produkt v stalych cenéch a parite kiipnej sily.

V prvom kroku, pri dekompozicii vplyvov na l'udsky kapital vkladdme do technologie
navySe takzvany nezelany vystup v podobe Giniho indexu (Solt, 2019). Negativny vystup
znamena, ze vysSia nerovnost’ prispieva k hodnoteniu efektivnosti negativne, ale v podiele
virtudlneho vystupu k virtudlnemu vstupu sa prijmova nerovnost nachadza v Ccitateli.
Nerovnost’ povazujeme v tomto pripade za vystup podla funkcie spolocenského blahobytu,
kedy sa pozerame nie len na Zelanu vySku vystupu, ale aj na nerovnost, ktord znizuje Groven
spolocenského blahobytu (Nikola, 2013, Fleurbaey, 2009). V pripade merania nerovnosti
priznavame, ze jednoduchy Giniho index nemusi zachytit’ vSetky zmeny v distriblcii, ale
vzhl'adom k Sirke historickych dat, ktoré sa pokiiSame obsiahnut’ v naSej analyze, ide o jediny
ukazovatel’ nerovnosti siahajaci do roku 1970.

Ako sme spominali, zostrojit’ kompletny panel krajin s premennymi hrubého domaceho
produktu, kapitdlovej zasoby, zasoby nizSie a vysSie kvalifikovanej prace a v pripade prvého
kroku dekompozicie aj udaje pre Giniho index za roky 1970-1990-2010, je pomerne naro¢né.

Pre aplikéciu nasej metodoldgie si vyberame 3 typy panelu. Dataset ,,33% je vzorkou 33 krajin,



z ktorych 16 je ¢lenom OECD, preto nemozno hovorit' o vzorke reprezentujliicej svetové
krajiny, ale na druhej strane je konzistentna naprie¢ rokmi 1970-1990-2010. Dal$ou vzorkou
je dataset ,,79, kde sa zbavujeme klasickych ,,outlier* krajin ako LDC krajiny, malé¢ mestské
Staty ¢i takzvané ropné Staty, ktoré zvyknu neziaduco ovplyviovat efektivnu hranicu. Vzorka
79 krajin je konzistentna medzi obdobiami 1990-2010. Posledna vzorka 161 krajin
konzistentna medzi rokmi 1990-2010 je ur¢ena vyhradne druhému kroku nasej analyzy, lebo
vzorka obsahuje aj krajiny bez udajov o nerovnosti. Vo vzorke ,,161° preto zistujeme iba
prispevok vysSieho vzdelania na produktivitu krajiny.

V praktickej casti sa zameriavame na dva kroky. V prvom kroku vyuZijeme
modifikovanll neparametricki medzi-Casovu dekompoziciu podla Fire et al. (2018) (d’alej ako
FR) na to, aby sme odhalili prispevok nerovnosti na akumulaciu vys$sSieho vzdelania na
paneloch ,,33“ a ,,79*. Nasledne, v druhom kroku praktickej Casti pouzivame modifikovant
metodoldgiu podl'a Hendersona a Russella (2005) (d’alej ako HR) pre ur€enie prispevku zasoby
vysSie vzdelanej pracovnej sily na rast produktivity. Vysledky za jednotlivé krajiny
uverejnujeme v prilohe, pri prezentacii vysledkov sa zameriavame na porovnanie distriblcie
jednotlivych prispevkov a porovnavame ich rozdelenie podla ¢asu a ekonomickej vyspelosti
krajin. Krajiny rozdel'ujeme na vyspelé, ¢lenské krajiny OECD, rozvojové krajiny v skupine
krajin LDC a zvy$né krajiny oznacujeme pojmom ,,ostatné krajiny.

V prvom kroku zistujeme, ze aplikdciou FR dekompozicie na panel ,,33*“ a ,,79* na
prvy pohlad nenachadzame vyrazny prispevok nerovnosti k akumulacii vyssieho vzdelania
pracovnikov. Na celkovej vzorke sa vplyv nerovnosti relativne straca. Je to sposobené tym, Ze
nerovnosti sa v ¢ase nemenia tak vyrazne ako ostatné faktory. Zvlast Giniho index nie je
schopny zachytit' kazdy pohyb v celkovej distribucii prijmov. Dalej sa na vysledky pozerame
podrobnejSie a nachddzame, sice maly, ale systematicky vztah medzi nerovnostou a
akumulaciou vysSieho vzdelania v krajine.

Bertic do tvahy prispevok posunu efektivnej hranice, pohybu krajiny smerom k
efektivnemu obalu, prispevok zmeny hrubého domaceho produktu a zmeny vstupov v podobe
kapitalovej zasoby a nizSie vzdelanej prace, nachddzame medzi zmenou nerovnosti a ich
prispevkom k akumulacii vysSie vzdelanej pracovnej sily jasnt previazanost. Ak sa nerovnost’
v krajine zvysila, prispevok k akumulacii vyssie vzdelanych bol negativny (mensi ako 1) alebo

ziaden (rovny 1). Na druhej strane, ak nerovnost’ v krajine poklesla, jej prispevok bol bud’



neutralny (rovny 1) alebo pozitivny (vacsi ako 1). Je tomu tak v kazdej z troch FR
dekompozicii. Tento zaver prispieva k tvrdeniam o negativnom vzt'ahu medzi nerovnostami a
akumulaciou kapitalu (Galor and Zeira, 1993).

Dal§im zaujimavym vysledkom je rozna distribucia prispevku nerovnosti k akumulacii
vyssie vzdelanych pracovnikov medzi rozvinutymi OECD krajinami a ,,ostatnymi krajinami‘.
Medzi rokmi 1970-1990 krajiny OECD vykazuju mierne pozitivny prispevok nerovnosti k
akumulécii vysSie vzdelanych, zatial’ ¢o vysledky menej rozvinutych regionov nie su odlisné
od hodnoty 1 naznacujuca ziaden efekt. Nasledne medzi rokmi 1990-2010 na vzorke ,,33* aj
na vzorke ,,79% zistujeme, ze vysledok je v pripade rozvinutych krajin negativny a v pripade
ostatnych krajin prevazne pozitivny. Tieto vysledky podporuju aj zavery nedévnych
parametrickych modelov. Model Galora a Moava (2004) ¢i aplikécia tedrie Galora a Zeira
(1993) analyzou Bruecknera a Ledermana (2018) podporuju tvrdenie, Ze v krajinach s niz§im
stupiiom rozvoja mdze nerovnost’ prispievat’ k ekonomickému rastu ak je motorom rozvoja
akumulécia fyzického kapitdlu. V stcasnych rozvinutych krajindch, kde je motorom
ekonomického rastu I'udsky kapital, prispieva nerovnost’ k rastu hrubého domaceho produktu
negativne cez kanal obmedzenej akumulécie vyssieho vzdelania.

Ak predpokladame, Ze vysledok vplyvu nerovnosti sa na akumuldcii vysSieho
vzdelania prejavi s oneskorenim, naSe vysledky naznacuji pozitivny vplyv nerovnosti na
akumulaciu vysSieho vzdelania. 20 rokov oneskoreny vplyv nerovnosti overujeme na vzorke
»33%, kedy v roku 1990 pouzivame udaje o Giniho indexe z roku 1970 a pre prierez v roku
2010 pouzivame nerovnost’ spred 20 rokov. Vysledky porovnavame s dekompoziciou medzi
rokmi 1990-2010 a zistujeme, ze v pripade menej rozvinutych krajin sa pozitivny prispevok
nerovnosti zniZuje, a v pripade krajin OECD sa dostavame z negativnych ¢isel k pozitivnemu
prispevku k akumulécii vysSie vzdelanych pracovnikov. Ide vSak o nereprezentativnu vzorku
33 krajin a oneskorenie vplyvu nerovnosti, ktoré by sa malo prejavit’ v detstve (OECD, 2015)
sa moze lisit’ naprie¢ krajinami podl'a priemernej dizky vzdelania.

V druhom kroku nasej prace pomocou HR dekompozicie potvrdzujeme pozitivny vplyv
vysSieho vzdelania na ekonomicku produktivitu krajin. Zaujimavym je v tomto pripade
rozdelenie krajin podla stupiia vyspelosti a distribicia prispevku vyssie vzdelanych
pracovnikov ¢i posunu technologickej hranice. V tejto Casti konkrétne zistujeme prispevok

vyssie vzdelanej pracovnej sily na ekonomicku produktivity berac do uvahy prispevok posunu



efektivnej hranice, pohybu krajiny smerom k efektivnemu obalu a efekt zmeny vstupov v
podobe kapitalovej zasoby a nizsie vzdelanej prace. Nasa praca obsahuje 4 HR dekompozicie.
Dve dekompozicie zachytavaju obdobie medzi rokmi 1970-1990-2010 na vzorke ,,33 a po
jednej dekompozicii sledujeme na vzorke ,,79* a,,161* obdobie medzi rokmi 1990-2010.

Dekompozicie medzi rokmi 1970-1990 a 1990-2010 na vzorke ,,33*“ poukazuji na
pozitivny ale klesajuci prispevok vyssie vzdelanej pracovne;j sily k rastu produktivity prace v
rozvinutych krajinach a pozitivny rastuci prispevok v pripade menej rozvinutych krajin. Zatial
¢o medzi rokmi 1970-1990 prispievala vysSie vzdelana praca len minimalne k produktivite v
menej rozvinutych krajinach, v obdobi medzi rokmi 1990-2010 bol uz v ich pripade prispevok
vy$si ako vo vzorke krajin OECD. Nas§ vysledok dokazuje, Ze vysSie vzdelanie sa v sicasnosti
stdva motorom ekonomického rastu pre menej rozvinuté krajiny, ked’ze kvantita vzdelanosti
uz narazil na svoju hranicu vo vicsine vyspelého sveta.

Rozdiel v prispevku vysSie vzdelanych podl'a vyspelosti krajin je lepSie vidiet’ na
vzorke ,,161“. Vzorku rozdel'ujeme podla vyspelosti na 3 skupiny, konkrétne na vyspelé
krajiny OECD, ,,ostatné* krajiny a najmenej rozvinuté krajiny LDC. Zistujeme, ze medzi
rokmi 1990-2010 prispela zmena v zasobe vysSie vzdelanej prace najviac v pripade najmenej
rozvinutych krajin, o nieco nizSie boli vysledky ,,ostatnych® krajin a najmensi, ale stale
pozitivny prispevok sme zaznamenali v pripade krajin OECD. Tieto vysledky dokazuju, Ze
motorom ekonomického rastu v podobe sekundéarneho a tercidrneho vzdelania je v su€asnosti
najvyraznej$i v najmenej rozvinutych krajinach.

Odpoved’ na otazku, ktora sa automaticky Ziada, ¢o je motorom ekonomického rastu
vo vyspelych krajindch. Odpoved’ na tito otdzku nachddzame v ostatnych faktoroch naSej
dekompozicie, konkrétne v prispevku posunu technologickej hranice. Ak sa zameriame na
prispevok technologickej hranice na ekonomicku produktivitu krajin, zistujeme, Ze jeho
prispevok je prirodzene pozitivny. DdlezitejSie zistenie ale je, Ze omnoho vyraznejsi prispevok
technologického pokroku nachadzame vo vyspelych krajinach. Na vzorke ,,161% je to zreteI'né.
LDC krajiny dosahujt nizke hodnoty prispevku technologického pokroku k rastu produktivity,
»ostatné* krajiny vyssi s velkym rozptylom a OECD krajiny dosahuji najvyssie vysledky
prispevku technologického pokroku k rastu produktivity prace.

Na zaver, zaujimavou Crtou v prvom kroku naSej dekompozicie je neintuitivny

negativny prispevok posunu technologickej hranice na akumulaciu vys$sie vzdelanej pracovnej



sily. Tento vysledok totiz naznacuje, Ze technologicky pokrok znizuje mnozstvo vyssie
vzdelanej pracovnej sily. Vysvetlit' si tento vysledok je nutné v spojeni so zaverom
predchadzajiceho odstavca, a teda ze technologicky pokrok prispieva k rastu produktivity
prace. Ak totiz pokrok prispieva k produktivite prace, je prirodzené, ze pri zvysenej
produktivite sa potreba pracovnej sily vo vSeobecnosti znizuje. Nasa dekompozicia preto
poukazuje aj na to, ze negativny vplyv posunu technoldgie na vzdelana pracu je vyraznejsi vo

vyspelejsich krajinach, kde je prispevok technolédgie k produktivite prace vyssi.

KrPuacové slova: ekonomicky rast, l'udsky kapital, nerovnost’, analyza datového obalu,

neparametricka dekompozicia



Contents

1 INEFOQUCTION ...ttt bbbt 22
2 ECONOMIC INEQUANITIES .......ocvveieeie ettt 26
2.1 Inequalities of what and among Whom ...........ccccceeveieie s 29
2.2 Measuring INEQUANITIES .......ccueiviiiiiiiiie e 32
2.3 Inequality of income, wealth and social mobility ...........cccooevvininiiinnnnnene 36
2.4 Current Discussion on INEQUANITIES ..........cceeovererereninisecee e 38
3 Theory of BCONOMIC GrOWEN ......coiiiiic e 43
3.1 Basic growth theories and introduction of human capital................c.coc...... 43
3.2 The accumulation of human capital ............ccccoevveiiiiiiece e 47
4 Inequality and eCONOMIC GrOWLN .........ccoiiiiiiii e 52
4.1 Effect of economic growth and technology progress on inequalities ........... 52
4.2  Effect of inequalities on economMic growth ..........cccccevveiieiiiie v 54
4.3 Human capital accumulation theory and inequality...........cccccoeverinirenennnn. 60
5  Aim of the disSertation thesiS...........cociiiiiiiii e 65
B METNOAOIOGY ... et 67
6.1 Motivation for nonparametric approach............ccceeeveeieeicieese s 67
6.2 BaSiC DEA MOUEL........ccoiiiiiiiie e 70
6.3 Intertemporal @NalYSIS ........c.ccviiieiieie i 75
6.4 Standard Henderson and Russell intertemporal decomposition.................... 79
6.5 Intertemporal decomposition by Fére et al..........cccccooviviiiiiiiiiiii 83
7 EMPIFICAl @NAIYSIS...cc.viiieiiiciecce e e 88
7.1 DAtADASE ...ttt 88
7.2 EMPIFICAI FESUITS....c.viiiiiieiiesie e 104
8  Discussion and CONTrIDULION..........ccciiiiiiiiieee s 125

8L DESCUSSION .ttt nnnnnnnnnnnnnn 125



8.2 CONCIUSION. ...ttt et nreas 127
=[] FTo o =1 o] 1 2SS PS 131
N o] o 1< 0T L) TSRS P ST U TP T PR URUSPPPP 131
List of Figures

Figure 2.1 Inequality indicators for the United States (P90/P50 ratio on the

=100 110 I D) USRS 34
Figure 2.2 Inequality indicators for United Kingdom (P90/P50 ratio on the

SECONM AXIS) evevierienreree sttt ettt 35
Figure 2.3 The Gini index of disposable household income among a sample of

OECD COUNLIIES ..vevveteeniieieeieesieesie e siee e enee e sseeseesneesaaeneesneesseeneens 41
Figure 2.4 The Gini index of disposable household income among V4, Austria

ANd SIOVENIA ...t 42
Figure 3.1 Decreasing marginal product of investment to human capital ........ 48
Figure 3.2 Kernel densities for human capital inequalities between 1970 and

2000 . 50
Figure 6.1 Distinction between parametric and non-parametric approach (data

From 2010) . oovinei i 68
Figure 6.2 Basic DEA model with comparison between CRS and VRS and

difference between input- and output-orientation ....................... 74
Figure 6.3 Malmquist index anatomy explained on input-oriented model with

VRS 78
Figure 6.4 Data envelopment on real data from 1970, 1990 and 2010 in model

WIth VRS 79
Figure 6.5 Technology frontier implosion explained on DEA model with VRS 81
Figure 6.6 Intertemporal decomposition ..............oooiiiiiiiiiiii 87
Figure 7.1 Labour participation rate in development groups according to level

OF BAUCALION . ..ottt e

92



Figure 7.2

Figure 7.3

Figure 7.4

Figure 7.5

Figure 7.6

Figure 7.7

Figure 7.8

Figure 7.9

Figure 7.10
Figure 7.11

Figure 7.12
Figure 7.13
Figure 7.14
Figure 7.15
Figure 7.16
Figure 7.17
Figure 7.18

Figure 7.19
Figure 7.20

Unemployment rate in development groups according to level of
BAUCALION ..\ttt e
Kernel Density of the Gini index for disposable household income
between 1970 and 2010 among 35 countries ...............cceeevennnn.
Kernel Density of the Gini index for disposable household income
among 101 countries between 1990 and 2010 ..................cooeeeie.
Deviation from mean Gini of all other datasets available in country-

SWIID Gini indices compared to “All the Ginis” dataset namely
LIS, WIID, POVCAL and WYD data Sets ............ccoevvvveninnnnnn.
Distribution of variables (Active population, 34 countries, 1970-
1990-2010) . onininii e
Distribution of variables (Active population, 139 countries, 1970-
1990-2010) .ouininiiie e
Distribution of variables (Active population, 97 countries, 1990-

Focus on the Gini index change contribution according to country
development ... ...
Contribution of factors to the accumulation of human capital ........
Density of technical change contribution ................................
Contribution of high-skilled labour share change .......................
Focus on high-skilled labour contribution ...............................
Contribution of factors to productivity change ..........................
Focus on technical change contribution ....................ccoeiinn
Contribution of the Gini index change to the accumulation of
human capital ...
Contribution of factors to the accumulation of human capital ........
Contribution of technical change to the accumulation of human

CAPITAl .o

93

95

95

96

97

100

102

103
107

108
109
110
112
113
114
114

116
117

117



Figure 7.21  Contribution of high-skilled labour share change to productivity
GrOWEN o
Figure 7.22  Contribution of factors to productivity growth ..........................
Figure 7.23  Contribution of high-skilled labour change to productivity growth ..
Figure 7.24  Contribution of factors to productivity growth ..........................
Figure 7.25  The contribution of the lagged Gini index change, according to the
country development group between 1990-2010 ........................
Figure 7.26  Relation between the change in Gini index and its contribution to
the accumulation of human capital ........................ocon.
Figure Al Focus on Input mix contribution according to country development
List of Tables
Table 7.4 Statistics about the Gini Index for Disposable Income .................
Table 7.5 Statistics for all Available Data ..................cccooiiiiiiiiinin.
Table 7.6 Availability of Variables ...
Table 7.7 Statistics about Availability of Data for FR and HR decompositions
Table 7.8 Heterogeneity of Available Panel Datasets ..............................
Table 7.9 FR “33” 1970-1990 and 1990-2010........coeveiiiiiiiiiiiiieeiaiannes
Table 710 HR “33” 1970-1990......cuiuiniiii e
Table Al FR “337 1970-2010. ... .ttt
Table A2 HR “3371970-2010.....ctiiiiiiietee e
Table A3 FR “337 1970-1990. ...ttt e
Table A4 HR “3371970-1990. ...t
Table A5 FR “337 1990-2010.. ... uiuinininiii e
Table A6 HR “337 1990-2010. ...t
Table A7 FR “79” 1990-2010. ... .uiuininiiii e
Table A8 HR “797 1990-2010......0enieititiee e
Table A9 HR “1617 1990-2010......c.oiniiiiiii e

118
119
120
121

123

124

89
91
92
94
98
99
99



1 Introduction

Recently, the World Economic Forum has emphasized the urgency to deal with
increasing inequality as one of the main global issues. While the inequality between
countries has decreased in recent years, the within-country inequality has had a significantly
increasing tendency since the 1970s. Within the country, inequality is treated more
sensitively because people in the same society can directly compare their situation with
others. Disproportions in the distribution of income or wealth brings a serious risk of their
persistence over generations through the inequality of opportunities with potentially serious
consequences on economic growth.

Inequality literature is not only in the centre of scientific discussions. Books by
Thomas Piketty (2014), Anthony Atkinson (2015), or Branko Milanovic (2016) provide
comprehensive insights into inequality theories and the recent scientific research for broad
masses.

The question of whether inequality has a positive or a negative impact on economic
progress is now more important than ever before. Research into the interrelation between
inequality and economic growth is often ambiguous. There is a continuous discussion about
the direction of causality between two phenomena and both arguments are well supported
by theoretical concepts and empirical studies.

Fortunately, the broad coverage of data has further improved significantly in recent
decades. Improvements in the quality and harmonization of indicators allow for the
construction of big datasets that encourage advanced scientific research. The Standardized
World Inequality Database (SWIID) by Solt (2009) summarizes inequality measures. Lutz
et al. (2008) provides extended education attainment statistics, or the still-improving source
of aggregate economic data, the Penn World Tables (PWT) (Feenstra et al., 2015), provide
a solid ground for the verification of new hypotheses and empirical research.

This dissertation thesis aims to contribute into the literature focused on linkages
between inequality, human capital formation, and the growth of economic output. Since the
famous Kuznets theory (1955), there have been great efforts to find a systematic relation
between economic growth and the level of inequality. Kuznets validates his theory about
inequality progress during economic development phases on available historical data sets
from the 19th and most of the 20th century. Unfortunately, the Kuznets curve is not able to

sufficiently explain the phenomenon of increasing inequality since the 1970s. This fact
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stimulated a new stream of inequality literature trying to explain the processes of the last
decades. We summarize most of the inequality literature in Chapter 4.

This dissertation is inspired by the literature related to Galor and Moav (2004), who
formulated a model explaining economic processes over the long run, which seems to be
valid also for recent decades. Their explanation is based on the relative rate of return between
human capital and physical capital. They find that physical capital is scarce in the early
stages of industrialization, so the rate of return to human capital is lower than the rate of
return to physical capital. The process of development is fuelled by physical capital
accumulation in the early period. On the other hand, in the later modern development phase,
like after the 1970s, the human capital emerges as a growth engine with an increasing rate
of return relative to physical capital. Therefore, if inequality harmed the accumulation of
human capital, it would inhibit economic growth as well. Later, our analysis is also inspired
by the literature providing evidence for the importance of human capital formation in the
form of education as a positive determinant of development. Most of this literature is based
on the endogenous model by Lucas (1988) or Romer (1990) and the contribution of Mankiw,
Romer, and Weil (1992) to the Solow model (1956).

The theory of human capital, which started with the pioneering work of Schultz
(1961) and Becker (1962), plays an important role in the formulation of the model by Galor
and Zeira (1993). Their general equilibrium model with overlapping generation under the
condition of imperfect capital markets describes the relationship between the accumulation
of human capital and income or wealth inequality. They argued that income distribution
influences macroeconomic statistics through unequal investments in human capital. The
theory of Galor and Zeira (1993) has common foundations with the literature dedicated to
the persistence of inequality over generations, also known as the social mobility issue
(Kearney and Levine, 2014). The literature provides more alternative models supporting the
idea that greater inequality might reduce economic growth. Recent findings of OECD (2015)
show that the effect of reduced investments to education may cause significant loss of human
capital with more serious effects among developed countries. These findings are supported
by Voitchovsky (2005), who found that inequality at the top of the distribution is positively
related and inequality at the bottom of the distribution is negatively related to economic
growth. This hypothesis was later supported by the interesting contribution of Huffe et al.
(2018) into the topic of unfair inequality. The theory of imperfect capital markets implies

that individuals with lower wealth, income, or social background have reduced or more
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expensive (loan) possibilities to afford worthwhile investments in education (Galor and
Zeira, 1993). In such an environment, lower parts of the distribution, mainly the poor, are
disqualified from getting education corresponding to their potential, and so the economy
loses potential talents and productive factors.

Different streams of literature seem to be linked in some points with Galor and
Moav’s theory (2004). The human capital rate of return increased proportionally to physical
capital since 1970, and the importance of skilled labour increased in the development process
according to the economic growth literature review by Flabbi and Gatti (2018). What is
more, regarding the income divide between skilled labour groups, the relative quantity of
high-skilled labour has increased substantially, and the skill premium, which is the wage for
high-skilled labour relative to that for low-skilled labour, has grown significantly since 1980.
Krusell et al. (2000) claim that under the capital-skill complementarity, changes in observed
inputs alone can account for most of the variations in the skill premium over the last 30
years. Skill-biased technological progress favours high-skilled labour in novel industries,
when the skill-biased revolution triggers reallocations of capital from slow- to fast- learning
workers, thereby reducing the relative wages of employees from old industries (Caselli,
1999). Moreover, an increase in the rate of technological progress raises the return to ability
and simultaneously generates wage inequality between high-skilled and low-skilled workers
(Goldin and Katz, 2009). Consequently, income inequality research expresses a concern
about increasing inequalities, which could potentially inhibit economic growth through low
equality of opportunities transmitted to the next- generation (Atkinson, 2015). The
accumulation of human capital among the lower parts of the distribution is reduced with
potentially negative consequences on economic growth (Voitchovsky, 2005). Recently,
Lankisch et al. (2019) provide evidence in favour of the fact that automation is related to
increasing output per capita, declining real wages of low-skilled workers, and rising wage
premium for higher education on empirical evidence from the United States since the 1970s.
They also provide immediate policy conclusions based on an empirical study that
investments in higher education can help to soften the negative effects of automation.

Literature already provides several approaches and a number of robust results about
the interrelation between inequality, human capital, and economic growth. We contribute to
the present state of the art by introducing advantageous features of the nonparametric
approach into this debate. The nonparametric approach provides, in comparison to the
previous methodology, the advantage of identifying of the world technological frontier under
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the multiple outputs and multiple input technology setting. Another advantage is the
decomposition of a relative intertemporal efficiency change of a country into the
contribution of the technological frontier shift and the contribution of the movement towards
the frontier. We base this dissertation methodology on the work of Henderson and Russell
(2005) and Fare et al. (2018). Both take advantage of a technical efficient frontier
construction typical for non-parametric methods based on the data envelopment analysis
model. Data envelopment analysis intertemporal decomposition allows us to decompose
productivity growth into the movement of the economy towards the technology frontier and
the shift of the frontier with ascribing productivity growth contribution to inputs and outputs
of the individual economy (Luptacik and Mahlberg, 2011).

This dissertation aims to contribute to the existing literature in two ways. In the first
step, we modify the nonparametric decomposition by Henderson and Russell (2005). The
modification of their model is based on the use of labour with high- and low- skills instead
of labour augmented by human capital (Hall and Jones, 1999). By doing so, we partly avoid
the discussion about the reliability of education quality while using the average years of
schooling. An internationally standardized scale of educational levels provides an education
measure comparable between countries, which was demographically back-projected by Lutz
et al. (2008) back to 1960 for a wide range of countries. Our motivation to modify the
educational measure comes from the research by Lutz et al. (2008) or Flabbi and Gatti
(2018), who base their analysis of economic growth on detailed data about the level of
education instead of Mincerian returns to education. Using the recent dataset of Lutz et al.
(2018) we find that the contribution of high- and low- skilled labour to productivity growth.
Secondly, we employ the modified nonparametric decomposition by Fare et al. (2018) to
analyse the process of human capital accumulation. The reason to modify this method is to
reveal the contribution of increasing inequalities to the accumulation of human capital. This
idea is inspired by the theory of Galor and Zeira (1993), who argue that in imperfect capital
markets, increasing inequality decreases investment in education because a smaller fraction
of the population can afford to educate their children. Thus, in this situation, higher
inequality hampers the accumulation of human capital, which could have detrimental effects
on economic growth.

This dissertation thesis is composed of 8 chapters. Chapter 2 is dedicated to the
description of the recent development of inequality, the theoretical concepts of inequality,
and an alternative measurement of inequality. Chapter 3 shortly characterizes simple
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economic growth approaches and the importance of human capital formation for economic
development. Chapter 4 reviews the literature on the possible relationship between
inequality and economic growth. The Chapter 5 is dedicated to the main aim of our research.
Later, the nonparametric methodology is explained in Chapter 6. We gradually introduce
simple models and explain the principles and our modifications of intertemporal
decompositions by Henderson and Russell (2005) and Fare et al. (2018). Chapter 7 presents
our empirical results from three different panels covering the period between 1970-2010.
And finally, the last chapter concludes our findings and discusses possible improvements

and future research challenges.

2  Economic inequalities

As Atkinson (2015) quotes in his recent book "beyond the average level of income
economists are interested in inequalities”. Distribution of income among the country
population has attracted attention for a long time, but only in the last decade, this issue started
to be treated with serious concerns. While the income inequality between countries seems to
diminish gradually, the gap between rich and poor within countries has deepened since the
1970s (Atkinson, 2015). Naturally, within-country inequality is treated more sensitively than
the one between countries. Inequality within-country leads to consequences which can be
easily observed in citizens' personal stories. People derive their happiness not from the
absolute level of their consumption but from how their consumption compares with that of
the people around them (Weil, 2013). That is why the increase in within-country inequality
attracts so much attention.

To start a debate about the issue of inequality, it is important to admit that the reason
why income inequality exists is derived from differences in our basic characteristics so that
there does exist fair and unfair inequalities. It is natural that if two individuals differ in
productivity of their work, they will differ also in income and wealth (Weil, 2013). If they
differ solely in their inborn abilities, people are unequal in economic point of view fairly.
On the other hand, if your income is determined by your social background, there is unfair
inequality. It is unfair if the starting point which disqualifies individuals to get productive
factors is distributed unequally (Atkinson, 2015). Inequality of opportunities use to persist
over generations and reduces social mobility (Kearney and Levine, 2014). On the other hand,
Piketty (2014) argues that outcome inequalities are both necessary to incentivize individuals
and may comply with the requirements of justice in a market economy (Piketty, 2014).
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Along the philosophical theories of distributive justice differentiate between fair (justifiable)
and unfair (unjustifiable) inequalities. A very recent contribution to this stream of literature
provides Hufe et al. (2018), who define the measure of unfair inequality by reconciling two
prominent fairness principles, namely equality of opportunity and freedom from poverty into
the joint measure. Their work highlights that we should be concerned not about inequalities
in outcomes per se, but that we should rather focus on the sources of outcome inequalities.
Unfair sources of inequality shall be eliminated completely while fair inequalities ought to
persist. So that eliminated shall be unfair inequalities rooted in factors beyond an individual
control like limited social mobility, gender pay gap, or racial disparities. Hufe et al. (2018)
provide two empirical applications. Firstly, they find that unfair inequality doubles when
complementing the concern for unequal opportunities with a concern for freedom from
poverty among a sample of European countries. Secondly, they found that the inequality
expansion from the early 1980s up until the beginning of the 1990s was largely due to the
expansion of fair inequality in the United States. On the contrary, since the beginning of the
1990s, the majority share of inequality increase is considered to be unfair, driven by
increasing violations of inequality of opportunities and freedom from poverty. Therefore,
they argue that the inequality debate should focus more on the lower tail of the distribution.

The main point discussed in the following chapters is the idea that there could be
unequally distributed opportunities among the population resulting from unequally
distributed outcomes (Atkinson, 2015). These circumstances could lead to reduced
formation of human capital through lower investment to the education. Reduced schooling
would consequently enter the endogenous growth theory (Romer, 1986, Lucas, 1989) with
potential endangered potential economic growth. We can find features of this hypothesis
even in the work by Becker (1962). Becker claims that people do rational decisions about
their investment to education via optimization between present costs and the sum of expected
future returns. So that if under the present unequal circumstances an individual bears
relatively higher costs with limited sources, the individual will more probably limit an
amount of gained education in the lower tail of income distribution. This notion is described
well in the theory of imperfect capital markets by Galor and Zeira (1993).

Regarding the inequality trends in recent decades, two questions use to be discussed
repeatedly. First one asks why the within-country inequality has increased in the last decades
so much among the developed world and the second one wonders whether increasing

inequality is beneficial or instead prohibitive to economic growth. The literature is very
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complex in this field and results use to be ambiguous and depend strongly on the formulation
of hypothesis, data availability, and methodology used. In the next section, we describe the
actual situation and trends in inequality between and within countries. We also provide an
analysis of theoretical concepts and consequent applied empirical research in this area.

The development process of between and within-country inequality was for a long
time described by the famous Kuznets's theory. His theory implies that if we display the
level of inequality as a function of development in gross domestic or national product per
capita, the data traces out an inverted-U shape curve (Kuznets, 1955). The relevance of the
Kuznets's theory was approved by the 19"- and 20"-century data. It describes well the
development path during the era of industrialization in most of developed countries. The
shortcoming of the basic Kuznets theory started in the second part of the 20" century. It
seems to be valid only untill the 1970s when within inequality started to rise again in the
most of world advanced economies (Piketty, 2014). This fact indicates that the theory about
the basic Kuznets curve deserves more attention. Recent literature and empirical research
based on the longitudinal sets of historical data describe the phenomena of inequality
development as Kuznets cycles, rather than single Kuznets curve. The new cycle occurs with
the emergence of a new technology revolution (Milanovic, 2016). It is the reason why
Milanovic divides history to the preindustrial period with stagnating income per capita when
the Kuznets cycles did not exist at all. Later, he names the industrial period with rising
average income during the first and then second technological revolution described in the
original Kuznets curve. During the technological revolutions not only GDP per capita
increased, but also inequality did. The second part of the Kuznets curve captures the period
between world wars and later, during the 1970s begins the next technical revolution based
on the invention of semiconductors, computerization and resulting digitization of the
economy.

The period, when the average income did rise and its inequality did as well, can be
explained very naturally. Higher total income in the economy allows a certain part of the
population to enjoy higher income without driving anybody else below an absolute
starvation point. Higher total income simply gives more "space" for an increase in inequality
assuming that everybody has at least the subsistence income. This process is well described
by Milanovic et al. (2011) as the "inequality possibility frontier".

Milanovic further defines two types of forces (malign and benign) responsible for

downward movements in inequality. Malign forces are characterized by idiosyncratic events
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such as occurs during wars (higher taxation for military purposes and reconstruction of after
damage) civil conflicts (state breakdown), natural catastrophes, or epidemics. These events
occur in societies with stagnant but also rising mean income. On the other hand, benign
forces lead by social pressure through politics (socialism, trade unions), widespread access
to education, ageing population (demand for increased social transfers, progressive
taxation), and theoretical concept of technological progress that favours low-skilled workers.
Benign forces are recognized only in societies with rising mean income (Milanovic, 2016).

It seems to be beyond the power of the simple Kuznets curve to explain upswing in
inequality within rich countries after the 1970s. The consequent literature based on the skill-
biased technological progress pioneered by Tinbergen (1975) advanced by Galor and Moav
(2004) or later contributed also by Goldin and Katz (2009) reacted on the inequality rise in
recent decades. The Race between Education and Technology together with theories about
the accumulation of human capital offer one possible explanation for the increase of income
inequalities within developed countries in the last decades. The following section is

dedicated to the characterization of the phenomena of inequalities.

2.1 Inequalities of what and among whom

In the following paragraphs, we start the discussion about inequalities by description
of its basic dimensions. In general, we could understand inequality as unequal distribution
of any object among any population. Moreover, economic inequality has also different
nuances and specific definitions occurs in the literature. Because every individual hypothesis
is based on the narrow interpretation of inequality, specification of inequality is a key
determinant for comparison between available empirical studies. In this section, we present
the main forms of inequality important for further analysis. There are two main questions
we need to ask about the inequality. It is important to know, the inequality of what do we
measure, and who is the object among whom the inequality is measured.

Inequality among Whom? Atkinson (2015) summarizes the fact that there are many
possibilities of how to measure even simple income inequality. Firstly, the researcher needs
to define units of analysis. The main population units under consideration are mostly
households, but inequality also use to be measured among different individuals. Definition
and changing structure of households is constantly under discussion. Usually, the basic
building unit, the family, has changed over the past thirty years. For instance, in many OECD
countries the fertility rate has been persistently low with marriage rates down and high level
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of divorce rate, what lead to the trend of smaller, sole-parent or reconstituted families
(OECD, 2011b) with increased assortative mating causing concentration of high-income
couples (The Economist, 2017).

What is more, within the unit of a household, there may be distinct families, and
within those families, we may distinguish different generations. As in the literature, the
choice of a unit depends on the extent to which members of the household share equally its
resources. Later, it depends also on the notion of control over these resources in the unit and
on the degree of individual dependence. ldeally, all these should be taken under
consideration, while deciding whether to count specific groups like grown-up children still
living at home or elderly parents living with their children in the household unit. This issue
is often neglected in public discussion (Atkinson, 2015) and may vary between scientific
papers.

Inequality of What? The crucial point of any inequality analysis is to know the
distribution of what we are concerned. On top of this, there are two main concepts for
inequality in economics. Inequality of output and inequality of opportunities as two basic
economic concepts. This differentiation is very important for our analysis in the following
chapters. Both types of inequality are interrelated through the social mobility issue which is
in the centre of discussion about economic development and poverty (WEF, 2020).

Later, the inequality of economic output concept continues into the discussion
whether to focus on income, wealth, or consumption is the key indicator of true economic
inequality. Standardly, the inequality is measured by the income of households. Because of
the ambiguity of the right measure of inequality and its measurement method, we avoid
estimation of inequality in this dissertation and use standard sources of inequality measure.
We use a very standardized database with a harmonized Gini index of household income
among world countries, based on historical national surveys. Regarding the measuring
household income, Atkinson (2015) provides a very comprehensive schema of such a
process with the aim of finding the total income of a household. To find the household
income, we firstly add up earnings of every household member. Those earnings include not
only the wages and salaries received by employees, but also the incomes of self-employed
people, income from savings, which may take the form of interest (bank accounts or bonds),
or maybe dividends on shares, or rent on property owned. So far, the sum of incomes
represents the "Household market income". Later we add transfer payments received from

private bodies, such as a pension, and state transfers from the government to get "Household

30



gross income™. Additionally, if we subtract income tax and other direct taxes, such as social
security taxes, it gives "Disposable household income”. After the raw household incomes
are set, it is needed to account for differences in household size and its composition. The
measure of family size is not taken on a per capita basis, but rather on the standardized
economies of scale. Such a measure is called "Household equivalized disposable income".
Finally, Atkinson provides the concept of "Household extended income”, which we get if
the value of public services, such as health, education, and social care can be taken under
consideration (Atkinson, 2015).

The literature often discusses the important issue of national survey data
representativeness on bottom and mainly on the top tail of the distribution. Benhabib et al.
(2017) or Hlasny and Verme (2018), for all, find the biases on the measurement of inequality,
especially for top earners. They also propose post-survey data adjustments, which are
beyond the needs of this dissertation.

Less standard concept of measuring inequality is the distribution of consumption.
This stream of inequality literature is based on criticism on income inequality which is
poorly measured and does not accurately reflect true inequality. From all, we would mention
the interesting finding of Meyer and Sullivan (2017), who use US consumption survey data
for the last 50 years to emphasize differences between income and consumption inequality.
They argue that US income inequality increased at a higher pace than its consumption
equivalent and that income inequality rose in both halves of distribution while consumption
inequality deepened only among rich.

Another concept of output inequality copes with wealth inequality which is usually
higher than its income measure. We analyse the concept of wealth inequality in Section 2.4,
where we compare it with income inequality on real data.

Finally, the last concept of inequality we would like to introduce is the inequality of
opportunities. The theory based on the unequal distribution of opportunities focuses on the
input side rather than the distribution of economic outcomes. This concept is important to
provide a theoretical connection between the persistence of inequality between generations
(Atkinson, 2015) and investments to human capital theories (Becker, 1962 or Galor and
Zeira, 1993). This connection aims to be crucial to explain the interrelation between income
inequality, human capital accumulation, and consequent economic progress. To the
formalization of such models, we devote Section 2.3. The following section is dedicated to

basic ways on how to measure and express inequalities by simple indicators.
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2.2 Measuring inequalities

In practice, several inequality indicators can be found across the economic literature
more frequently. It is striking that far the most popular measure of inequality is still the Gini
coefficient by Corrado Gini (1912) It gains the popularity for its simple description of Lorenz
curve (Max Lorenz, 1905) by a single number from an interval between 0 (perfect equality)
and 1 (perfect inequality). 100 years later, our technology provides enormous data
availability which offers much more composite measures, but once we want to cover
historical data, Gini is the only option. On the other hand, we follow two trends in recent
inequality measurement literature. The first one is an emergence of big datasets covering
microdata on the national level represented by national censuses, surveys, or other
government administrative data. Secondly, the recent advancement of technology allows to
harmonize national microdata between countries. This data advancement stimulated the
creation of the world income distribution presented in publications by Milanovic (2016) or
Atkinson (2015). Their research based on the changes in the world income distribution
represents an important and interesting source for economic analysis. It is interesting to
follow winners and losers of the age of globalization and to find out the progress of which
population parts of world nations are responsible for bridging the income gap between
advanced and developing countries. This dissertation composes panel since 1970 and tries
to cover a wide range of countries. Therefore, our analysis is based on a simple Gini
coefficient which describes within-country disposable income inequality of households.
Nevertheless, we would like to describe also other income distribution measures for deeper
analysis in the next chapters.

For a better understanding of more complex dimensions of income distribution, we
present several alternative indicators that could bring more light in additional analysis and
discussion part of the dissertation. The reason we do not use these alternative indicators in
our model is their seldom availability for even number of developed countries. As we already
mentioned, inequality measures are in general aimed to describe the distribution of an object
among the population. Present inequality measures are derived from national censuses
datasets which are designed to reveal the distribution of income or wealth indicators on
individual household level. In the following parts, we shortly introduce several usually
available measurements of inequality and we directly apply real historical data from the
United States and the United Kingdom to display recent inequality trends. Hence, the Gini

index is used the most often, literature offers other several measures.
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Firstly, quantile shares use to be often employed. For illustration, we provide some
examples of quantile indicators applied in empirical studies. The income share of the fourth
quintile on the whole population is for instance used in Persson and Tabellini (1994) while
Alesina and Perotti (1996) analysed the impact of the income share of the third quintile on
economic development. Another very popular indicator of inequality is the share of the top
1, 5, or 10 percent of the population. These measures are used mainly when speaking about
the effect of top earners or about the concentration of especially wealth by a very narrow
group of privileged people (Aghion et al., 2019). Later, a very comprehensive measure of
inequality for only a part of income distribution is the ratio of quantile shares. VVoitchovsky
(2005) used 90 to 75 and 50 to 10 income shares to describe the upper and bottom tail of the
distribution. More standard are quantile ratios in the proportion of 80 to 20 or 90 to 50 ratios
(Atkinson, 2015).

Apart from the Gini index, literature provides some other index and coefficient
measures like Theil index (Theil, 1967; Cowell, 2006), Atkinson index (Atkinson, 1970) or
Robin Hood index (Kennedy et al., 1996) with their specifics. Later, Clarke (1995) used the
advantage of the simple variation coefficient of income distribution for economic
productivity analysis. Furthermore, the measure of the poverty rate needs to be mentioned
as one of the most important inequality indicators. The poverty rate can be recognized as
absolute poverty when speaking about the poor between countries and as relative poverty
derived from the within-country distribution of income (Fosu, 2011; OECD, 2015).

Relative poverty measures, as well as some other inequality variables, are exhibited
in the following section to describe a complex picture of inequality to see behind the single

measure of the Gini coefficient.

2.2.1 Measuring inequality on real data

The period between the 1970s and the present time can be characterized by the global
increase of in-country inequalities. Atkinson (2015) presents the development of inequalities
during this period in the United States (US) and the United Kingdom (UK) as countries with
the most complete historical data sets. A recently constructed dataset by Atkinson et al.
(2017) reveals an interesting insight into statistics of inequality, which provides more detail
than a single measure of the Gini index. It allows us to see whether the increase in overall
inequality was stimulated by the upper or lower part of the distribution. They harmonize
time series for 25 world countries and control for other indicators that capture changes in the
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distribution of income. Some of these countries do not contain all indicators, but this dataset
brings a new viewpoint on inequalities development in the last decades as we show in the
next paragraphs.

In the following Figure 2.1 we present probably the best collected data for the United
States. In the beginning, we see that the basic inequality measure of the Gini index describes
the increasing trend in inequalities since 1970. Gini coefficient of overall income inequality
increased from 37 to more than 45 in 2015. The next question naturally could be, which part
of the income distribution did cause the change in The Gini index? The poverty rate which
describes the share of population living in households with pre-tax cash income below the
official poverty line has increased slightly. While more than 17 percent of US citizens lived
below the poverty rate in 2014 these numbers oscillated around the level of 15 percent during
the first years of the 1980s and the half of the 1990s. The right tail of the distribution is
described by the share of the top 1 percent in gross income measure (tax units, excluding
capital gains). It is obvious that the top 1 percent income share increased significantly. It
increased during 45 years in the United States from almost 8 percent to more than 18 percent
in 2015. We see disproportional gains from economic development even from these 2

indicators.

Figure 2.1 Inequality indicators for the United States (P90/P50 ratio on the second axis)
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Later, the anatomy of distribution is captured well by the dispersion of earnings. The
so-called dispersion of earnings is depicted as a blue line on the second axis. This ratio of

34



earnings at the top decile and the median earnings increased significantly in the US during
the recent 45 years. In 1970 the top decile earnings represented 185 percent of the median,
but in 2015 the number increased to 247 percent. From the descriptive analysis of simple
indicators, we see that the US inequality has increased in the recent 45 years in favour of the
right tail of the distribution. In other words, the rich people represented by the upper decile
or top 1 percent of the population, benefited the most from economic growth in recent
decades, while keeping the poverty rate at relatively constant numbers (Atkinson et al.,
2017).

The tendency of rising inequalities is slightly different in the case of the United
Kingdom. While the Gini index increased from around 25 to more than 34 between 1970
and 2015, the major of this sharp rise happened just in nearly 10 years. The 10 points jump
in the Gini index (from 24 to 34) can be observed between 1978 and 1991. After its strong
growth, the Gini index oscillates around 34 points till 2015 in the UK. Comparing the Gini
indexes between the UK and the US we see that the actual income inequalities are on the
level of the US at the beginning of the 1970s. From the other inequality indicators, we see
that the Gini sharp growth is followed by a significant increase in the share of population
under the poverty line between 1982 and 1992. Poverty measure increased from more than
12 to 22 percent. Since the top in 1992 poverty rate decreased to the present value of almost

16 percent.

Figure 2.2 Inequality indicators for United Kingdom (P90/P50 ratio on the second axis)
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On the right end of the income distribution, we see the UK inequality behaved
similarly as in the US. We can note the increase in the share of the top 1 percent. The share
of the top 1 percent in gross income was around 6 percent at the end of the 1980s and
gradually culminated before 2008 at the level of 15,5 percent. After the financial crisis, this
indicator declined by nearly 3 percentage points. Later, the earnings dispersion indicator,
depicted on the right-hand axis, tells a similar story as in the US case. The ratio of earnings
at the top decile and the median earnings increased between 1974 and 2015 by 30 percentage
points. Its level was 165 percent in 1974 and culminated around 200 percent in 2011.

In the UK as well as in the case of the US, inequality favoured the upper tail of the
distribution. Both countries experienced an increase in the income share of the top 1 percent
and in the earning dispersion. The main difference between countries is their average level
of inequalities, which is higher in the US. The second difference comes from the statistics
about the poverty rate. While its level was during the whole period increasing only slightly
in the US, the UK experienced its peak at the beginning of the 1990s and later downturn.
Furthermore, in the case of the UK, there is a relatively stagnant Gini index since the
beginning of the 1990s and stagnant earnings dispersion since 2005.

We introduced these additional inequality indicators to broaden the basic Gini
coefficient analysis for later discussion of our results. Moreover, this section will be helpful
in the following section dedicated to the actual literature about inequality of income, wealth
and social mobility.

2.3 Inequality of income, wealth and social mobility

A very important topic not only for this dissertation is the theory about persistence
of income inequalities among generations. Literature provides strong arguments that
available resources during the individual's childhood significantly influence the level of her
or his ability to adoption high skills. What later, in adulthood, determines an individual's
income and consequently an overall inequality among generations. Atkinson connects the
inequality of opportunity and outcome in social mobility issues. He claims that inequality of
outcome directly affects equality of opportunity. Or in other words, that beneficiaries of
inequality of outcome today transmit an unfair advantage to their children tomorrow
(Atkinson, 2015). Concern about unequal opportunity, and limited social mobility, has

intensified as the distributions of income and wealth have become more unequal. The broad
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literature was dedicated to the topic of social or economic mobility in recent decades (Corak
(2006), Benabou and Ok (2001), Fernandez, Guner, and Knowles (2005))

The issue of social mobility (Lipset and Bendix, 1991) comes to the center of
economic discussions because of the loss of potential talents in the form of human capital in
unequal societies. Not only Kearney and Levine (2014) find that higher rates of income
inequality might lead to lower rates of upward mobility through lower rates of human capital
investment among low-income individuals. The World Economic Forum run yearly Global
Social Mobility Index (WEF, 2020) for 82 countries with the top scoring European Nordic
countries indicating the highest social mobility.

The concept of social mobility between generations can be understood in relative or
in absolute terms. While the discussion in this regard is largely connected to the economic
circumstances, it can be measured in reference to a wide range of outcomes, such as health
or educational achievement in addition to income levels. Social mobility can also be
understood as moving "upward" and "downward" while people's circumstances become
better or worse off than those of their parents or within their lifetimes. World Economic
Forum differentiates intragenerational mobility as the ability for an individual to move
between socioeconomic classes within their lifetime and intergenerational mobility as the
ability for a family group to move up or down the socio-economic ladder across the span of
one or more generations. This concept is further extended on absolute and relative measures
and education or income dimensions. Absolute income mobility is defined as the ability for
an individual to earn, in real terms, as much as or more than their parents at the same age.
Later, the relative mobility in education indicates how much of an individual’s educational
attainment is determined by the education of their parents (WEF, 2020).

What is more the low level of social mobility leads to persistence in the accumulation
of wealth among generations. This consequently leads to an additional increase in inequality
of opportunity for the next generations. The effect of social mobility was recently examined
by Benhabib et al. (2019) on the parsimonious macroeconomic model of the distribution of
wealth in the United States. Unpleasant correlation between inequality of output and
inequality of opportunities or income inequality and social mobility can be minimized by
government interventions. Hassler et al. (2007) claim that public subsidies to education and
educational quality produce cross-country patterns with a negative correlation between
inequality and mobility and for that reason it diminishes the negative effect of
intergenerational persistence of inequality. OECD (2011a) later finds that the relationship
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between parental or socio-economic background and offspring educational together with
wage outcomes is positive and significant in practically all OECD countries for which
evidence is available. They recommend to support higher enrolment in childcare and early
childhood education, because it correlates with a lower influence of parental socio-economic
background on a teenagers' cognitive skills. These policies are likely to be most efficient
when they are targeted to children from low-income or second-language families.

Castello (2010) summarizes that the most important influence on social mobility has
access to education. The second determinant of economic mobility is the nature of a country's
institutions and government. And the third determinant of economic mobility is the nature
of marriages in a country also known as assortative mating. Already Becker and Tomes
(1986) emphasized on the importance of educational policies on intergenerational
transmission of human capital and the importance of family backgrounds in affecting human
capital investment. This notion gradually continues to the theory about the accumulation of
human capital, which describes the choice of whether to invest in human capital. The
decision about years dedicated to education is based not only on available resources, but it
takes into consideration also the sum of life incomes from the additional year of schooling
(Becker, 1962). We describe this stream of literature in Section 4.3.

In this part, we wanted to underline the importance of distinguishing between
inequality of opportunity and inequality of outcome regarding the economic mobility effect
on the accumulation of productive factor of human capital. Equality of opportunity would
be achieved when circumstances out of individuals control do not play any role in the
resulting outcome. Using Atkinson's words, inequality of opportunity is essentially an ex-
ante concept, meaning that everyone should have an equal starting point. It is the existence
of a highly unequal distribution of prizes (outcomes) that leads us to attach so much weight

to ensuring that the “race” is a fair one (Atkinson, 2015).

2.4  Current Discussion on Inequalities

The recent World Economic Forum (WEF, 2020) emphasized increasing inequality
as one of the main issues of the present world. Positively, trends from the last decades show
that countries become more equal in the meaning of income per capita, so that between
countries inequality decreases. On the other hand, increasing inequality within countries
might cause serious economic consequences. International forum sees in increasing

inequality a potential source of "risk of social unrest"”, “risk of populism" and "migration™ to
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the future. Later, they point on decreased social mobility which undermines the economic
potential of countries. To support equality of opportunities for youth from different social
backgrounds is a policy recommendation how to fight mainly within-country increasing

inequalities.

2.4.1 World wealth inequalities

The overall world inequality is illustrated well on the inequality of wealth between
developing world regions and super-rich individuals. While inequalities between countries
are decreasing, actual inequality is enormous, what brings heterogeneity to other models.
Attractive estimations of world wealth inequalities have been presented by several
institutions in recent years (Oxfam, Credit Suisse, World Bank). On the other hand, the
income inequality comparison for a long-time span is a challenge from methodological point
of view. Even if it is difficult to harmonize purchasing power parity between countries and
to control for constant prices at the same time some, databases managed to assemble the
World Income Inequality Database (Solt, 2016). In this section, we present finding about
between countries inequalities.

Oxfam considers the present trend in economic inequality to be out of control. Their
main message from the last WEF is supported by many inequality statistics. Oxfam
compares income and wealth distribution data among the world regions and provides
arguments about deepening wealth inequality between the richest and the poorest which may
have alarming impacts on the future. They claim that in 2019, the world's richest 1% have
more than twice as much wealth as 6.9 billion people. Later, they estimate that the world's
billionaires, only 2,153 people, had more wealth than 4.6 billion people in 2019 and only 22
richest men in the world own more wealth than all the women in Africa. These facts
underline the existence of extreme wealth concentration and at the same time the great world
poverty (OXFAM, 2020). The Credit Suisse wealth monitoring of world wealth distribution
provides alarming statistics, when the bottom half of wealth holders collectively accounted
for only less than 1% of total global wealth in 2019. While the richest 10% own 82% of
global wealth and the top 1% alone own 45% (Credit Suisse, 2019). The great gap in the
present world wealth distribution is also documented in the new World Bank estimates
(Lange et al., 2018), which show that almost half of the world's population lives on less than
$5.50 a day, and the rate of poverty reduction has halved since 2013 (OXFAM, 2020). As
would be expected wealth inequality is lower within individual countries. Typical average

39



values for individual country wealth distribution would be 35% for the share of the top 1%
and 65% for the share of the top 10%. But these levels are still much higher than the
corresponding figures for income inequality, or any other broad-based welfare indicator
(Credit Suisse, 2019).

The regional pattern of wealth distribution can be explored further by assigning
adults to their corresponding global wealth positions as do Milanovic (2010) with
comparable incomes of households. Credit Suisse calculations indicate, for example, that a
person needs net assets of USD 7,087 to be among the wealthiest half of the world citizens
(in 2019). However, 109,430 USD is required to be a member of the top 10% of the global
wealth holders, and 936,430 USD to belong to the top 1% (Credit Suisse, 2019).

2.4.2 Advanced countries and inequalities

Inequality trends in the advanced part of the world are well documented by OECD
reports. In the following section, we mostly summarize recent findings about increasing
income inequalities and the distribution of wealth within advanced countries.

In the most advanced countries, the gap between rich and poor is at its highest level
for the last 30 years. Income inequality increased in OECD countries in good times as well
as in bad times. Today, the richest 10 percent of the population in the OECD area earn 9.5
times the income of the poorest 10 percent while in the 1980s this ratio stood at 7:1 and has
been rising continuously. Incomes at the bottom grew much slower during the prosperous
years and fell during downturns (Cingano, 2014). Other measures of inequality also support
the general picture of increasing inequality. The Gini coefficient of income inequality stood
at 0.29, on average, across OECD countries in the mid-1980s. But by 2013, it had increased
by about ten percent or 3 points to 0.32. Inequality increased in 17 of the 22 OECD countries
for which long-time series are available. In emerging economies levels of inequality are
generally higher than in OECD countries (0.5 in Brazil and many other Latin American
countries, with the highest 0.7 inequality in South Africa) (OECD, 2015).

People with skills in high demand sectors like IT or finance have seen their earnings
rise significantly faster, especially at the very top end of the scale, where performance-based
pay and bonuses have become widespread. Meanwhile, at the other end of the distribution,
wages of workers with low skills have not kept up this pace. In three-quarters of OECD
countries, household incomes of the top 10% grew faster than those of the poorest 10% in
the two decades prior to the global economic crisis (OECD, 2015).
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We shortly describe increasing income inequality among the world’s most developed
countries over the last decades in the following figures. Disposable household income
inequality measured by the Gini index demonstrates increasing within-country inequality
since the 1970s or 1980s in some countries. Figure 2.3 is dedicated to a sample of the most
developed countries since the 1970s. We see that probably except Germany, all of these
countries have experienced a continuous increase in income inequalities since 1970 or 1980.

Figure 2.3 The Gini index of disposable household income among a sample of OECD
countries
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You probably recall that levels of inequality are different than those from the
previous chapter. The reason is a different source of data. While in the previous section we
use the original data from Atkinson's (2015) database, we use the advantage of the
Standardized World Income Inequality Database by Solt (2009) in the following figures.

Later we focused our attention on Slovakia and its neighbouring countries. Figure
2.4 depicts data from mostly former communist countries (Slovakia, Czech Republic,
Poland, Hungary, and Slovenia), so the increase in inequality after 1989 is expected. But we
see that the same increase can be observed also in the case of democratic Austria.
Unfortunately, data for small countries and those with communist history are limited, that is

why they are not present in all outcomes of our later empirical analysis.
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Figure 2.4 The Gini index of disposable household income among V4, Austria and
Slovenia
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Later, we summarize wealth inequality among the developed world. Naturally,
wealth inequality is among OECD countries distributed more unequal than income. The
picture about wealth inequalities among advanced economies can be described through the
household wealth distribution from the second wave of the OECD (2020) Wealth
Distribution Database. Firstly, they estimate that wealth concentration is twice the level of
income inequality across the 28 OECD countries covered. The wealthiest 10% of households
hold, on average, 52% of total household wealth, while 60% of poorest households own
slightly over 12%. What is more, up to a quarter of all households report negative net worth
in several countries. Besides, some countries indicate large shares of households with high
levels of debt relative to both their incomes and the assets they hold. More than one in three
people are economically vulnerable, as they lack liquid financial assets to maintain a
poverty-level living standard for at least three months Balestra and Tonkin (2018). These
findings are crucial determinants for children opportunities in such households. That is why
the concern about equal opportunities regarding the accumulation of human capital is on the

place.

42



3  Theory of economic growth

Since the neoclassical models of Solow (1956), Cass (1965) and Koopmans (1965),
modern economy has focused interest on determinants of economic growth or on an
explanation which factors determine economic productivity differences between world
nations. In the previous chapter, we described the differences in average gross domestic
product per capita as a kind of world inequality or inequality between countries. The
objective of growth theories is to explain this kind of inequality between economies. Solow
(1956) defines the standard neoclassical production function with decreasing returns to
capital. He defines a growth model where inputs of labour and capital stock determine
economic output in the form of GDP. Production function with exogenously given rates of
saving and population growth determines the steady-state level of income per capita and so
the inequality between countries. Technological change was for decades modelled as an
exogenous factor. Technological revolutions were treated as a matter of coincidence or
luckily occurrence of scientific inventions.

Later, the endogenous theories by Lucas (1988) or Romer (1990) encouraged a new
stream of theories based on an idea, that the technical progress can be assigned to human
creativity, education, and scientific research. After the formulation of the first endogenous
models, the identifying economic growth key determinants has flourished. The period of the
1990s started with the extension of the basic Solow model by Mankiw, Romer and Weil
(1992). They took the basic Solow model seriously and used the already available datasets
to estimate his assumptions on real data. They found that the model is valid but there is
missing important factor of productivity in the form of human capital.

Empirical findings of Mankiw, Romer and Weil (1992) together with the formulation
of endogenous growth theories had been only the first step to the modern growth theories
published in the consequent decades of the 21% century. The following section shortly
describes the basic growth theories and presents also some findings from the modern growth
approaches based on the recently collected datasets (Lutz et al., 2008, Goldin and Katz, 2009,
Acemoglu and Restrepo, 2018, Flabbi and Gatti (2018) and many others).

3.1 Basic growth theories and introduction of human capital

As we already mentioned Robert Solow (1956) in his classic article proposed the

model of economic growth by assuming a standard neoclassical production function with
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decreasing returns to capital. He took the rates of saving and population growth as
exogenous. He showed that these two variables determine the steady-state level of income
per capita and so the inequalities between countries. Because saving and population growth
rates vary across countries, different countries reach different steady states. Later research
confirmed that predictions of the Solow model are, to a first approximation, consistent with
available empirical data (Mankiw et al., 1992). Weil in his textbook (2013) starts the
explanation of economic growth with the Solow model as basic Cobb-Douglas production
function (3.1) with properties of constant returns to scale and diminishing marginal product
where A is exogenously given technology, K represents capital stock and L labour or

population size:
Y = F(K,L) = AK*L1~ (3.1)

Later Mankiw, Romer and Weil (1992) reveals that the original Solow model based
on the population growth and the accumulation of physical capital does explain differences
among countries productivity better with including the quality measure of labour in the form
of the accumulation of human capital measured or approximated by the stock of education
(H). They show on empirical data that such a definition of the model (3.2) provides an
excellent description of the cross-country differences. The evidence indicates that, holding
population growth and capital accumulation constant, countries converge at about the rate
the augmented Solow model predicts. Mankiw, Romer and Weil describe the production as

follows:
Y, = KfHP (4,L) P (3.2)

and provide also the first estimations of elasticities for the basic production factors namely

capital stock (K), human capital stock (H) and labour or population (L):
Y = KY3H/3L/3 (3.3)

Their findings were under the discussion during the 1990s when the broad literature
covering growth models focusing on the importance of human capital, namely on education,
was in the centre of economic research. From all, we would mention contribution of only a
few of them. Benhabib and Spiegel (1994) reveal that schooling years display a positive
association with economic growth. Moreover, Lee and Lee (1995) report a significantly
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positive influence of secondary school test scores on economic growth. Later, Hanushek and
Kimko (2000) show that labour force quality measured by mathematics and science test
scores is growth-enhancing and a big number of other studies with a positive impact of
schooling on productivity differences between countries. On the other hand, studies like Bils
and Klenow (2000) were more sceptic about the findings based on Mankiw, Romer and Weil
(1992) estimates. They argue that the channel from schooling to growth is too weak to
plausibly explain more than one-third of the observed relation between schooling and
growth. They refer to the endogenous aspect of education. They claim that the cross-country
schooling—growth association does not primarily reflect the growth effect of schooling but
may partially be due to the impact of growth on schooling (Bils and Klenow, 2000).

After the construction of the first panel datasets, the picture about the essential role
of human capital in growth models became undeniable. For instance, using the panel
structured datasets, Barro (2001) confirms the positive schooling—growth nexus. De la
Fuente and Domenéch (2006) find that there is a systematic relationship between data quality
and the size of OLS estimated coefficient of human capital. They later provide evidence on
improved human capital dataset of 21 OECD countries to deliver findings that if educational
variables turn out to be insignificant or to have the “wrong” sign in growth regressions, it
can be attributed to deficiencies in the data and that improvements in data quality lead to
larger and more precise estimates of schooling coefficients in growth regressions. Moreover,
the significance of the schooling in growth regression using more sophisticated measures is
provided by Cohen and Soto (2007). They attempt to account for population structure while
constructing education variables and to cope with the issue of endogeneity. Their augmented
Solow production function that embeds the Mincerian approach to human capital delivers a
piece of evidence that the improved series of human capital are highly significant in growth
regression.

In this view, the work of Benos and Zotou (2014) is interesting. Their literature
review and meta-analysis of results covering more than 2 decades of papers focusing on the
relevance of empirical macroeconomic estimations about the relationship between education
and economic growth delivers an interesting overview. Analysis of 57 empirical studies and
989 estimations concludes that although there is substantial publication selection bias toward
a positive impact of education on growth, but once they account for this, the genuine growth
effect of education is not homogeneous across studies but varies in positive numbers

according to several factors. Specifically, it is attributed to differences in educational
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measurement and study characteristics. Mainly model specification as well as the type of
data used, and the quality of research outlets where studies are published (Benos and Zotou,
2014). While the magnitude of the human capital effect on economic growth and
productivity is uncertain and its marginal effect after incorporation of other factors is
discussed, the final effect of human capital on economic growth is according to broad
literature definitely positive. As Flabbi and Gatti (2018) summarizes: “Both theory and
evidence show that investing in human capital is a promising strategy to attain stable positive
growth. But the magnitude of the effects remains country-specific, varying based on the
population of interest, the policy under consideration, and the human capital component
considered”.

Later, Flabbi and Gatti (2018) describe well two-fold relation from human capital to
potential economic growth by distinguishing its direct and indirect effects. Firstly, the direct
effect implied by its accumulation of human capital analogous to physical capital

accumulation as in Lucas (1988):
Y = AF(K,vH) (3.4)

v denotes current stock of human capital devoted to production and the (1 — v) in (3.5)
represents the proportion devoted to further skill acquisition. There is the trade-off of
whether to invest present stock of human capital into further knowledge or skill acquisition
with an opportunity cost of not using it in production. The second part of relation is the

indirect impact of human capital on technology progress:
A=G[(1-v)H] (3.5)

human capital is an input that can be used to produce new knowledge 4, which then increases
Y through additional gain of skills (Flabbi and Gatti, 2018).

Research in recent decade was built on high-quality datasets covering a wide range
of countries. These datasets together with advanced models incorporate assumptions from
endogenous-growth theory presented in the next chapter. Endogenous growth models have
developed since Lucas (1988) and Romer (1990). Present models assume more complexity
of interrelations and view the technological progress as a process whereby purposeful
research and application lead over time to new and better products and methods of
production and also to the adoption of superior technologies that were developed in other

countries or sectors (Barro, 2013). Identifying the true effect of various definitions of human
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capital and the search for causality continue in the process of estimating more detailed and
more accurate data. The relatively new stream of human capital theories is based on the skill-
biased technological progress. This evolving stream of literature emphasizes the importance
of education quality of certain skills or knowledge for the invention of new technologies and
its following adoption by mass population with consequences on the distribution of income
and output (Goldin and Katz, 2009; Acemoglu et al. 2011, Acemoglu and Restrepo, 2018).

Recently, Flabbi and Gatti (2018) claim that "human capital investments produce
returns only if they generate valuable skills". Interesting stream of economic models based
on the labour specific skills is beyond the scope of this dissertation. At the end of this chapter,
we summarize the direct impact of human capital on economic output through increased
productivity of the labour activated in production. Moreover, we count for indirect impact
through influence of education and research on technological progress, which able to
increase the productivity of all the production factors. The interaction between physical and
human capital, affects the returns of a given mix of the two main production factors through
skill-biased technology (Flabbi and Gatti, 2018).

3.2 The accumulation of human capital

As we already described, human capital is widely regarded as a fundamental input in
the theoretical growth literature (Botev et al., 2019). The fruitful stream of literature
dedicated to the phenomena of human capital begins with the contributions of Schultz (1961)
and Becker (1962), who focused their research on the variability in productivity between
workers based on their qualities. They define human capital more broadly as the set of
knowledge, skills, competencies, and abilities embodied in individuals and acquired, for
example, through education, training, medical care, and migration.

Later, by the words of Barro (2013), the general label of human capital represents a
common pool of labour skills and personal qualities that make an individual more productive
and consequently to earn a higher wage. Although human capital includes education, health,
and aspects of "social capital.

While a wider definition of human capital includes health, the human capital is more
often simplified on education and alternatively defined as the stock of knowledge, skills, and
other personal characteristics embodied in people that help them to be more productive.

Investment in human capital includes investment in formal education (early childhood,

47



formal school system, adult training programs), but also informal and on-the-job learning
and work experience (Botev et al., 2019).

The definition is captured well also by Weil (2013), who describes characteristics of
human capital through the comprehensive comparison between physical and human capital
features. Human and physical capital are both productive (it enables them to produce more
output), both of them represent qualities that are produced (it is a result of previous
investment) and human capital, as well as physical capital, earns a return and also depreciate.
On the contrary, the important characteristics which differentiate these two are that human
capital is embodied in an individual. Human capital earns a return by giving the worker who
owns it a higher wage, and only does so while he or she is working, whereas physical capital
can earn its return while its owner is passive (Weil, 2013). This certain feature of human
capital plays the main role in explaining returns to investment into human versus physical
capital and it is a key point for the accumulation of human capital through individual decision
making about future education under the assumption of inequality of sources and imperfect

markets (explained in Section 4.3).

Figure 3.1 Decreasing marginal product of investment to human capital
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-

1 Hﬁ.man Cdpltal

0 i*  Quantity invested by person
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The individual decision making about years of education is explained in the Figure
3. 1. Because the marginal product of human capital declines with the quantity that an

individual invests, the line representing the marginal product of human capital is downward
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sloping. If a person has less than i* available to invest, he or she will invest all resources in
human capital. If he or she has more than i* to invest, then he or she will invest i* in human
capital and the rest of his or her money in physical capital (Castello and Domenech, 2002).
That is why rich individuals, could invest i* in education and the rest to physical capital. But
the poorest are limited to invest even i*, so that their potential knowledge or skills are biased
by their current sources and economy loses potential productive factor.

Literature about the human capital accumulation lists several education measures as
human capital proxy. The quality of these human capital estimations has developed
significantly in recent years. Basic education proxies from the 1990s had solely the
quantitative form of basic enrolment rates (Mankiw et al., 1992), mean years of schooling
(Barro and Lee, 1993; Bils and Klenow, 2000) or investment to education. Later, since the
contribution of Hall and Jones (1999), literature accounts for the dimension of returns to an
additional year of schooling. Following the original theory of Mincer (1975), Hall and Jones
estimate returns to an additional year of schooling on the aggregated global level and apply
for years of schooling in each individual country.

The work of Hall and Jones (1999) was improved by recent OECD report. The OECD
team introduces novel Mincerian coefficients based on the realistic rates of return to
education consistent with the private returns to education, which are allow variations among
countries and to some extent over time. The new measures perform well in regression
analysis explaining productivity across OECD countries and over time better than studies
with equivalent measures (Botev et al., 2019).

Later, there is a significant literature focusing on the estimation of the quality aspect
of accumulated human capital. Results from test scores such as the OECD's PISA or PIAAC
seem to be a more robust driver of economic growth than usual education quantity proxies
(Hanushek and Woessmann, 2012; Barro, 2013; Barro and Lee, 2015). On top of these,
Altinok et al. (2018) provides Global data set for 163 countries on education quality for the
period of 1965-2015 based on the International Standardized Achievement Tests (ISATS).
The paper concludes that the quality of the educational system matters. Its results validate
the positive and significant association between educational achievement and economic

growth. Also, the paper finds that the learning outcomes in developing countries cluster at

LISATs is the harmonized evaluation of education in different regions of the world by International Association
for the Evaluation of Educational Achievement which is an international cooperative of national research
institutions, governmental research agencies, scholars, and analysts working to research, understand, and
improve education worldwide.
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the bottom of a global level and that while the variation in performance is high in developing
countries, their top performers still often perform worse than the bottom performers in

developed countries (Altinok et al., 2018).

Figure 3.2 Kernel densities for human capital inequalities between 1970 and 2010
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The third special extension of the general measure of human capital is provided in
Castello and Domenéch (2002). They introduce analysis based on the variable of human
capital inequality? as we present on Figure 3.2. Human capital inequality provides more
robust estimations in growth models than income inequality measures. Using cross-country
data on human capital inequality they conclude that most countries in the world have tended

to reduce the inequality in human capital distribution (Castello and Domenéch, 2002).

2 The human capital Gini coefficient (G;) can be computed as follows:

foEx():O, 21Ex1,£25x1+x2,£35x1+x2+x3

where H is the average schooling years of the population aged 15 years and over, i and j stand for the different
levels of education, n; and n; are the shares population with a given level of education, and %; and X; are the
cumulative average schooling years of each educational level.
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The fourth extension of human capital measures represents the database by the
International Institute for Applied Systems Analysis (IIASA) and the Vienna Institute of
Demography (VID). Their dataset is based on the demographic method of multistate back-
projection. They compile a full reconstruction of educational attainment distributions by age
and sex for 120 countries back to 1970 with the following predictions projected to the 21
century (Lutz, Goujon, KC, Stonawski, and Stilianakis, 2018%). The research of Cuaresma
et al. (2013) took the advantage of this unique panel data to show not only that the
improvements in educational attainment are the key to explaining productivity and income
growth, but also that a substantial portion of the demographic dividend can be assigned to
education dividend. The paper from 2013 is a reaction to their previous contribution in 2008.
Lutz et al. (2008) introduce the unique dataset from above and explain the importance of
demographic aspects in the discussion about the improvement in education statistics. Their
results show consistently positive, statistically significant education effects on economic
growth for individual age and education groups. Later, they propose development scenarios
differentiating the contribution of individual level of education on economic growth.

The inspiration for our analysis comes from the paper of Lutz et al. (2008). They
introduce human capital to the production function as a labour force input and through the
absorption rate of new technologies, which, in turn, depends on the interaction between
human capital and distance to the technological frontier. The distance from the technological
frontier is measured according to the level of productivity. It is the "distance” in GDP per
capita from the top-performing country. Their contribution in comparison to previous
literature is in the composition of human capital. They differentiate the share of population
in each education level and 5-year age cohort matrix and interact them with the distance
from the technological frontier. Doing so, they find clear two-fold importance of human
capital accumulation without the effect of changing age structure (Lutz et al., 2008).

This dissertation thesis aims to contribute by implementation of the nonparametric
approach advantageous feature. Its advantage is the identification of the convex envelope of
an efficient or technological frontier instead of using GDP per capita as a priori determinant
of technological advancement. We explain the differences between deterministic and

stochastic or between parametric and non-parametric methods later in Chapter 5.

3 Database is easily accessible on the web page of  Wittgenstein  Centre
http://dataexplorer.wittgensteincentre.org/wcde-v2/
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4 Inequality and economic growth

Discussion about the relationship between inequality end economic growth use to be
twofold and influenced by the reverse causality. Literature provides arguments for the impact
of economic development on the level of inequalities as well as the effect of inequality on
economic progress. In both cases, the direction of impact is often ambiguous across papers
and different theoretical approaches. In this section, we introduce a literature review for both
theoretical streams. The first part is dedicated to the effect of economic growth and
technology progress on inequalities and the second part describes the effect of inequalities
on economic growth, which is more important for our analysis. Finally, we explain in more
detail the theory about the human capital accumulation under the imperfect capital market

assumption, which is important for formulation of our nonparametric model in Chapter 5.

4.1 Effect of economic growth and technology progress on inequalities

Since the famous Kuznets theory (1955), there is a strong effort to find a systematic
relation between economic development and the level of inequality. The evidence from the
19" and most of the 20" century validates notions of Kuznets theory. The Kuznets theory
seems to be valid until the 1970s what stimulated new concepts. The story of the 20" century
is described well by the long-run model of Galor and Moav (2004), who formulate theory
capturing the endogenous replacement of physical capital accumulation by human capital
accumulation as a prime engine of economic growth in the transition from the industrial
revolution to post-industrial growth. Their model explains the role of inequality in this
transition during the 20" century. In the following paragraphs, we introduce assumptions
and findings of their model and describe recent theories.

Model formulated by Galor and Moav (2004) is based on three central elements
supported by available evidence: 1) the marginal propensity to save and to bequeath
increases with wealth inequality so that inequality has a positive effect on aggregate savings,
2) mechanism of the credit market imperfection says that credit constraints undermine
investment in human capital and 3) the economy is characterized by capital-skill
complementarity. The accumulation of physical capital increases the demand for human
capital and induces human capital accumulation.

In the early stages of industrialization, physical capital is scarce, the rate of return to

human capital is lower than the rate of return to physical capital and the process of
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development is fuelled by capital accumulation. The positive effect of inequality on
aggregate saving dominates, the negative effect on investment in human capital is minor,
what leads to rising inequality and increasing aggregate savings. Aggregate saving are
enables physical capital accumulation what enhances the process of development (Galor and
Moav, 2004). As the physical capital accumulates, complementarity between capital and
skills gradually increases the rate of return to human capital and stimulates investments to
human capital.

In later modern development phase human capital emerges as a growth engine,
equality alleviated adverse effects of credit constraints on human capital accumulation,
stimulating the growth process. The negative effect of inequality on investments to human
capital dominates, what encourages counter inequality policies. There are two
interconnected approaches that explain processes during this phase. The first one is the
model of imperfect capital markets (Galor and Zeira, 1993) better explained in Section 4.3.
And the second one is based on the skill-biased technological progress (Goldin and Katz,
2009).

In skill-biased technological revolutions learning investments required by new
machines are greater than those required by pre-existing machines. Skill-biased revolution
triggers reallocations of capital from slow- to fast- learning workers, thereby reducing the
relative and absolute wages of employees from old industries (Caselli, 1999). This period is
characterized by Galor and Moav (2000) as an increase in the rate of technological progress
which raises the return to ability and simultaneously generates a rise in wage inequality
between and within groups of low- and high- skilled workers. That is why, the advanced
countries have experienced rapid technological progress along with fundamental changes in
the pattern of wage inequality in the last decades. Galor and Moav (2000) further expect,
that as the economy would converge to the steady-state the rise in the rate of technological
progress would diminish. Due to the feedback from growth to capital markets, it would
increase the supply of skilled workers and temporarily decrease wage inequality between
high-skilled and low-skilled labour with a possible cyclical process in the wage differential
between high-skilled and low-skilled labour.

The increase of income inequalities within developed countries in the last decades is
captured well in the work of Goldin and Katz (2009). The name of their publication "The
race between technology and education” is more than accurate. It shares common

assumptions and results with the previous work of Galor and Moav (2000). They explain the
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enormous rise of inequalities in the US since the 1970s through skill-biased technology
which increases the return to education. They find semiconductor and computer technology
requiring new skills and higher educated employees responsible for the rapid growth of
college wage premium in general or as Caselli (1999) suggested a premium for scarce skills
needed in novel industries. Such a wage premium deepened the gap between white- and
blue-collar labour in the last decades of the 20™ century. So that returns to education copy
the U-shaped curve during the 20" century according to the relative demand for skills and
their available supply. The decreasing trend in the first part is caused by publicly available
education and they explain an increasing trend in the second part by the skill demanding
technology progress. Goldin and Katz capture the story of the 20" century and the rise of
semiconductor technology and computerization. But the 21 century brings even more
advanced technologies, which could have a serious impact on labour market and inequality
in following decades.

The latest research focuses more on digitalization and robotization with the potential
to influence labour markets in unprecedented magnitude through the risk of automatization.
Acemoglu and Restrepo (2018) continue with many ideas from Goldin and Katz and publish
a paper called "The Race between Man and Machine". Title of this paper describes well
broad stream of literature about predictions on automatization of certain jobs by machines
with potential consequences on the distribution of income and wealth in the future. But this
interesting topic is beyond this dissertation thesis.

4.2  Effect of inequalities on economic growth

Over the last decades, it has been discussed extensively how inequality may affect
economic growth. Theoretical and empirical scientific research came up with several
theories and arguments that economic growth is undermined by unequal distribution of
income or wealth as well as notions that inequality is instead good for growth in certain
cases. The methodological approaches, the data quality, availability, and granularity has
developed significantly in recent years. The robust results from the recent research converge
to the outcome that equal distribution of income, wealth, and opportunities leads to more
sustainable economic growth (Berg and Ostry, 2018). As the main channel behind this
mechanism is considered the theory that human capital accumulation is affected by unequal

distribution of sources under the assumption of imperfect capital markets. Inequality is an
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important determinant for investments in education. It influences decision about quantity
and quality of human capital stock (OECD, 2015).

Nevertheless, the results of a large proportion of inequality research on how
inequality may affect economic growth has not provided a conclusive answer. For better
understanding the present state of the art, we would go through existing literature to show
different aspects of this issue. Later, the conclusion from empirical research seems to depend
notably on the econometric method employed, and the data considered (Voitchovsky, 2005).
For the critique by Voitchovsky, literature review requires further analysis on the first sight
contradictory results. Because each study published so far is based on the different data
samples with ambiguous quality, various time range, the sample of countries, questionable
inequality indicator, and analysis method used, we need to consider all the details for
interpretation of empirical result.

Recent research looks reliable because the quality and granularity of inequality data
have increased significantly, and available samples have widened over the last decades.
Consequently, available models have got enriched by new possible channels through which
economic growth may be affected by unequal distribution and a big portion of theoretical
hypotheses have been verified by numerous empirical works. An actual rich system of
literature explaining the relationship between inequality and economic growth is drafted well
in previous works by Vitchovsky (2005) or OECD (2015). The logical classification of
diverse theoretical and empirical approaches is needed for clarification of partial results.
Naturally, the first stage criteria in this classification mirrors whether the article concludes
the positive or negative influence of inequality on economic growth. Later, OECD structures
the literature according to the channel through which inequality may have an impact on the
growth. They recognize 3 channels of negative impact, namely "the theory of endogenous
fiscal policy", "the theory of imperfect credit markets" and "“the theory of minimum critical
amount of domestic demand". Moreover, there can be found theories with positive relation
divided into two groups following "the hypothesis of inequality as an incentive to work
harder” and "the theory of higher inequality fostering investments through capital
accumulation of rich". Different categorization of literature is used in Voitchovsky (2005).
She instead focuses on the historical patterns of economic research. The literature from the
last decades is sorted according to periods in which different types of data were available.
Various methods might consequently determine their empirical results. For all, Vitchovsky
provides an example of works by Partridge (1997) with positive relation from cross-section

55



data and Panizza (2002), who uses panel data techniques and reports a negative impact of
inequality on growth.

Last, but not least aspect we need to have in mind during the literature analysis is the
measure of inequality. Recent studies among the world countries provide very advanced and
detailed distribution statistics rather than a single measure of inequality (mostly the Gini
index). Harmonized national surveys and government register data are holy grail sources to
study inequalities on the individual level. Important is also, that these datasets focus on
income before and after redistribution as well as on wealth statistics in advanced countries
in recent years. On the other hand, the availability of comparable historical data is
challenging. There are only a few databases, which harmonize inequality data and provide a
long enough time span with a sufficiently wide range of countries for panel data. A
comparison of results is also linked to a discussion about reverse causality between income
inequality and economic growth. Several studies have also looked at the reverse causality on
the effect of economic growth on specific parts of the population among the wealth or
income distribution (Dollar and Kraay, 2002, Voitchovsky, 2005 or Foelmi and Zweimiiller,
2017).

4.2.1 Theoretical models through which may inequality affect economic
growth

This section is dedicated to the presentation of theoretical background on
mechanisms through which unequal distribution may affect economic output and
development. Theoretical concepts formulated so far are summarized according to their
positive or negative result on the relationship between inequality and output.

Theoretical models supporting the possibility that greater inequality might
reduce growth:

Theory of endogenous fiscal policy: this theory can be described as a process when
greater inequality becomes unacceptable for voters and has an effect on public policy
through the election process. This situation leads to higher taxation and regulation which
cause a higher risk for business, attenuate incentives to invest, and therefore economic
growth (Bertola, 1993; Alesina and Rodrik, 1994; Persson and Tabellini, 1994; Perotti,
1996). Extreme inequality may also result to social unrest and political instability according
to Alesina and Perotti (1996), Bénabou (1996) and Keefer and Knack (2002) or undermining
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the legal system (Glaeser et al. 2003), by promoting expensive fiscal policies (Perotti 1993),
and by inducing an inefficient state bureaucracy (Acemoglu et al. 2011).

Theory of imperfect capital markets: Assumption of imperfect capital markets
implies that individuals with lower wealth, income, or social background have reduced or
more expensive (loan) possibilities for worthwhile investments (Galor and Zeira, 1993). In
such an environment, individuals decide about their investment according to a rational
comparison of returns from productive factors with related costs. In this situation, lower
parts of the distribution, mainly poor are disqualified, and cannot afford investments with
following increased return. The best example of an imperfect capital market assumption is
education. Human capital is indivisible, in other words, attached to and limited by one person
(Weil, 2013). If the poor cannot afford the fees, even though the rate of return on education
(to both the individual and society) is high. The economy does not reach full potential and
underinvestment decreases the potential of economic growth as in the case of perfect capital
markets (OECD, 2015). This theory is very influential and led to further literature on social
mobility and inequality of opportunities (Banerjee and Newman, 1993; Fershtman et al.,
1996; Owen and Weil, 1998; Galor and Moav 2004; and Hassler et al., 2007). The human
capital channel is examined deeper in the following Subchapter 4.3.

Theory of minimum critical amount of domestic demand: This theory is based on
the hypothesis that the adoption of advanced technologies depends on a minimum critical
amount of domestic demand which might not be sufficient if the poorer part of society have
insufficient resources. This theory originates from work by Murphy et al. (1989) applied on
the first stages of industrial take-off. The domestic demand channel has recently been put
forward again by OECD (2015) when applied on present development.

Theoretical models supporting the possibility that greater inequality might
increase growth:

High inequality provides incentives to work harder and undertake risks to take
advantage of high rates of return: According to this theory inequality promotes growth by
fostering incentives for innovation and entrepreneurship (Lazear and Rosen 1981) Another
argument of this theory claims that if highly educated people are much more productive,
then high differences in rates of return may encourage more people to seek education
(Mirrlees, 1971).

Higher inequality fosters aggregate savings and consequently stimulate capital
accumulation: because the rich have a lower propensity to consume (Kaldor, 1955;
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Bourguignon, 1981). Higher inequality, in favour of the wealth of rich, may promote growth
by fostering aggregate saving (Kuznets 1955; Kaldor 1955) which promotes the realization
of high-return projects (Rosenzweig and Binswanger 1993) or by stimulating R&D (Foellmi
and Zweimiiller 2006).

4.2.2 Empirical results follow improvement in data and methodology)

The empirical literature on how inequality may affect economic growth showed
contradictory results in the last decades. By the time and increasing complexity of estimating
approaches, results seem to converge to the negative effects of inequality on economic
growth in recent years. In this section, we focus rather on the chronological summary of
results in this field of research.

Cross-sectional datasets: In the early 1990, theoretical models formalizing a
negative effect of wealth inequality on economic growth attracted considerable attention.
Starting serious empirical research was based on the first comparable international inequality
databases. Models based on cross-sectional data explain variations between countries and
appear to be quite sensitive to the inclusion of regional dummies, and sample selection. As
Voitchovsky (2005) argues this approach results in the conclusion that inequality and
economic growth are inversely related. In that time, several scientific works provide support
for the idea that inequality is harmful for growth (Alesina and Rodrik 1994; Persson and
Tabellini 1994; Deininger and Squire 1996), Deninger and Squire (1995), Deninger and
Squire (1998), Clarke (1995), Birdsall and Londono (1997), Castello and Domenech (2002),
Keefer and Knack (1995), Perotti (1996).

Panel structures and advanced methodology: Datasets have gradually developed
to the panel structures with a wide sample of countries. The research based on panel approach
does not support such a clear-cut relationship between inequality and economic growth as
cross-sectional analysis (Deininger and Squire, 1996). There emerged studies resulting in
the positive impact of inequality on economic growth for mainly advanced economies (Li
and Zou, 1998, Forbes, 2000, Deninger and Olinto, 2000). Research differentiating rich and
poor countries dimensions shows that the impact of inequality on growth is positive for rich
countries and negative in the case of developing regions (Barro, 2000, Castello, 2010).
Banerjee and Duflo (2003) propose that a lack of consistency in the results is due to the fact

that empirical studies estimate a linear model, whereas the true relationship is not linear.
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Recent research: In the last years, the discussion about how inequality may affect
economic growth has accelerated and became more complex with methodology trying to
overcome shortcomings of previous studies. The next step in the field of income inequality
brought Voitchovsky (2005), who states that previous empirical studies have used single
aggregate indicators of inequality (Gini coefficient) which masks the differing effects of the
lower and upper part of the income distribution on growth. She finds that inequality at the
top of the distribution is positively related and inequality at the bottom of the distribution is
negatively related to subsequent economic growth. That is why many of the positive
mechanisms can be linked to inequality at the upper end of the income distribution, while
many of the negative mechanisms are associated with inequality further down the
distribution. The uncertainty about which aspect dominates persists (\Voitchovsky, 2005).

Halter et al. (2014) contribute to the discussion with a simple theoretical model to
study how changes in inequality affect economic growth over different time horizons. They
find that higher inequality helps economic performance in the short run, but it reduces the
growth rate of GDP per capita farther in the future. This can be explained as an effect of
different channels between inequality and growth present in the short and long run. The long-
run (or total) effect of higher inequality tends to be negative.

Verification of another influential channel between inequality and growth -
redistribution, was conditioned by compilation of the Standardized World Income Inequality
Database (Solt, 2009) which contains market (pre-tax and transfer) and net (post-tax and
transfer) inequality data. This database was an incentive to Ostry et al. (2014) to extend usual
inequality models and identify the direct effects of both inequality and redistribution on
growth. They find that redistribution appears generally benign in terms of its impact on
growth. Only when redistribution is very large, there is an evidence that it may have direct
negative effect on the durability of growth. What is more, by controlling for the effect of
redistribution they reveal that lower net inequality is strongly and robustly correlated with
faster and more durable growth (Ostry et al., 2018). The hypothesis that more equal counties
have significantly longer growth spells was already a result of earlier work by Berg and
Ostry (2011).

Interesting stream of literature describing the effect of inequalities on economic
growth through demand induced innovations is provided by Foellmi and Zweimiiller (2003),
who were inspired by the seminal work of Schmookler (1966). Authors claim that change in

the distribution of income affects the incentive to innovate and so enhance the long-run
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growth. Firstly, they found that less inequality tends to discourage the incentive to innovate.
But in later work, they explain that on the one hand, innovations are fostered if rich
consumers are willing to pay high prices for new products, and on the other hand, profitable
innovations require sufficiently large markets. So finally, when innovators have a large
productivity advantage over traditional producers a higher extent of inequality tends to
increase innovators' prices and mark-ups. When this productivity gap is small, however, a
redistribution from the rich to the poor increases market size and speeds up growth (Foellmi
and Zweimuller, 2017).

4.3 Human capital accumulation theory and inequality

The current literature converges to the conclusion that the channel through which
inequality affects economic growth in advanced countries the most is the channel of human
capital accumulation as a consequence of imperfect capital markets (OECD, 2015; Halter et
al., 2014; Brueckner and Lederman, 2018; Ostry et al., 2018). In the following section, we
present theoretical and empirical studies which follow the original contribution of Galor and
Zeira (1993). Galor and Zeira describe the linkage between income distribution and
macroeconomic statistics through unequal investment in human capital. Their general
equilibrium model with overlapping generation is based on the capital market imperfections,
the indivisibility of human capital, technological non-convexity, and initial distribution of
bequest or wealth. Galor and Zeira are inspired by ideas of endogenous economic growth of
Romer (1986) and Lucas (1988). Theory about the accumulation of human capital under the
condition of imperfect capital markets contributes to the endogeneity of the processes
described by Romer and Lucas. We explain in the next part how Galor and Zeira rather
attribute the persistence of differences between economies to variation in endogenously
determined investment in human capital.

Research from the seventies (Becker, 1975) reveals that if the borrowing under the
condition of an imperfect capital market is costly, those with a large initial wealth do not
need to borrow sources to invest and therefore have better access to investments to
productive factors like human capital. On the other hand, the poor or households whose
income is in lower parts of the income distribution are disqualified in investment process.

In the theory of human capital accumulation by Galor and Zeira (1993), the rational
decision of an individual about investments in education is influenced by the imperfections

of the capital market. The interest rate for individual borrowers is higher than for lenders.
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Lenders are individuals who inherit the initial wealth in a form of bequest and so they possess
an initial advantage. The clue assumption in this theory is the natural presence of
indivisibility of human capital, in other words, the fact that education cannot be transferred
from one individual to another (Becker, 1975). The stock of human capital in an economy is
determined by the sum of individual years of education, so if the poor are disqualified, the
economy does not reach its potential stock of productive human capital. As Loury (1981)
indicates this unequal access to education may affect the aggregate amount of investment in
human capital and thus the aggregate output. What is more, the model shows that the initial
distribution of wealth would lead to persistence in future income inequalities and the gap
between poor and rich will increase in further dynasties. This will consequently and
continuously undermine the potential accumulation of human capital in economy.

The endogeneity of this model is based on the initial wealth distribution determining
the future incomes through the decision under the assumption of imperfect market of capital
and the market of education. Incomes that are driven by individual productivity would differ
mainly in returns to education which are higher among workers with better or more scarce
abilities. Better and more scarce abilities are in general connected to better education which
the poor cannot afford, and the initial inequality persist and is carried to the long run (Galor
and Zeira, 1993).

Hence, growth is affected by the initial distribution of wealth, or more specifically
by the percentage of individuals who inherit a large enough wealth to enable them to invest
in human capital. Authors of the theory highlight the importance of large enough middle
class for future economic growth. So, they conclude that historically determined wealth
distributions of countries imply different growth paths and that is why countries may even
converge to different steady states (Galor and Zeira, 1993). The idea that higher inequality
may result in under-investment in human capital among the poorer segments of society has
also spurred a significant amount of research on the consequences of inequality on social
mobility and the allocation of talents across occupations (Banerjee and Newman, 1993;
Fershtman et al., 1996; Owen and Weil, 1998 and Hassler et al., 2007).

Later, the empirical work by Deininger and Squire (1998) strongly corresponds to
the importance of initial wealth distribution as a determinant of future human capital
accumulation. Authors find a strong negative relationship between initial inequality in the
distribution of asset and long-term growth. Moreover, they reveal that inequality reduces
income growth for the poor, but not for the rich. Because initial inequality hurts mainly the
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poor, the policies that increase aggregate investment and facilitate the acquisition of assets
by the poor might be doubly beneficial for growth and poverty reduction, because initial land
inequality has a significant effect on aggregate schooling attainment (Deininger, Squire,
1998).

Galor and Moav (2006) applied a similar principle in the theory explaining incentives
for the encouragement of public education policies by capitalists during the process of
industrialization. Based on the theory of return to education (Becker, 1975) and findings
from Galor and Zeira (1993), they argue that capital accumulation in the process of
industrialization gradually intensified the relative scarcity of skilled labour and generated an
incentive for human capital accumulation. In other words, due to the complementarity
between physical and human capital in production, the capitalists were among the prime
beneficiaries of the accumulation of human capital by the masses. As long as the rate of
return on human capital is higher than the rate of return on physical capital, the chosen level
of investment in public education by capitalists is higher than 0. Once the rate of return to
human capital equals the rate of return on physical capital, the chosen investment in public
education is positive, and thus maximizes output per worker (Galor and Moav, 2006).

Later, the same authors support the idea that the inequality in land ownership
adversely affects the emergence of institutions promoting human capital and thus attenuate
the pace of transition to modern growth. Economies with equally distributed land
implemented the public education earlier and benefited from the emergence of a skilled-
intensive industrial sector accompanied with rapid process of development. In contrast,
economies with unequal distribution of land ownership, the land abundance that was a source
of richness in early stages, led in later stages of development to under-investment in human
capital and unskilled-intensive industrial sector with lower growth (Galor and Moav, 2009).
The principle of the different effect of inequalities according to country development level
is elaborated well in a number of other empirical works (Barro, 2000; Forbes, 2000; Banerjee
and Duflo, 2003) which is not necessarily based on the human capital accumulation.

Ostry et al. (2018) provide an evidence supporting the hypothesis that inequality’s
impact on growth works through not only higher education, but also increased life
expectancy, and higher fertility. Moreover, de la Croix and Doepke (2003) argue that
inequality increases the fertility of the poor and hence reduces human capital accumulation

and per capita growth (Ostry et al., 2018).
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Strong emphasis on the role of human capital in the channel from inequality to
economic growth is provided by Costello (2010). His study uses rather a measure of human
capital inequality instead of average years of education or education stock measures for
economic analysis. The human capital Gini index is based on attainment levels among
population quantiles from Barro and Lee (2001). Castelo and Domenech (2002) used the
measure of human capital inequality to show that human capital inequality measure provides
more robust results than income inequality measures in the estimation of standard growth
and investment equations. The introduction of this measure into the study by Castelo reveals
that, all other things being equal, a greater degree of human capital inequality increases
fertility rates and reduces life expectancy, which in turn discourages the accumulation of
human capital. Moreover, the adverse effect of human capital inequality on investment and
growth is reinforced when individuals find it difficult to gain access to credit. Likewise, the
paper indicates the negative effect of income and human capital inequality on economic
growth, both in the sample as a whole and in the low and middle-income economies, an
effect that vanishes or becomes positive in the higher-income countries. (Castello, 2010).

In contrary, the recent paper by Brueckner and Lederman (2018) estimates how does
the effect of inequality on transitional growth differs depending on countries development
as well. They control for countries' initial incomes and results from their regressions show
that in low-income countries transitional growth is boosted by greater income inequality and
in high-income countries inequality has a significant negative effect on transitional growth.
Brueckner and Lederman (2018) take theory defined by Galor and Zeira (1993) seriously.
Evidence that their empirical findings are consistent with the model comes from estimates
of the relationship between inequality and human capital. They use a panel of world
countries between 1970 and 2010. Their estimations reveal that coefficients on inequality
are significantly positive while the coefficients on the interaction between inequality and
initial income are significantly negative. They conclude that the inequality undermines
growth in advanced economies and that for poor countries initial inequality affects economic
growth positively. Secondly, they find the least-squares estimation of the effect of inequality
on human capital suffers from negative endogeneity bias. This negative bias is consistent
with the Galor and Zeira (1993) model. Higher average income leads to an increase in the
average human capital in the population as more people accumulate human capital inequality

decreases. So that the model where inequality determines human capital accumulation the
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coefficient of the interaction between inequality and initial income is higher when
accounting for endogeneity bias of human capital (Brueckner and Lederman, 2018).

The hypothesis that the inequality has a significantly negative impact on growth
through the channel of human capital, mainly in advanced countries, is well documented in
a study by OECD (2015). Children of individuals with lower social backgrounds or lower
proficiency are disqualified in the education system to trace the worse track of lower quality
schools or to afford fewer years of education and so to accumulate a lower amount of human
capital.

Their report is based on the best available sample of very detailed data among OECD
countries. The study uses very detailed microdata on income distribution, controls for the
country in the time-invariant characteristics and use the advantage of individual-level data
from OECD Adult Skills Survey (PIAAC) with statistics about parent education background
as a proxy of socio-economic background to control for intergenerational social mobility
(e.g. Causa and Johansson, 2009; and OECD, 2011b ) and get real in-country causality
between inequality and economic growth. They introduce proxy for social background to get
rid of the bias in the form of parents' education effect on the education of their children which
seems to be a strong determinant. Results imply that social mobility is the key indicator for
future economic growth because the wider is income inequality, the lower is the chance that
low-income households invest in education. Inequality harms growth through the channel of
human capital: the wider is income inequality, the lower is the chance that low-income
households invest in education (OECD, 2015).

Furthermore, the negative effect of inequality on growth is determined by the lower
part of the income distribution, which is not only the poorest, but the bottom 40% of actual
income earners. This is explained by the low intergenerational mobility. The probability of
tertiary education decreases with inequality only in the case of low social background
individuals. An increase in inequality of around 6 Gini points would lower the probability
of individuals with parents of low educational background being in tertiary education by
around 4 percentage points. Inequality is also associated with a significant increase in the
probability that low PEB individuals attain at most the lower secondary education (OECD,
2015).

There are two major reasons which may lead agents to make different human capital
investment choices: personal attitudes and talents (ability) and costs involved in investing

today in order to obtain a future benefit (intertemporal discount rate). Since the returns to
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schooling are decreasing, individuals from disadvantaged families will stop accumulating
schooling earlier because, with imperfect capital markets, they face higher discount rates.
By accumulating less schooling, they will earn lower wages and provide lower family
background to their offspring, thus perpetuating inequality.

5 Aim of the dissertation thesis

This dissertation thesis aims to contribute to the existing literature on the linkages
between inequality, human capital formation and economic growth by using the advantages
of the non-parametric data envelopment analysis (DEA). Literature about the impact of
inequality on high skills often provides ambiguous results. We believe that the construction
of the world production frontier and its contribution to the accumulation of high skills could
provide new arguments this this discussion. For this reason, we modify two types of non-
parametric decompositions to reveal, the contribution of inequality on the accumulation of
high-skilled labour and the contribution of high-skilled labour to productivity growth.

Previous chapters provide a theoretical background for our two-step analysis. We
formulate a simplified model, where the inputs of capital stock, low- and high- skilled labour
produce economic output in the form of real gross domestic product and take into
consideration also an unpleasant output in the form of the Gini indicator. Real GDP
represents the level of output and the Gini index describes the distribution of output among
the population.

In the first step of our analysis, we follow the literature about the negative effect of
inequality on the accumulation of human capital. Inspired by work based on models by Galor
and Zeira (1993) and Galor and Moav (2004), we search for contribution of a change in the
Gini index on the accumulation of high-skilled labour. The second part of the analysis
follows the growth literature, which estimates positive effect of high-skilled labour on
economic (Lutz et al., 2008; Flabbi and Gatti, 2018).

The first hypothesis is that inequality contributes negatively to the accumulation of
higher skills and that this effect is more significant among developed countries. The second
hypothesis aims to confirm the positive effect of higher skills on economic growth and that
the high skills are more significant determinant of economic growth for developed countries.

The advantage of DEA in our case is two-fold. The first is the ability to compose the
world technological frontier created from efficient countries in a multi-input and multi-
output dimensional space. The efficiency of other countries is represented by their radial
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distance from the efficient benchmark on the frontier. In simplified language, in DEA we
measure the location of a certain point, or at least the distance of certain point, relative to the
efficient frontier. The second advantage focuses attention on the movement of this efficient
frontier between two time periods. Thus, the inter-temporal analysis follows the movement
of a certain country or point in the multidimensional space relative to the simultaneously
moving technological frontier. This dissertation thesis modifies two types of inter-temporal
decompositions which follow this envelopment concept. In general, intertemporal DEA
decomposition decomposes the development of a certain output (economic productivity) or
input (high-skilled labour) into the contribution of the movement of a certain point towards
the efficient frontier, the movement of the efficient frontier itself and the movement along
the efficient frontier, further broken down into the contribution of the input mix and the
output mix.

To be specific, we modify two nonparametric decompositions based on the DEA
analysis by Henderson and Russell (2005) and Fare et al. (2018). Henderson and Russell's
model introduces the decomposition of economic productivity (output) with the aim of
finding how the human capital change contribute to it. Our modification of their model is
based on the introducing the two inputs of high- and low- skilled labour (according to ISCED
educational levels) instead of labour augmented by the Mincerian measure of human capital
(Hall and Jones, 1999). The main difference is in the fact that Henderson and Russell use
one composite input and one composite output model, and our analysis uses multiple inputs
with a single output, which is standard in the nonparametric approach. Our motivation for
such a modification comes from the research by Lutz et al. (2008) or Flabbi and Gatti (2018),
who base the analysis of economic growth on detailed data about the level of education
instead of literature based on Mincerian returns to education. Using the recent dataset of
Lutz et al. (2018), we find that the contribution of high-skilled labour to productivity growth.

In the second model, we modify the nonparametric decomposition by Fére et al.
(2018), which we use to reveal the contribution of increasing inequalities to the accumulation
of high-skilled labour. The idea for this decomposition comes from literature based on the
theory of Galor and Zeira (1993), who argue that under the imperfect capital markets
condition, increasing inequality decreases investment to education and so it harms the
accumulation of human capital mostly in advanced countries. The decomposition by Fare et
al. follows the aim of decomposing the development in input (high-skilled labour) by the

contribution of output (inequality).
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6  Methodology

As already mentioned in the Chapter 5, we will use advantage of non-parametric
approach to contribute into the literature about the linkages between inequality, human
capital accumulation and economic growth. The first part of the methodology section
explains the reason we use a nonparametric approach and in what way it contributes to
present discussion. The following part is dedicated to the introduction of basic data
envelopment models and intertemporal analysis. The last two sections of this chapter are
dedicated to the modification of decompositions proposed by Henderson and Russell (2005)
and by Fére et al. (2018).

6.1 Motivation for nonparametric approach

The principal difference between parametric and nonparametric approaches relates
to the production frontier and technology function. The parametric approach uses different
estimators to find the best parameters in aim to define general technology which would fit
the sample of empirical data with the lowest possible sum of deviations. On the other hand,
the nonparametric DEA concept envelopes the sample of data with a convex envelopment
composed of efficient units regardless of the technology function. Efficiency is derived from
the radial distance of an economy relative to its frontier benchmark. Nonparametric methods
envisage a single worldwide frontier at a point in time with most of the countries operating
(inefficiently) below the frontier. This concept has certain weaknesses resulting from
heterogeneity. Mainly, the sensitivity on outliers and assumption of comparable individual
technological background of compared countries could have implausible effect on efficient
frontier composition and consequently on individual results in the basic model. Henderson
and Russell (2005) find the argumentation in favour of nonparametric methods via criticism
by Quah (1993), who argues that convergence analyses based on standard regression
methods are focusing on the first moments of the distribution and that cannot adequately
address the convergence issue better described by the intertemporal movement of the
efficient frontier.

Later, a similar argumentation is adopted by Luptacik and Mahlberg (2011), who
find two approaches to productivity analysis, namely the neoclassical approach and the
frontier approach. Both approaches track changes in productivity as the output-input ratio of

an economy, but their methods are quite distinct. The neoclassical approach imputes
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productivity growth to factors but cannot distinguish between a movement towards the
frontier and a movement of the frontier. The frontier approach allows us decomposing
productivity growth into a movement of the economy towards the frontier and a shift of the
frontier.

The simple distinction between parametric and nonparametric approaches is
described well in Figure 6.1. For better understanding, we used simple one output and one
input model as in the Henderson and Russell (2005) paper. The single input is represented
by the ratio of capital stock divided by human capital augmented labour (K) and the output
is represented by GDP divided by human capital augmented stock of labour (¥). The figure
describes deterministically defined efficient frontier by data envelopment analysis (blue line)
and by a simple OLS regression as a representation of a stochastic approach (red line). As
we argue, the DEA technological frontier is defined by the efficient envelopment. The

principle behind the frontier

Figure 6.1 Distinction between parametric and non-parametric approach (data from
2010)
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composition is explained in the later section. Among the high performing region (upper-
right part of figure), efficient countries are Singapore, Switzerland or Australia and the
efficient benchmark for lower-performing region are Trinidad and Tobago or Egypt. On the
other hand, if we would like to incorporate the technological gap in the parametric approach,
we would need to introduce a variable holding the information about distance from the
benchmark countries. It is usually done by a proxy variable that determines the technological
level of each country as in Lutz et al. (2008), who used proxy of the share of country GDP
per capita on the GDP per capita of the top-performing country. Another advantage of a non-
parametric approach is the possibility to use multiple inputs and multiple outputs to find a
single measure of efficiency score.

The nonparametric approach, which takes the advantage of shifting technology or
world aggregate production frontier, is commonly used for analysis in productivity
convergence literature (Kumar and Russell, 2002; Henderson and Russell, 2005; Badunenko
et al., 2008, 2013; Walheer, 2016). Nonparametric decomposition based on the pioneering
contribution of Fére et al. (1994) allows us to decompose the labour productivity growth into
the contribution of several determinants, which follows the movement of DMU along the
efficient frontier. Kumar and Russell (2002) applied this method to decompose contribution
of (1) technological change as a shift of the world production frontier, (2) technological
catch-up as movements toward or away from the frontier, and (3) physical capital
accumulation as movements along the frontier. Later, Henderson and Russel (2005)
extended this tripartite decomposition by a factor of (4) human capital accumulation.
Additionally. Later, Fare et al. (2018) provides a different approach to decomposition. They
decompose contributions of multiple factors to the one of inputs, in particular to change in
labour stock.

In the following sections, we go through the non-parametric methodology. Firstly,
we introduce a simple data envelopment analysis model methodology. Later, the
intertemporal analysis by the Malmquist index is described. And finally, we explain
modifications of Henderson and Russell's (2005) decomposition and Fére et al. (2018)
decomposition as a methodological concept used in the empirical part of the dissertation

thesis.
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6.2 Basic DEA model

So far, we did not answer the question of, how is the world efficient frontier
identified. The primary aim of DEA is a simple measurement of efficiency in case of multiple
inputs and multiple outputs. Usually, the score of multidimensional indices and rankings is
based on the a priori selection of weights, which should mirror the relative importance of
variables entering composite index. Following the argumentation of Luptacik (2010) in such
a case, each country would choose weights maximizing its score. This mechanism of optimal
weights selection or assignment DEA solves. DEA, in other words, searches for optimal
weights to be assigned to each output and every input to maximize the efficiency score as a
ratio of virtual output and virtual input, which are characterized as a weighted sum of outputs
and a weighted sum of inputs. So that if a certain set of wights is assigned, any country is
efficient or inefficient. DEA also allows several sets of optimal weights to be in one model
under the assumption of variable returns to scale. It is so if the sum of weights is restricted.

As we already mentioned, in DEA, the efficiency is measured as a ratio of virtual
outputs and virtual inputs (6.1, 6.2). The advantage of DEA is also that the relative efficiency
score is not affected by the choice of different measurement units, which is referred to as
"unit invariance". Organization under the study is called the decision-making unit (DMU).
Generically, DMU is regarded as an entity responsible for converting inputs into outputs and
whose performances are to be evaluated. In our case DMUs are world countries. Let suppose
there are n DMUs: DMU3, DMUs, ..., and DMU,. Later, suppose m input items and s output
items which are selected numerical values with data available for each input and output. In
principle, in case of oriented DEA models, it is preferable to reach a certain level of outputs
with a lower level of inputs and anther way around, it is preferable to reach a certain level
of inputs with a higher level of outputs. For formalization of the DEA model, let the input
and output data for DMUj be (x;, X3, ., Xmj, ) and (v4,¥2j, ., ¥sj, ), respectively. For
simplicity, let call input data matrix X and the output data matrix Y (Cooper et al., 2007).

Pioneering work by Charnes, Cooper and Rhodes (1978) introduces the method of
DEA to measure the efficiency of DMUs with multiple inputs and multiple outputs in the
absence of market prices. They formalize the virtual input and virtual output for each DMU

by (yet unknown) weights (v;) and (u,):

Virtual input = v1x1, + * + VXmo (6.1)
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Virtual output = u 1y, + = + UsYso (6.2)

Given the data, we measure the efficiency of each DMU once and hence need n
optimizations, one for each DMU; to be evaluated. Let the DMU; to be evaluated on any trial
to be designated as DMU,, where o ranges over 1, 2,...,n. We solve the following fractional
programming problem to obtain values for the input "weights” (v;) {i = 1,...,m) and the

output "weights" (u,.) (r = 1,...,s) as variables.

(FPO) max 9 = Virtual output — U1Y10FUY20+ FUSYs0 (63)
uv Virtual input V1X10+V2X20+ +VmXmo
: u +u +tu ,
subject to 1107 2)20 Yo <1 (j=1,...,n) (6.4)
V1X10tV2X20+ " +VmXmo
Vi, Vg e Uy 20 (6.5)
U, Uy, v Ug =0 (6.6)

The constraints mean that the ratio of "virtual output™ vs. "virtual input” should not
exceed 1 for every DMU. The objective is to obtain weights (v;) and (u,) that maximize
the ratio of DMU,, the DMU being evaluated. By virtue of the constraints, the optimal
objective value 6" is at most 1. Mathematically, the nonnegativity constraint (6.5) is not
sufficient for the fractional terms in (6.4) to have a positive value. We do not treat this
assumption in explicit mathematical form at this time. Instead we put this in managerial
terms by assuming that all outputs and inputs have some nonzero worth and this is to be
reflected in the weights u,- and v; being assigned some positive value (Cooper et al., 2007).

Later, all data are assumed to be nonnegative but at least one component of every
input and output vector is positive. We refer to this as semi-positive with a mathematical
characterization given by xj > 0,xj # 0 and yj > 0,yj # 0 forj = 1,...,n where
small letters in bold denote vectors. Therefore, each DMU is supposed to have at least one
positive value in both input and output vector. We will call a pair of such semi-positive input
x e R™ and output y e R® an activity and express them by the notation (x,y). The
components of each such vector pair can be regarded as a semi-positive orthant point in
(m + s) dimensional linear vector space in which the superscript m and s specify the
number of dimensions required to express inputs and outputs, respectively. (Cooper et al.,
2007). Bold lower-case letters represent vectors.

Following Cooper, Seiford and Tone (2007), based on the matrix (X, Y), the CCR
model is transformed from a fractional program to linear program. They formulate a linear
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program (LP) problem with row vector v for input multipliers and row vector u as output
multipliers. These multipliers are treated as variables in the following LP problem

(Multiplier form):

(LP,) max uy, (6.7)
u

subject to vx, =1 (6.8)

—-vX+u¥Y <0 (6.9)

v=>20u=0 (6.10)

The dual problem of (LP,) (Appendix A.4 of Cooper et al., 2007) is expressed with
a real variable 6 and a nonnegative vector 4 = (A,,...,A,)T of variables as follows

([Envelopment form]):

(DLPo) neliln 0 (6.11)
subject to O0x,—XA=>0 (6.12)
Yo—YA<0 (6.13)

A=0 (6.14)

(DLPo) has a feasible solution 6 = 1,4, = 1,4; = 0 (j # o) . Hence the optimal 6,
denoted by 6™, is not greater than 1 On the other hand, due to the nonzero (i.e., semi-positive)
assumption for the data, the constraint (6.13) forces 4 to be nonzero because y, = 0 and
vy, # 0. Hence, from (6.12), & must be greater than zero. Putting this all together, we have
0 < 8" < 1. Now we observe the relation between the production possibility set P and
(DLPo). The constraints of (DLPo) require the activity (6x,,y,) to belong to P, while the
objective seeks the minimum 6 that reduces the input vector x, radially to 6x, while
remaining in P. In (DLPo), we are looking for an activity in P that guarantees at least the
output level y, of DMU,, in all components while reducing the input vector x,, proportionally
(radially) to a value as small as possible (Cooper et al., 2007). Later, an optimal solution of
the dual linear program of output-oriented model (DLPOo) can be derived directly from an
optimal solution of input-oriented CCR model (DLPo) defined in (6.11) - (6.14) via:

A=p/n, 0=1/n (6.15)

The output-oriented model attempts to maximize outputs while using no more than

the observed amount of any input and is formulated as:
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(DLPOo) r%illx n (6.16)

subject to Xeo—Xu =0 (6.17)
Ny, —Yu=<0 (6.18)
u=0 (6.19)

Later. optimal solution of output -oriented CCR model (6.16) - (6.19) relates to input-
oriented CCR model (6.11) - (6.14) via:

nt=1/6", w=21/6" (6.20)

(Cooper et al., 2007).

For reconstruction of world production frontier, we use simple data envelopment
model with constant returns to scale (CRS) by Charnes, Cooper and Rhodes (1978) — CCR
model. For better understanding, we provide Figure 6.2 where are depicted efficient points
A, B and one inefficient pint C. By the black dashed line is describes the model with CRS
and solid line represent envelopment under the condition of VRS. Moreover, we present the
measurement of output orientated CCR model shown in blue colour. The efficiency of point
C under the input-oriented efficiency would be derived as RC/SC . Later, by red colour is
depicted the measurement of the input-oriented model as PQ/PC. In the next sections, we
use the output-oriented model (CCR-O) for the purpose of Henderson and Russell (2005)
decomposition and, for Fare et al. (2018) decomposition, we employ model with input-
orientation (CCR-I).
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Figure 6.2 Basic DEA model with comparison between CRS and VRS and difference
between input- and output-orientation

Oulped

[ R Input

Source: Cooper, Seiford and Tone, 2007 with author’s modifications

For solving DEA models, we the software Matlab with linprog order dedicated to
linear optimization issue. We use Matlab for simple DEA models as well as for more
complicated decomposition models. It is necessary to code our own program because the
necessary features of intertemporal decompositions modifications are not provided by
simple DEA solver software.

6.2.1 Inequality as an undesirable output

Inequality in the form of the Gini index is treated in our DEA analysis as undesirable
output or so-called "bad" output. Because income inequality results from economic activity,
we treat it as output even though, it enters the production of human capital of the next
generation as potential inequality of opportunity (Atkinson, 2015). Following the social
welfare function, inequality harms the welfare of society (Fleurbaey, 2009). Beyond
measuring the level of GDP, it is needed to take into consideration also its distribution. This
idea leads to theories about the trade-off between efficiency and equity (Nicola, 2013).
Moreover, the government objective is to keep inequality on a certain level acceptable by
society as noted previously in the theory of endogenous fiscal policy. The higher value of
the Gini index corresponds to higher inequality in society and we need to incorporate this
aspect into our DEA model in proper way. It is worth to mention that we could easily avoid

this challenge by simple modification of inequality measure on the form of equality measure
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1 — Gini index. But we prefer usage of the original inequality index with more intuitive
interpretation. Fare et al. (2018) decomposition already incorporates bad output in the form
of pollution abatement. On the contrary to Fire et al., we treat inequality as a bad output
with zero jointness to good output. Producing good outputs does not require producing bad
outputs even though, the literature from Section 4.2.1 proposes that between inequality and
economic growth exist certain kinds of direct relation. In general inequality enters only our
input-oriented model in a way that it disqualifies the country to achieve high efficiency score
if it has high Gini index, but the model searches for potential reduction in inputs while
keeping a constant level of good and bad output. Concrete formulation of the model is

composed as follows:

(DLPo) r‘giln 0 (5.22)
subject to Ox, — XA >0 (5.23)
Gi,— GiA=0 (5.24)

Yo—YA<0 (5.25)

A=0 (5.26)

Moreover, Cooper, Seiford and Tone (2007) propose several methodological
procedures on how to design the DEA model with undesirable outputs. We mostly follow
the model by Fare at all. (2018) and modify simple input-oriented CCR model 6.22-6.26 to
introduce the Gini index (Gi, is a vector of the Gini index for country o and Gi represent

matrix of the Gini indices).

6.3 Intertemporal analysis

The main advantage of a non-parametric approach is in its natural feature of
differentiation on how can be intertemporal progress (regress) divided into change in
efficiency (movement towards efficient frontier) and the shift of the technically efficient
frontier. The first important step to intertemporal decompositions in the next Section 6.4 and
6.5 is based on the simple Malmquist index whose methodology is explained in the following

paragraphs.

6.3.1 Malmquist index

Following the methodology described in Cooper, Seiford and Tone (2007), the

Malmquist index evaluates the productivity change of a DMU between two time periods. It
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is an example of "comparative statics" analysis. Malmquist index is defined as the product
of Catch-up and Frontier-shift terms. The catch-up term relates to the degree to which a
DMU improves or worsens its efficiency, while the frontier-shift term reflects the change in
the efficient frontiers between the two time periods. We deal with a set of n DMUs
(xj,yj) (j = 1....,n) each having m inputs denoted by a vector x; e R™ and g outputs
denoted by a vector y; € R over the periods 1 and 2. We assume x; > 0 and y; > 0. The
notations (x,,y,)* = (x},y3) and (x,,¥,)? = (x%,y2) are employed for designating
DMUo (o = 1,...,n) in periods 1 and 2 respectively. We now develop the numerical
measures for which we employ the following notation. The efficiency score of
DMU (x,,y,)t measured by the frontier technology t, is represented by efficiency scores

as in the simple CCR-O model from the previous sub-section:
82((x0, o))ty =1,2and t, = 1,2) (6.27)

Using this notation, the catch-up (C) effect can be expressed as:

62((%0,¥0)?)
=" 97097 - 6.28
ERAD (629
and the frontier-shift effect (F) is represented by
1 1 1 2 1/2
_ [6 ((x0,0)) 8" ((x0,¥0) )l (6.29)
62((X0,¥0)D)  6%((x0,¥0)%)

As the product of C and F, we obtain the following formula for the computation of Ml, the

Malmquist Index,

1 2 2 2 1/2
i = [0y 520 y0) )l (6.30)

5 (X0 yo)D) - 82((Xer YD)

Expression 6.30 gives interpretation of MI as the geometric mean of the two
efficiency ratios: the one being the efficiency change measured by the period 1 technology
and the other the efficiency change measured by the period 2 technology. As can be seen
from these formulas, MI consists of four terms: &X((x,,V,)1),8%2((x,,V4)%),
51((x,,¥,)?) and 62((x,,y¥,)1). The first two are related to the measurements within the

same time period with t = 1 or t = 2, while the last two are for intertemporal comparison.
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MI > 1 indicates progress in the total factor productivity of the DMUo from period 1 to
period 2. While MI =1 and MI < 1 respectively result indicates the status quo and
deterioration in the total factor productivity (Cooper et al., 2007).

Figure 6.3 describes the intertemporal analysis in theoretical input-oriented model of
one output and output technology with VRS. Point P represents (x,,y,)* production in the
first period and point Q equivalently represents (x,,y,)? production in the second period.
So that, Malmquist index can be graphically formalized as in the textbook by Cooper,
Seiford and Tone (2007):

MI = Catchup x Frontier shift = ax x |2EED (6.31)
= Catch up rontier shif = B0 AC AE :

Catch up effect can be very generally expressed by blue lines on Figure 6.3. As the

ratio of efficiency scores from the first and second period we provide geometrical definition:
Catchup = @ £ (6.32)

BQ/ AP

Frontier shift generally depicts movement following the geometric average of yellow
elements. Yellow elements describe the mean shift of the frontier between two time periods.
The second part of expression 6.33 explains geometric average of the ratio of efficiency
score of the period 1 relative to the technology of period 1 to efficiency score of the period
1 relative to the technology of period 2 multiplied by the ratio of efficiency score of the
period 2 relative to the technology of period 1 to efficiency score of the period 2 relative to

technology of period 2. The third part of 5.33 is the same as 6.29 expression.

(6.33)

AC/AP BF/BQ |AC BF
X = [—=X—
AE/AP " BD/BQ |AE  BD

Frontier shift = \/

We see that the Malmquist index can describe the movement toward the frontier and
the shift of the frontier over time, but it lacks an explanation of the movement along the
frontier expressed by red elements on Figure 6.3. This feature is further extended in the

following sections.
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Figure 6.3 Malmquist index anatomy explained on input-oriented model with VRS
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Source: Cooper, Seiford and Tone, 2007 with author’s modifications

The shift of technology frontier may be better explained on real data example of one
output and one input model with VRS based on Henderson and Russell (2005) methodology.
Hence, they decompose productivity into the contribution of capital, labour, and human
capital stock changes, but their technology enters only one input and one output in the form
of economic output per efficient unit of labour (¥) and capital stock on the efficient unit of
labour (K). the efficient unit of labour is defined as labour stock augmented by human
capital according to the Mincerian methodology of human capital by Barro and Lee (1993).
Figure 6.4 represent efficient technology frontier envelopment progress or regress
representing years 1970 (blue elements), 1990 (red elements), and 2010 (black elements).

We follow economic development in 2 ways. Firstly, the economic capacity grows.
The technological frontier extends to the upper right corner, which indicates increasing input
and output per efficient unit of labour. Secondly, we follow the shift of the efficient frontier.
Comparing the years 1970 and 1990, we see a slight implosion of defined technology
frontier. Envelopment in 1990 imploded a bit comparing the state in 1970. This feature can
be ascribed to enormous growth in the amount of employed human capital in the production
process. Compared to Henderson and Russell (2005), we used revised human capital data of

the new generation of Penn World Tables for Figure 6.4.
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Figure 6.4 Data envelopment on real data from 1970, 1990 and 2010 in model with VRS
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Source: Author's calculations based on the methodology of Henderson Russell (2005) and data from
Penn World tables 9.2

In the following sections, we introduce the next step of intertemporal analysis
represented by non-parametric intertemporal decompositions by Henderson and Russell
(2005) and Fire at al. (2018) which provide insights into the movement along the efficient

frontier.

6.4 Standard Henderson and Russell intertemporal decomposition

This chapter is dedicated to the analysis of Henderson and Russell (2005), who
introduce human capital into a productivity convergence model based on the non-parametric
decomposition approach proposed by previous contribution by Kumar and Russell (2002).
The basic production function by Kumar and Russell (2002) follows the model proposed by
Solow (1956) and assumes inputs of labour (L) and capital stock (K) which produce
economic output () in the form of gross domestic product. Based on endogenous growth
theories by Lucas (1988) and Romer (1990), Henderson and Russell basically follow Hall
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and Jones (1999) and Bils and Klenow (2000) to augment labour from the basic Solow model
with human capital accumulation. Henderson and Russell decompose labour productivity
growth into components attributable to technological change (shifts in the world production
frontier), efficiency catch-up (movements toward or away from the frontier), and physical
and human capital accumulation (movements along the frontier) (Henderson and Russell,
2005).

6.4.1 Modification of Henderson and Russell decomposition

We modify the methodology used by Kumar, Russell (2002) and later by Henderson,
Russell (2005) to bring a new insight into the human capital literature by the usage of high-
and low- skilled rather than Mincerian human capital augmented labour in DEA
decomposition to find the contribution of high-skilled labour to economic productivity. We
base the modification on the dataset introduced by Lutz et al. (2008). Henderson and
Russell's technology contains four macroeconomic variables: aggregate output and three
aggregate inputs in the form of labour, physical capital, and human capital. However, they
use 4 variables, their model is based on one input and one output approach. They introduce
human capital augmented labour and later divide economic output and capital stock by this
new measure of efficient labour. Finally, they use economic output and capital stock per
efficient unit of labour to construct one input and one output DEA model. They calculate
time-variant contra factual input and output measures by variations in GDP, capital stock,
labour and human capital from mixed time periods 1 and 2.

First of our contributions into this stream of literature is in introducing labour skill-
mix instead of human capital measured by returns to education and average years of
schooling from Barro and Lee (1993). Labour mix is composed of an active age population
(between 20 to 64 years) divided into the low- and high- skilled labour. Low-skilled labour
is represented by no or primary educated population and high-skilled labour by secondary
and tertiary educated. Our production function is defined by one output in the form of real
gross domestic product (Y) and 3 inputs: low-skilled labour (L"), high-skilled labour

(LM9M), and capital stock (K) all divided by the measure of labour. Let define
(Yie, K, Ly O, L") where t = 1,..., T is period and j = 1, ..., ] denotes country id.
Our second contribution to the Henderson and Russell analysis is a modification of

their one input and one output decomposition. Our DEA model for decomposition contains
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multiple inputs and one output for the technology composed of low- and high- skilled labour
mix.

The Farrell (output-based) efficiency index for country j at time t is defined by:
- o e -
E (Y, Kje, Ly O, L) = min {)u %, Kje, Lo, L") € Tt} (6.34)

This index score is the inverse of the maximal proportional amount that output Y}, that can

be expanded while remaining technologically feasible. Using the terminology from the

previous chapter, we use the DEA model with output orientation. Given the technology T;
and the input quantities L3;?", LI, and K, it is less than or equal to 1. The ratio takes the

value of 1 if the jt observation is on the period-t production frontier. In this case, the index
is simply the ratio of actual to potential output evaluated at the actual input quantities. In our
multiple-output technology, the index is a radial measure of the distance of the actual output
vector from the production frontier (Henderson and Russell, 2005).

As well as Henderson and Russell (2005), we use the "sequential production set™ to
preclude implosion of the frontier over time. Basically, we construct the period-t technology
using all data up to that point in time. In particular, we construct a period-t technology
frontier using all data up to that point in time. We explain this methodological feature on

Figure 6.5.

Figure 6.5 Technology frontier implosion explained on DEA model with VRS
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Source: Author’s modification of Henderson and Russell (2018) methodology
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We recognize the implosion of efficient envelopment between periods 1 and 2 in case
of point Al and B1. If we would measure the efficiency of these points relative to the frontier
of only period 2, we would realize, that the frontier has imploded intertemporally. That is
why we use for the second-period envelopment common technology frontier composed of
data from periods 1 and 2.

We analyse the effects of 5 components of quintipartite decomposition. We find that
the contribution of (1) change in efficiency, (2) technological change, (3) capital
accumulation (4) low-skilled labour change and 5) high-skilled labour on economic

productivity. Letting t and t+1 stand for the base period and the current period, respectively.
The potential (production frontier) outputs in the two periods is given by yt(KtL'gighth"W) =

Y,/e;and o1 (Kepr LIPS LIO%) = Yiy1 /€041, Where e, and e,,, are the values of the

efficiency indices in the respective period. Thus:

= high ;low
Yiv1r € yt+1(Kt+1Lt+1 L3y

Y; ey, (KtL’tlighthow)

(6.35)

Denote ¥, (K41 Lr-2"L19%) as the potential output at the period t + 1 capital and
labour inputs using the period t technology. Similarly, potential output at the period t capital
and labour inputs using the period t + 1 technology is denoted as 37t+1(KtL'gighL’t°W). Now,

let define other combinations. The formula yt(KtL’tlighL’tT{) denotes the potential output
while keeping K and L"9" from period t, and L®* from period t + 1 using the period ¢ for

technology frontier. The formula yt(KtL't’ighLlﬁr"{) represents the counterfactual to

Ve(Ker L9129 if we would like to check the contribution of capital stock while keeping

other components constant (technology and all types of labour). There exist more
counterfactual equivalents for the expression (6.36). Multiplying the (6.35) by

_ high | _ high | _ high 1 _ high |

Ve(Kerley LX) Feele S LSY)  ye(KeLly 0 LIEY) Ve(Kelg S L) hat is th

. Righ Tow-” — (e RGR low " = (o HOR Tow —  high 0wy WHat IS 1€ same  as
Yt(Kt+1Lt+1 Liy1) )’t(KtLt+1 L) Yt(KtLt Lid1) J’t(KtLHl L&)

multiplying (6.27) by unity, we get:
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t+1 t+1 t+1

= high ;10w = high rlow = high ;1ow
Y; €t yt(Kt+1Lt+1 Liva yt(KtLt+1 Liy yt(KtLt Ly

_ high - high - high
Yer:r  eryq th+1(Kt+1L L) | Ve(Kep LI LES) | ye(K LIS LS

nioh (6.36)
_ i
% Ve(K:L; g thql-mi

Fe (K L9 Liow)

= (TE) x (TC) X (KC) x (LM9"C) x (L")

Following the previous step, we find g = 12 equivalent decompositions as in (6.36).
Accordingly, the true value of technical efficiency change (TE), technological change (TC),
capital stock change(KC), high-skilled (L"9"C), and low-skilled labour change (L")
can be derived as the geometric average of all possible alternatives (Henderson and Russell,
2005).

1 1 1 1

o= (L e < ([T ([T ([T o0

We apply the intertemporal decomposition method to reveal the contribution of high-
skilled labour on productivity growth. We verify findings from parametric literature, which
claims that high-skilled population contributes significantly more to the economic growth
than low-skilled (Flabbi and Gatti, 2018). This approach can be further extended also on a
more detailed classification of education. At least, Lutz et al. (2008) database provides 8
ISCED qualification level data for a balanced panel of countries back to 1970. Additionally,
we keep the analysis simple for later incorporation of the Gini index in Fére et al. (2018)

approach introduced in the following chapter.

6.5 Intertemporal decomposition by Fére et al.

Nonparametric decomposition by Fére et al. (2018) introduces the methodology
designed to find out how (1) efficiency change, (2) frontier shift, (3) input, and (4) output
mix contribute to the change in one of the selected inputs. We focus our analysis on the input
of high-skilled labour, or more concretely into the contribution of increasing inequality (the
Gini index) on the accumulation of high-skilled labour following the literature of inequality

of opportunities and theory of Galor and Zeira (1993).
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6.5.1 Modification of Fdre et al. decomposition

Fare et al. (2018) used a nonparametric decomposition approach to analyse the effects
of environmental regulations on employment changes. The modification of their
decomposition can be used to quantify the intertemporal change in any selected input due to
changes in technical efficiency (TE), technical change (TC), output mix change (OC) and
change in the mix of other inputs (IC). The analysis is based on the same contra factual
method as in the Henderson and Russell approach. Moreover, we also prohibit the implosion
of the technological frontier. In the modified model we extend the number of contributors to
introduce the Gini index inequality as a bad output in our technology model. Following the
original analysis by Fére et al. (2018), We treat inequality as a bad output with zero jointness
with good output. A higher value of bad output translates to the lower value of efficiency
score and producing good output does not require producing also bad output so that reducing
bad output does not need to be accompanied by a reduction in good output. Another
difference to the previous Henderson and Russell model technology is input orientation. As
far as we focus on the change in high-skilled labour as an input, it is more comprehensive to
use input orientation as in Fare et al. (2018). In aim to keep our formulations simple, we use
for input mix K and L** a common notation of X. So that the Farrell (input-based) efficiency

index for country j at time t is defined as:

high
E( it, Ginije, L mgh, jt) = max yA| (Y, Ginijt,%,%) €T, (6.38)

where T = {(Y;, Ginij, L, L9 X;,) + (Y, Ginij,) EP(L?:gh,th)}, and A represents the

high
Lg

maximum feasible contraction of all inputs. Hence, E( it, Ginije, L; jt), the reciprocal

of the Farrell efficiency measure, allows us to solve for the ratio of a DMU’s observed level

Xje) 2

1 where a value of unity indicates an observation is efficient and a value exceeding unity

of high-skilled labour relative to its efficient level. It follows that E( i, Ginije, L; Lh‘gh

high

indicates inefficiency. As a result, L; /A is the amount of high-skilled labour the country

would employ if it were efficient given its observed good output production and bad output
production (Fire et al., 2018).
The input-oriented DEA model identifies the technical inefficiency of a country by

measuring its maximum potential contraction of all inputs while maintaining its observed
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production of good and bad outputs. Et(Yt, Ginit,L’;igh,Xt) represents the efficiency of
DMU with inputs and outputs from period t compared to the setting of technology from the
same period t. In this sense, Eq,;(Y;, Gini,, L2, X,) would represent the efficiency of
DMU with inputs and outputs from period t but with the level of skilled labour from period
t + 1 compared to the setting of technology from the same period t + 1.Contra factual works
in the same manner as in the methodology from Henderson and Russell (2005). Mechanism

of decomposition is then formulated as (6.39):

[high
Aphigh _ [t
t T | high
t
I . high .. high ]
. Et+1(yt+1,Glnlt+1,Lt:_gl 'Xt-l-l) Et(Yt' Glnlt,Ltlg 'Xt)
E(Y,, Gini,, L'9", X,) Ey 1 (Y, Ginig, L™, X))
r .. high .. high T
% Et+1(Yt' Glnlt,Ltlg ,Xt) Et+1(Yt+1' Glnlt,Ltlg 'Xt)
. high . high 6.39
Eeor(Yeun, Ginig, L X,)| [ Evas (Yoo, Giniyr, L%, x,) | (839)
- high
Lesy / N
% Et+1(Yt+1» Ginit+1'Lt+gl 'Xt+1)|
Lftligh/
. high
Et+1(Yt+1» Gmlt+1:Ltlg 'Xt)

(TE) X (TC) x (YC) x (GiniC) x (IC)

We need to take into consideration also an alternative derivation of decomposition
settings in (6.39). If we extend the basic model in E; technology time dimension instead of
E;,1 we would derive contra factual situations from (6.39) within E; technology setting. So

that, both alternative decompositions are then averaged by geometrical mean as in the (6.40).

ALEH = [LZ—T] = (ﬂjTE) x (ﬂjTC) x (ﬂjoc) x (ij) (6.40)

The idea behind this type of decomposition is described well on Figure 6.6 with

N[~

1 1 1
2 2 2

geometrical formulation on equitation (6.41) and (6.2). We follow the visualization practice

from Fare et al. (2018).
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0F
0E _ %k for] [*Vos| [%E/ok y / (°E/ok)
04 %ogl | *os] 1% /oF lOA/(OA ml (6.41)
— (TE) x (TC) x (0C) x (IC)
0E
0E _ %k for] [°E/or] _ [*os / (°E /o)
0A OA/OB OA/OF OA/OM 04 /(OA/OM) (6.42)

= (TE) x (TC) x (0C) x (IC)

Figure 6.6 provides 4 isoquants. Isoquant (Y;, Gini,, T;) corresponds to good and bad
outputs from period t as well as technology T from period t. Later isoquant
(Yi41, Gini, 44, T;) corresponds to good and bad outputs from period t + 1 and technology
T from period t. Accordingly, we derive the definition of isoquants (Y;, Gini;, T;,,) and
(Yey1, Ginigy, Terq).

TE represents the shift in the employment of high-skilled labour due to the change
in technical efficiency. In the graphical meaning it reflects whether observation moved closer
to or further from the best-practice isoquant between t and t + 1 period. Improved technical
efficiency (TE < 1) decreases employment, while decreased technical efficiency (TE > 1)
increases employment. The contribution of shift in the efficient frontier to the change in
high-skilled labour between 2 periods is named TC as technology change. Technical
progress (TC < 1) decreases employment while technical regress (TC > 1) increases high
skills. Accordingly, YC, GiniC describe the change in high-skilled labour attributable to the
output mix composed of change in economic output and inequality. IC follows the
contribution of input mix to the change in the stock of high-skilled labour in the economy.
Likewise, for IC, YC, and GiniC a value exceeding unity indicates the component is
associated with increasing AL™9" petween period t and period t + 1, while a value less than
unity signifies the component is associated with declining AL"9", Finally, a value of unity

indicates the component is associated with no change in AL™9" (Fire et al., 2018).
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Figure 6.6 Intertemporal decomposition
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Source: Author’s modification of Fdre et al. (2018)

Modification of Henderson and Russell (2005) and Fére et al. (2018) methodology
allows us to contribute into the existing literature on the interrelationship between
inequalities, human capital, and economic growth. The first type of decomposition will
reveal how does human capital accumulation in the form of the stock of high-skilled labour
contribute to the growth of productivity. And the second approach decomposition describes
the contribution of income inequalities to the accumulation of high-skilled labour. The
following Chapter 7 is dedicated to the description of the dataset of panel data between 1970
and 2010 for both decompositions and in the second section of the following chapter, we

present our empirical findings.
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7 Empirical analysis

Following the aim of this dissertation thesis, firstly, we use modified intertemporal
decomposition by Fire et al. (2018) to reveal the contribution of inequality on the
accumulation of high skills in economy. Secondly, we use modified Henderson and Russell
(2005) decomposition to find the contribution of high-skilled labour to productivity growth.

In this Chapter 7, we gradually introduce balanced panel data in Section 7.1. We cope
with the typical trade-off between covering long enough time period and wide enough
sample of countries to bring representative panel data for our decomposition in later Section
7.2. Then, we present empirical results from 3 different panels for Henderson and Russel

like decomposition (later on HR) and Fire et al. like decomposition (later on FR).

7.1 Database

This section provides 3 equivalent panel data sets for two time periods covering 40
years of world countries development. We focus on two time periods. First one is between
1970 and 1990 and the second one covers period between 1990 and 2010. The reason for
more equivalents of panel data sets is caused by the limited availability of data for inequality
measure in historical statistics.

Our decomposition analysis is based on technology for FR decomposition as defined
in Section 6.5 and HR decomposition already defined in Section 6.4. Both intertemporal
decompositions together require 6 types of variables from 3 different databases. DEA
decomposition analysis requires balanced panel. Our technology requires two outputs. First
output is the standard measure of real gross domestic product in constant prices (GDP). The
second output, which is in the form of bad output, is the Gini index (Gini) as standard
inequality measure. Capital stock in constant prices (K), low-skilled (L") and high-skilled
labour (L"9™) represent 3 inputs. We focus on change in inputs and outputs between 3 points
in time. Our cross-sections are years 1970, 1990 and 2010. More consistent sample of
countries is available for the time period between 1990 and 2010. We provide an analysis of
79 countries for HR and FR decomposition for this period. For the same period is available
also extended panel with 161 countries, but only for HR decomposition. Both types of
decomposition are analysed also for the complete time span of 1970, 1990 and 2010 thanks
to a reduced sample of 33 countries, unfortunately, overrepresented by developed (OECD)

countries. In the following sections, we present construction and sources of variables and
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explain their modification for the following use in alternative labour scenarios. We
alternatively use high-skilled and low-skilled labour shares on active population and its
employment adjusted measure to partially check whether we get robust results.

It is important to highlight that descriptive statistics in the following subsections
represent all data available in source databases. Because we use 3 equivalent panel datasets,

we would like to avoid confusion by multiple descriptive statistics.

7.1.1 Economic output and stock of physical capital

Firstly, we use real gross domestic product in constant prices as a standard measure
of economic output. We use Penn World Tables (Feenstra et al., 2015) (later on PWT) as a
standardized source of historical data. The constant prices ensure that we capture the
intertemporal aspect of our analysis. PWT in this purpose provide a measure of real GDP at
constant 2011 national prices in millions of USD. The same approach as for GDP we applied
for capital stock (K) data. PWT define capital stock at constant 2011 national prices in
millions of USD.

Table 7.1 Statistics about Available Gross Domestic Product and Capital Stock

1970 1990 2010
GDP K GDP K GDP K
Obs. 156 156 180 180 182 180
Min. 7.87 15.69 59.66 163.02 86.47 1,687.98
Max. | 4,858,091.50 | 17,994,764.00 | 9,189,259.00 | 32,134,608.00 | 15,305,223.00 | 51,328,388.00
S.d. 449,775.26 | 1,638,917.21 852,238.13 | 3,145,337.13 | 1,634,773.99 | 5,959,836.59
Mean 134,891.51 447,449.98 267,505.05 | 1,022,012.04 502,643.45 | 1,926,282.10
Med. 14,679.56 37,257.14 31,587.24 96,999.91 55,642.20 195,941.75

* Data are in millions
Source: Feenstra et al., 2015

We are aware about probably better estimation of capital stock historical data by
Berlemann et al. (2017), but we keep PWT as a source for capital stock to prevent any issue
with the harmonization of two different datasets. Both GDP and capital stock are described
in the Table 7.1. The latest Penn World Tables generation 9.1. covers 182 countries between
1950 and 2017 (Feenstra et al., 2015).

7.1.2 Low- and high-skilled labour

Human capital databases usually cover a wide range of world countries for recent

years. Unfortunately, to get long enough time span back in decades use to be an issue for
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many less developed countries. Standard databases usually provide information about mean
years of schooling or enrolment rates. These variables are used in broad literature about
human capital based on the Mincerian measure of returns to education (Hall and Jones,
1999). This measure already used Henderson and Russel (2005) in their nonparametric
decomposition. But to measure how many individuals in a country possess a specific level
of education was not possible for many countries. Since the International Institute for
Applied Systems Analysis (IIASA) and the Vienna Institute of Demography (VID)
published their dataset based on the demographic method of multistate back-projection (later
on as VID-IIASA). This dataset provides a full reconstruction of educational attainment
levels by age and sex for 210 countries and territories back to 1970. Lutz et al. (2018) provide
also projections for the 21st century. This unique dataset provides new possibilities to
analyse human capital and the consequences of its accumulation. The education levels in
combination with demographical dimension have already been analysed in Cuaresma and
Lutz (2007).

VID-1IASA database provides a detailed matrix of data with dimensions of the
completed level of education, age structure, sex and time dimension. For our analysis, it is
sufficient to follow the education level in time. We follow mainly productivity literature
which use variables adjusted per worker, that is why we focus on population aged between
16 and 64. We assume that the population in active age can be treated as our input or labour
capacity in the economy. We use in further analysis only simple differentiation of active
population on low-skilled labour L°* and high-skilled labour L*9"  Although, there is a
possibility to extend decomposition and introduce more skill levels or incorporate age
structure to the nonparametric decomposition. For example, we could easily extend the
technology on Llowxyoung = [highxyoung = jlowxold gnd [highxold —\/|D-]|ASA provides
education levels based on ISCED classification. We understand classes of “no education,
incomplete primary and primary” education as L'°" and “lower secondary, upper secondary
and post-secondary” education as L"9" As we already mentioned we focus on 3 cross-
sections covering 4 decades (1970, 1990 and 2010). As we showed in Section 2.2.1, this
period is typical for increasing inequalities within the developed countries. In later steps, we

modify L'°" and L"9" for employment rates available in Penn World Tables. We use this
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adjusted measure of labour not only to avoid methodological challenge when the sum of skill

groups shares without employment adjustment is equal to one®.

Table 7.2 Statistics about education levels (share on active population)

1970 1990 2010
Llow Lhigh Llow Lhigh Llow Lhigh
Obs. 163 163 163 163 163 163
Min. 0.0029 0.0001 0.0057 0.0077 0.0056 0.0413
Max. 0.9999 0.9971 0.9923 0.9943 0.9587 0.9944
S.d. 0.2763 0.2763 0.3027 0.3027 0.2898 0.2898
Mean 0.6934 0.3066 0.5179 0.4821 0.3765 0.6235
Med. 0.7715 0.2285 0.5555 0.4445 0.3526 0.6474

Source: Lutz, Goujon, KC, Stonawski, and Stilianakis (2018)

We adjust the population aged between 15 and 64 years by employment rates for
each specific country and time period. We do it to capture labour inputs used in economic
production process better. For this adjustment, we need to assume that the same employment
rate holds for both labour-skill groups. We admit that this assumption can partially influence
our results, what we explain in the next parts. For this purpose, we combine data from PWT
and VID-1IASA. While POP and EMP represent the size of population and employment
rate, indexes PWT and VID — IIASA denote source databases. We formalize the calculation

of employment adjusted low- and high- skilled labour as follows:

Llow/high POPVID—IIASA

Lﬂlﬁow/high = X EMPPWT (7-1)

LVID—IIASA POPPWT

Liow/nign represents employed population in active age with low and high skills.

To assume the same employment rate and labour participation for both of labour skill
groups may be counter-intuitive and misleading in the next empirical section. Unfortunately,
ideal data are not available, so that we would like to introduce at least the present state of
labour variables among heterogeneous countries and to provide some findings from recent
literature. Loichinger and Prskawetz (2017) introduce well the main demographic
characteristics of labour force participation rates changes between 2000 and 2010 in selected
European countries by age and education. One among other interesting statistics provides an
excellent example of this labour demographic interrelations. They provide a piece of

4 We have run all models also on the equivalent data without employment adjustment without
significant differences in results.
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evidence, that the increase in participation among older people is mainly explained by
participation increases among those with non-tertiary education and that it is reinforced by
a general shift toward higher levels of educational attainment in higher age cohorts. Later,
OECD (2013) study shows that employment rates are highest for people with tertiary
education, whereas their unemployment rates are consistently lower than for those with less
educational attainment. We provide a more heterogeneous sample of countries and compare

OECD countries, LDCs and Other countries.

Table 7.3 Labour participation and unemployment rate in 2015

No. Early | Primar | Lover | Upper | Post Bachel | Master

school | educ. y sec. sec. sec. orter. | ter.
‘5% OECD 14 22 33 34 34 26 34 34
S < | Others 13 17 20 21 21 14 19 16
& ° |Lbc 6 6 8 8 8 6 8 6
%-E' o OECD 10 16 31 34 34 25 34 34
5 & & Others 9 14 19 19 21 12 16 12
5 > |Lbc 3 2 3 4 4 2 2 1

Source: ILOSTAT (2020)

Table 7.3 summarizes a sample of countries in each development group with
available data for labour participation and unemployment rate statistics from ILOSTAT
(2020) for the most recent and the most complete year 2015. Unfortunately, LDC sample is
strongly overrepresented by data from only 3 countries Bhutan, Mozambique and Senegal.

Figure 7.1 Labour participation rate in development groups according to level of
education
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Source: Author’s modification based on ILOSTAT (2020)
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On Figure 7.1, we can easily recognize the rising labour participation rate with
increasing level of education in case of OECD and other countries. The situation is quite
different in the case of LDCs. LDCs exhibit ambiguous relation. This can be probably caused
by underdeveloped educational system, weak labour market or limited sample of countries.
Next Figure 7.2 provides statistics about the unemployment rate among development groups.
In this case, LDCs again provides a counter-intuitive relation. While OECD and other
countries exhibit expected decreasing unemployment rate with increasing education, in case

of LDCs the relation is reversed.

Figure 7.2 Unemployment rate in development groups according to level of education
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Anyway, this part is dedicated to the simple notion, how imprecise the assumption
about similar employment rate for high-skilled and low-skilled labour could be. As
Loichinger and Prskawetz (2017) explains, this trend changes over time, so that it is not
possible to get reliable historical data. We can only summarize that the expected relationship
is stronger in the case of OECD than other countries in case of participation and

unemployment rate and that the limited sample of LDCs provides very suspicious statistics.

7.1.3 The Gini Index as a standard measure of inequality

As we already summarized in Section 2.2, there are several alternative measures of
inequality. From top quantile share through different types of indexes covering whole

distribution to absolute or relative poverty rates. Unfortunately, criteria about coverage for
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40 years and significant panel of countries accomplishes only the general measure of the
Gini index. The Standardized World Income Inequality Database Version 8 (Solt, 2019)
(later on SWIID) currently provides harmonised Gini indices of disposable and market
income inequality for 196 countries since 1960, but the number with the Gini index
availability decreases with time. While we use the Gini index just in one of the
decompositions with technology determining high skilled labour, we use a measure of
disposable income after the government redistribution rather than the Gini index for market
incomes. Additionally, we admit that government redistribution uses to be higher in
developed countries, but the effect of redistribution is out of the scope of this thesis. Anyway,
for the theory about the accumulation of human capital based on the assumption of imperfect
capital markets, it is more important to follow disposable household income or rather its
wealth. The decision about investments to human capital is derived according to household
sources. Indeed, we do not control for costs of education and educational system as a public

good. The Table 7.4 summarizes available data about the Gini index.

Table 7.4 Statistics about the Gini Index for Disposable Income

1970 1990 2010
Obs. 35 103 136
Min. 22.70 18.10 23.80
Max. 54.50 58.50 60.90
S.d. 9.05 9.58 7.93
Mean 37.55 36.99 38.22
Med. 38.10 36.80 38.20

* data for Gini index between 0 and 100

Source: Solt (2019)

Figure 7.3 and Figure 7.4 provide intuitive insight into the distribution of within-
country disposable income measured by the Gini index. In the case of Figure 7.3, we
compare the distribution of the Gini index for 35 countries for which data are available back
to 1970. In particular, it shows the change of inequalities of disposable incomes between
1970, 1990 and 2010. We see that upper and lower tails of the Gini index vanishes in time
and it starts to concentrate between values of 30 and 45 in 2010. First two periods describe
rather two-peak distribution at values 30 and 45. But Figure 7.3 presents tiny sample which

is consistent in the time, but unfortunately it is not representative over world countries.
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Figure 7.3 Kernel Density of the Gini index for disposable household income between
1970 and 2010 among 35 countries
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Source: Author’s modification based on Solt (2019)

Figure 7.4 describes distribution of the Gini index of disposable income as well but
on a significantly wider set of countries but only for the period between 1990 and 2010. The
sample of 101 countries validates findings from previous figure about the concentration of
disposable income Gini index around the value of 40, while the distribution in 1990 was
flatter with ambiguous peak between 30 and 44. Interesting is also to focus on the left and
right tail of its distribution. While it looks that inequalities increased in the most equal
countries on the left tail of the distribution (probably post-soviet countries), the blue column
around the level of 60 indicates that inequalities slightly increased also on the very top of
the distribution.

Figure 7.4 Kernel Density of the Gini index for disposable household income among 101
countries between 1990 and 2010
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While the Solt (2019) database provides comparable and standardized data about the
Gini index for a wide range of countries and time periods, we compare it at least to "All the
Ginis " dataset composed by Milanovic (2016) and provided by Stone Center on Socio-
Economic Inequality. This dataset consists only of the Gini coefficients that have been
calculated from actual household surveys. It uses no Gini estimates produced by regressions
or short-cut methods. Database covers 201 countries over period of 1948-2017 with total
2276 country-year Gini indices. This database represents a compilation and adaptation of the

Gini coefficients retrieved from nine sources.

Figure 7.5 Deviation from mean Gini of all other datasets available in country-year
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Source: Author’s modification based on “All the Ginis” (2019) and Solt (2019)

On Figure 7.6, we compare SWIID with Luxembourg Income Study (LIS) which
covers the Gini index of mostly developed countries calculated from direct access to
household surveys and microdata. The World Institute for Development Research (WIID)
dataset covers 1386 Gini observations compiled from various sources, some of which are
based on direct access to household surveys and others to grouped data. POVCAL is World
Bank-based dataset of 1711 Gini indices the most of which are calculated from direct access
to household surveys. World Income Distribution (WYD) covers 642 Gini observations of
which about 90 per cent is calculated from direct access to household surveys (Milanovic,
2019).
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Figure 7.6 SWIID Gini indices compared to “All the Ginis” dataset namely LIS, WIID,
POVCAL and WYD data sets
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We see on Figure 7.5 that on average SWIID Gini index of disposable income is on
average around 2 points lower, than the average of other datasets. This can be caused by
differentiation of marketed and disposable income in the case of SWIID. Figure 7.6 provides
insight into the consistency of SWIID Gini index with four biggest datasets from "All the

Ginis" partial datasets. We see that these partial datasets do not cover 1970 and that the
consistency is quite high.
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7.1.4 Normalisation of variables for the model and selection of samples for the

non-parametric decomposition

Later, we normalise the variables listed above by the active population. The reason
for normalisation comes from the basic DEA model with constant returns to scale which is
later used in decomposition. GDP and capital stock are divided by the active population. The
Gini index does not need to be modified while it is already indexed as a relative number
between 0 and 1. Regarding the labour, we follow the Section 7.1.2. Accordingly, we get
shares of low- and high- skilled employed on the active population. So that the sum of L;,,,
and Lp;g4p is less than unity. Because the equivalent not adjusted by employment gives sum
equal 1, it could cause inconveniences in DEA analysis. Moreover, this equivalent does not
provide statistically different results, than employment adjusted skill groups, we omit
analysis based on this statistic. We present available data described in more detail in Table
7.5.

Table 7.5 Statistics for all Available Data
1970 GINI | GDP K Liow | Lnign

Obs. 35 139 139 139 139
Min. 0.232 0.6 05| 0.002 | 0.004
Max. 0.545 | 375.9 | 1566.7 | 1.004 | 0.757
S.d. 0.092 49.1 | 139.9 | 0.202 | 0.197
Mean 0.376 20.2 58.2 | 0.437| 0.201
Med. 0.378 7.0 216 | 0.420| 0.140

1990 | GINI | 6DP | K | Ly, | Lnign

Obs. 101 162 162 162 162
Min. 0.182 0.7 0.8 | 0.004 | 0.003
Max. 0.584 | 1205 | 365.7| 0.909 | 0.874
S.d. 0.096 19.4 78.3 | 0.221 | 0.232
Mean 0.370 19.1 747 | 0330 | 0.317
Med. 0.368 13.1 475 | 0.304 | 0.244

2010 | GINI | GDP K Liow | Lnign

Obs. 135 163 163 162 162
Min. 0.238 1.2 2.3 | 0.004 | 0.037
Max. 0.611 | 1731 | 4743 | 0.940| 0.869
S.d. 0.083 27.1| 106.0 | 0.211| 0.206
Mean 0.384 26.3 | 101.5| 0.246 | 0.399
Med. 0.381 18.1 62.2 | 0.211| 0.392

*

*Gini index is from interval 0-1, GDP and K are in thousands and Lj,,,,,

Liow, Lhign @nd Ly;gp, are in labour shares
Source: Author’s modification of Solt (2019), Lutz et al. (2018) and Feenstra et al. (2015)
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In the following parts, we discuss the availability of data which is the key determinant
for building up a balanced panel data set for the decomposition part. After the modification
of variables, the availability for two decomposition approaches or two types of panels is
summarized in the Table 7.6

Table 7.6 Availability of Variables

GINI GDP K Liow Lhign
1970 35 139 139 139 139
1990 101 162 162 162 162
2010 135 163 163 162 162

Source: Author’s calculations

Altogether, we have 8 alternative panel datasets for 2 alternative time intervals with
different number of covered countries better described in the following Table 7.7. There are
different criteria for HR and FR decomposition based on the availability of the Gini index.

Therefore, it is also good to later focus on 1970-2010 and 1990-2010 periods separately.

Table 7.7 Statistics about Availability of Data for FR and HR decompositions

Approach to Data Employment adj. Active population
Decomposition FR HR FR HR
Period 70-90-10 33 103 34 139

Period 90-10 97 161 97 162

Source: Author’s calculations

Deciding which panel is feasible for partial decompositions is based on whether the
data is available in all of 1970-1990-2010 periods or only in 1990-2010 periods. Information
about the Gini index is needed for the FR decomposition what is the second limitation on
dataset composition. In particular, the approach based on employment adjusted labour mix
provides a panel of 103 countries for HR decomposition and only 33 DMUs for FR
decomposition during 1970-1990-2010 period. Doing so, we get the overall analysis of a
stable sample among all alternative decompositions for 1970-1990-2010 period.

We provide panel dataset of 97 countries for the reduced time span of period between
1990-2010. This panel contains a wider range of countries. Especially, many countries with
communist history are not present in the "33" panel. That is to run FR decomposition and
HR decomposition also on reduced time period panel, but with wider and more
heterogeneous sample of countries can bring interesting findings.

Bad availability of the Gini index information reduces datasets for single HR

decomposition which could be provided by better data coverage. Single HR decomposition
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can be applied on panel datasets of 103 countries for 1970-1990-2010 period and 161
countries for reduced period of 1990-2010. Another determinant for panel competition is the
presence of outliers which can have an unpleasant impact on the effective frontier formation.
We discuss this challenge in the following subsections.

We introduce the following figures to better describe the development of variables
over time. We focus on the more robust panel of active population labour approach.
Variables logged GDP per active age population, logged capital stock on active age
individual, the share of high-skilled among active age population and the Gini index are
depicted using distributions by the mix of a histogram and simple kernel density. These
distributions show us the development of variables through 1970-1990-2010 or 1990-2010
periods depending on the decomposition type and time span.

Figure 7.7 Distribution of variables (Active population, 34 countries, 1970-1990-2010)
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The first and the second quadrant of Figure 7.7 describes well that logged GDP and
capital stock per active population developed similarly over time. This reduced dataset of 34
countries highlights the main contours of variable distribution changes over 1970-1990-

2010. There is the two-peak distribution for productivity as well as for an increase in capital
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per worker since 1970. The distribution changes only in its width, distribution flattens and
develops its right tail. Rich countries increases the level of product and capital stock per
population, while poor nations try to catch them up. There is a proportion of poor countries
which keep the pace of the developed world, but there is still a significant proportion of
countries which lack the progress in these measures.

The share of high-skilled labour is described in the third quadrant of Figure 7.7.
Period of 1970-1990-2010 captures well the exact time span of rapid increase in high-skilled
labour worldwide. Kernel densities for selected time periods clearly show that the proportion
of countries where high-skilled labour is a major part of the active population grew
dramatically. We can see this transformation because education structure changes by the
education of younger age cohorts, which possess better opportunities for education as
noticed by Cuaresma and Lutz (2007). While the proportion of countries with more than 90
per cent of the high-skilled population in active age was only 4.29% of 162 countries in
1970, in 2010 this number increased on 26.38% of world countries. For the same time, the
median proportion of high-skilled labour among the active population increased from
22.58% to 64.74% and average among countries raised from 30.66% to 62.35%. These
statistics are better described on the third quadrant of Figure 7.8 and the education inequality
statistics on Figure 3.2.

We validate the main contours of distributions of productivity, capital per capita and
high-skilled labour share from previous reduced data also among 139 world countries for
time span 1970-1990-2010 on the Figure 7.8 but without unavailable Gini index distribution.
On the contrary, this set of countries highlights the different concentration of low values.
Naturally, countries in the previous sample were biased by availability of the Gini index,
while the Gini index is usually accessible for countries advanced institutions providing
national surveys. For this reason, the first sample represented developed economies in higher
proportion. However, the flattening two-peak distribution of logged GDP and capital stock
per active population is confirmed. Also increasing share and decreasing inequality in high-
skilled labour share can be validated.
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Figure 7.8 Distribution of variables (Active population, 139 countries, 1970-1990-2010)
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Figure 7.9 focuses on period of 1990-2010 with dataset of maximum 97 countries
feasible for both of decompositions. These 97 countries provide information about many
countries which did not exist in 1970 or did not provide feasible data.

Figure 7.9 also confirms the findings from previous datasets. In the following part,
we describe the issue of outliers and final decision about panels for further decomposition
analysis. In this part, we decide to use 3 datasets for further analysis. The first dataset of only
33 countries will represent the sample for FR and HR decomposition covering all time
periods 1970-1990-2010. Later we identify outlier countries and propose a panel sample of
79 DMUs out of 97 for reduced period of 1990-2010. This sample is also available for FR
and HR decomposition. We try to get rid of outliers because it could affect efficient frontier
and individual efficiency score as was explained in Chapter 5. The last dataset of 161
countries is designed only for the purpose of HR decomposition without the Gini index. It

contains all available countries including outlier countries.
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Figure 7.9 Distribution of variables (Active population, 97 countries, 1990-2010)
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Literature commonly identifies oil countries as usual outliers. In DEA models, these
countries score as efficient DMUSs because their extremely high GDP per capita compared
to other inputs. The reason is their wealth of natural resources that affects the production
technology which acts with a low proportion of labour on the unit of production and so
disproportional productivity. For this reason, oil countries could have an unpleasant effect
on the frontier composition in simple DEA model as well as in intertemporal analysis. That
is why, if the sample width allows so, we avoid countries like United Arab Emirates,
Azerbaijan, Kuwait, Norway, Qatar or Saudi Arabia.

Another group of outliers is a specific type of microstates focusing on financial and
other services with specific production technology. We identified city countries which could
unproportionally reshape technologically efficient envelopment. Belize, Cyprus, Curacao,
Hong Kong, Luxembourg, Macao or Singapore were identified as outliers which we aim to
avoid. In dataset of 79 countries

Table 7.8 summarizes the composition of available panel datasets. We differentiate

advanced, developing and the least developed countries in the next sections for our analysis.
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That is why we define their status according to the United Nations °definition for Least
Developed Countries (LDC) and developed definition comes from OECD membership®. We
find 39 out of 162 countries with LDC or former LDC status and 36 countries as OECD

members.

Table 7.8 Heterogeneity of Available Panel Datasets

Decomposition FR HR
Category All Oil | Micro- | | b | others | Al Oil | Micro- |} b | others
ctr. | states ctr. | states
Period 70-90-10 33 1 0 3 29 103 5 4 18 76
Period 90-10 97 3 3 12 | 79 [ 161 | 6 6 39 | 110

Source: Author’s calculations

We decide to focus firstly on the dataset containing 33 countries (16 with OECD
status). This sample contains outlier countries (Oil countries and Microstates) or LDCs, in
order to keep tiny sample large enough for period of 1970-1990-2010 and both of
decomposition types. Secondly, we target on dataset covering 79 countries without outlier
countries and LDCs (97 minus 3 oil countries, 3 microstates and 12 LDCs) for FR as well
as for HR decomposition during the period of 1990-2010. Finally, we focus on the full
dataset of 161 countries (containing oil countries microstates and LDCs) only for HR
decomposition in the time span of 1990-2010. Next Section 6.2. presents our findings from

HR and FR decompositions applied on panel datasets defined in this subsection.

7.2  Empirical results

In the previous chapters, we introduced and later modified non-parametric
decompositions by Fare et al. (2018) and Henderson and Russell (2005). As we already
mentioned, we aim to contribute to the discussion about how does increasing inequality
contribute to the human capital accumulation in the form of high-skilled labour and
consequently how does the high-skilled labour share contribute to the economic
productivity.

Regarding the DEA decomposition, we cannot talk about correlation not even about
causality between selected variables. Instead, we recognize the shift of world technology
frontier and movement towards or away from it. Individual result from decomposition talks

about the development of certain DMU or country in multiple input and output dimensions.

5 https://www.un.org/development/desa/dpad/least-developed-country-category.html
® https://www.oecd.org/about/document/list-oecd-member-countries.htm
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From the theoretical point of view, we base our analysis on the literature from previous
Chapters 2, 3 and 4, which provides arguments for the existence of interrelations between
inequality, human capital stock and economic productivity.

In the following chapter, we provide a presentation of our results from 2 equivalent
decompositions. Because the decomposition provides a result for each individual country
and variable, it is necessary to present results of our decompositions in comprehensive
density figures and box plots rather than large tables which are available in Appendix. In
Section 7.2.1, we present 2 tables on the sample of 33 countries. In other sections, we use
only histograms, kernel density and boxplot figures to compare results from different time
periods or development category of countries.

To keep logical order from previous chapters, our concept is firstly to reveal the
contribution of inequalities on the accumulation of high-skilled labour among employment
adjusted active population with an additional contribution of frontier shift, efficiency change,
output change and input mix change. In the second part, we describe the contribution of
consequent change in high-skilled labour shares on the productivity change. For the first
objective, we incorporate Fare et al. (2018) decomposition (later as FR) To verify findings
of parametric literature about unpleasant effects of inequalities on human capital formation
especially among developed countries (Galor and Zeira, 1993). And for the second goal is
important decomposition proposed by Henderson and Russell (2005) (later as HR) to verify
the positive contribution of increasing human capital formation as a prime engine of progress
in economic productivity. We present in the following section FR and HR decompositions
on 3-panel datasets (33", "79" and "161") covering the time period between 1970-2010.

7.2.1 Results from the “33” dataset

Dataset "33", the balanced panel of 33 countries, allows us to run both
decompositions (FR and HR) for both time periods 1970-1990 and 1990-2010. This dataset
describes only a small sample of world countries which is hard to consider as representative
for world population. On the first sight, developed economies are overrepresented in this
sample. 16 OECD countries in sample is unproportionally too many compared to 3 LDCs
and 14 other countries. On the other hand, the "33" dataset is the unique opportunity to
understand the whole notion of our analysis of the complete time period. Other 2 datasets in
the following sections lose the1970-2010 time period for FR decomposition because of
seldom availability of the Gini index data in historical statistics.
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Table 7.9 FR “33” 1970-1990 and 1990-2010

1970 - 1990 1990 - 2010
(33) | rﬁgh EFA | TCA | IMA | OMA | GiA | rﬁgh EFA | TCA | IMA | OMA | GiA
Argentina 1.797 | 1436 | 0.999 | 1473 | 0.89 | 0.955 1.586 | 0.888 | 0.891 | 1.263 | 1.588 1
Australia 1299 | 1.021 | 0973 | 1.037 | 1.278 | 0.987 1.16 | 1.075 | 0.908 0.81 | 1.466 1
Bangladesh 1.567 | 1.622 1] 1.039 | 093 1 1.775 | 1.468 | 0.868 | 0.833 | 1.672 1
Brazil 2316 | 1.01 | 0998 | 1508 | 1.53 | 0.996 1.367 | 1.032 | 0.899 | 1.194 | 1.229 | 1.005
Canada 1.37 | 101 | 0925 | 1.064 | 1.36 | 1.014 1.094 | 1143 | 0902 | 084 | 1.265 | 0.999
Chile 1526 | 0.76 1] 1.839 | 1.092 1 1.372 | 1.041 | 0929 | 0.698 | 2.022 | 1.005
Colombia 2344 | 0918 1| 1946 | 1311 1 1695 | 1.013 | 091 | 1.449 | 1.269 1
Costa Rica 1.786 | 1.276 1| 1.213 | 1.154 1 1.375 | 1112 | 0914 | 0.925 | 1.475 | 0.992
Germany 0957 | 1.025 | 0.898 | 0.686 | 1.515 1 1.061 | 1115 | 0.898 | 0.775 | 1.367 1
Finland 1.609 | 1.093 | 0.781 | 1.021 | 1.782 | 1.035 1.132 | 1105 | 0.841 | 0.874 1.4 | 0.996
France 1.411 | 1.083 | 0.735 | 1.112 | 1.531 | 1.041 1.275 | 1.307 | 0.757 | 1.003 | 1.284 1
United Kingdom | 9 17 1| 0709 | 1.013 | 154 | 0915 0.98 1| 0726 1| 1.357 | 0.994
Hungary 1292 | 1.019 | 0992 | 0.721 | 1.818 | 0.976 0.823 | 1219 | 0.907 | 0.589 | 1.265 1
Indonesia 3326 | 1.104 1| 1.341 | 2245 1 1.672 | 1.283 | 0.881 | 0.878 | 1.712 | 0.985
Iran 2554 | 1614 | 0913 | 2.544 0.66 | 1.032 1.452 113 | 0.854 | 1.283 | 1.168 | 1.005
Italy 1.869 | 1.018 | 0.749 | 1.415 | 1.615 | 1.073 1.443 | 1554 | 0757 | 1.008 | 1.218 | 0.999
Japan 1.101 | 1.191 | 0.989 | 0.466 2.01 | 0.998 1.123 | 1.341 | 0902 | 0.726 1.28 1
Korea (south) 2.008 0.7 1| 0791 | 3.622 1 1.348 | 1.308 | 0.905 | 0.458 | 2.501 | 0.995
Sri Lanka 1386 | 1.3 1| 0821 | 1.493 1 1.503 | 0.845 | 0921 | 0877 | 2.203 1
Madagascar 2435 1.09 1| 3378 | 0.661 1 127 | 1.236 | 0.878 | 1.452 | 0.807 1
Mexico 3.148 | 1.034 | 0986 | 2.555 | 1.208 1 1.672 | 1.294 | 0.895 1.37 | 1.054 1
Malawi 2479 | 2177 1] 1.002 | 1.136 1 1.729 | 0.817 | 0.868 | 1.905 | 1.279 1
Malaysia 2571 | 1.005 1| 1109 | 2308 1 1453 | 1.023 | 0.897 | 0889 | 1.774 | 1.004
Norway 1.107 1| 0734 | 0824 | 1.804 | 1.015 1.068 1| 0819 | 0951 | 1.428 | 0.96
Pakistan 2086 | 0.873 1| 1504 | 1589 1 1.831 1| 0913 | 1.602 | 1.253 1
Panama 1584 | 1.096 1| 1235 | 1171 1 1.782 1| 0904 | 1.076 | 1.821 | 1.006
Peru 1.772 | 1508 1| 1.635 | 0.719 1 1.566 | 0.872 | 0901 | 1.191 | 1.672 1
Philippines 1.824 | 1.396 1| 118 1.107 1 1359 | 0926 | 0.892 | 1.303 | 1.26 | 1.002
Portugal 3.041 | 0.986 0.85 | 2.077 | 1791 | 0.976 1.724 | 1.662 | 0.772 | 1.012 | 1.327 1
Sweden 1689 | 1.464 | 0619 | 1.199 | 1.445 | 1.075 1.033 | 0.884 | 0.874 0.98 | 1.366 | 0.998
Thailand 2781 | 1101 | 0998 | 1.195 | 2.147 | 0.987 1636 | 0988 | 089 | 0989 | 1.869 | 1.007
United States 1292 | 0909 | 0907 | 1.059 | 1.481 1 0.941 | 1.047 | 0.899 | 0.747 | 1.339 1
Venezuela 1.885 | 1.823 | 0.804 | 1.567 | 0.814 | 1.009 1.554 | 1.097 | 0.854 | 1.608 | 1.033 1
| rﬁgh EFA | TCA | IMA | OMA | GiA | rﬁgh EFA | TCA | IMA | OMA | GiA

Observations 33 33 33 33 33| 33 33 33 33 33 33| 33
Minimum 0.957 0.7 | 0619 | 0466 | 066 | 0.915 0.823 | 0817 | 0.726 | 0458 | 0.807 | 096
Maximum 3326 | 2177 1| 3378 | 3.622 | 1.075 1.831 | 1662 | 0929 | 1.905 | 2.501 | 1.007
St. dev. 0.626 | 0.306 | 0.109 | 0.596 | 0573 | 0.028 0275 | 0198 | 005 | 0.313 | 0.341 | 0.008
Mean 1.886 | 1.166 | 0.926 | 1.351 | 1.478 | 1.002 1.39 | 1.116 | 0.873 | 1.047 | 1.455 | 0.999
Median 1.786 | 1.083 | 0.998 | 1.195 | 1.481 1 1.375 | 1.075 | 0.895 | 0.989 | 1.357 1

Source: Author’s calculations
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We need to admit that it is not completely correct to directly compare periods 1970-
1990 and following 1990-2010. We need to keep in mind, that the process caught in one run
of decomposition describes two moments in time. To avoid an implosion of the efficient
frontier between these two periods, we need to take into consideration efficient units from
the first period, which need to be components for the second-period frontier. Unfortunately,
our program does not cover 3 periods so far (this is only matter of additional modification
of the code), so that efficient units from the period 1970 do not enter efficient frontier in
decomposition for 1990-2010, what can lead to partial distortions in continual analysis.

We start our analysis with FR decomposition of the sample of 33 countries, which is
run on the periods 1970-1990 and 1990-2010. We find that inequality does not show
consistently positive or negative contribution to the accumulation of human capital for the
full sample of 33 countries. There is no significant feature nor for 1970-1990 period neither
for the period of 1990-2010. On the other hand, if we differentiate developed OECD
countries from “Others”, we find plausible results in line with existing parametric literature.
Individual results for FR decomposition for period of 1970-1990 and 1990-2010 are
described on Table 7.10. Results for development groups are expressed on the Figure 7.11.

Figure 7.10 Contribution of the Gini index change
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We focus our attention on the distribution of all results pictured on the boxplot
diagram. On the peculiar Figure 7.10, you cannot even see that mean result of the Gini index
change for the first period is very slightly above 1 (1.002) and for the second period it is just
slightly below 1 (0.999) what would indicate very weak positive respectively negative

contribution of inequality on our sample of 33 countries. The level of standard deviation is
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very high in both cases to conclude any significant or systematic contribution of inequalities
to the accumulation of high skills (different from 1). In average, we conclude no contribution
of inequalities to the accumulation of human capital.

On the other hand, if we distinguish developed OECD countries from the group of
“Others”, there is a clear indication of the contribution direction of inequality according to
country development level and its trend over time. Both parts of Figure 7.11 show that the
mean value for the Gini index change is still practically around 1 (nor positive neither
negative contribution) in both development groups. But the dispersion of results for OECD
countries is on the numbers above 1 while results for other countries mostly do not deviate
from 1 in the first period. This can be interpreted that the contribution of inequalities was
low for both development groups, but the effect was rather positive among OECD countries
between 1970-1990. The situation changed for the period of 1990-2010. The second part of
Figure 7.11 shows that contribution of inequalities on high skills was rather positive for

developing countries and with rather slightly negative effect for OECD countries.

Figure 7.11 Focus on the Gini index change contribution according to country
development
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A very low value for the contribution of inequality on the accumulation of human
capital can be assigned to low variation in the Gini index compared to other determinant's
changes over the 20-year time periods. The Gini results can be simply erased by other
determinants.

Later, we find that efficiency change, and output change contribute positively to the
accumulation of high-skilled labour, while technical change appears to contribute in a

negative direction. Figure 7.12 later describes the contribution of the remaining four
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determinants on the accumulation of high skills for dataset of 33 countries. The positive
contribution of efficiency change is depicted in the first quadrant. Its average results are
positive values above 1 in both periods with unchanged mean of 1.116. We conclude that
productivity change in the form of GDP on active population shows a strong positive effect
on high-skilled labour formation. Input mix change, which contains the mix of low-skilled
labour and capital stock per active population inputs, contributes slightly positive to the high
skill accumulation in the first period, but with ambiguous results in the period of 1990-2010.
Figure Al in Appendix suggests that the ambiguity is present in the OECD sample while the

input mix has a positive contribution to the sample of “Other” countries.

Figure 7.12 Contribution of factors to the accumulation of human capital
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Interesting is that the technical shift seems to contribute negatively to the
accumulation of high-skilled labour. This, on the first sight surprising and counterintuitive
result, could be assigned to the fact that technological change has a direct impact on
productivity growth (we support this hypothesis in the next HR part) with consequent
potential effect on labour demand at all. Moreover, Fire et al. (2018) find in their micro-
level analysis that technological shift is associated with in average negative contribution to

growth in labour stock. The second quadrant of Figure 7.12 shows the technical change
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median effect around 1 (mean is 0.926) but with the dispersion of values in a negative
direction for period of 1970-1990. Later, for the period of 1990-2010, negative results are
more obvious with mean value 0.873 and low standard deviation of 0.05. The distribution of
results for technical change is described better on Figure 7.13. In the first period, the most
of countries resulted in a neutral contribution of technical change with most of the results
equal to 1. But in the second period, these countries experienced a negative effect on the
concentration of individual results around 0.9. This counterintuitively indicates that
technology shift started to affect the accumulation high skills rather negatively at least in the

case of our 33 countries sample.

Figure 7.13 Density of technical change contribution
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The following part is dedicated to the next part of our two-step analysis. HR decomposition
aims to look differently on the previous analysis by Henderson and Russell (2005) and apply
skill level groups of labour rather than average years of schooling to the decomposition of
productivity growth. Results of the second type of decomposition for individual countries
are presented in the following Table 7.10. This approach brings quintipartite decomposition
of economic productivity into the contribution of efficiency change, technical shift, change
in capital stock and changes in the share of high-skilled and low-skilled labour.

As well as in the previous paragraphs, we apply HR decomposition on the sample of
“33” countries for the time span of 1970-2010. Inspired by the broad literature about human
capital importance in the second half of 20" century, we affirm consistent and positive

contribution of high-skilled labour, capital stock per active population and technology
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Table 7.10 HR “33” 1970-1990

1970 - 1990 1990 - 2010
(33) APRO | EFA | TCA | KACA | 1 lowA '—'zgh APRO | EFA | TCA | KACA | 1 lowA '—hAigh
Argentina 0.89 | 0.706 1 133 | 0948 1 1.588 | 1.136 | 1.086 | 1.172 | 0.989 1.11
Australia 1.278 | 1.041 1| 1.347 0.868 1.049 1.466 093 | 1.101 | 1.459 0.98 1.001
Bangladesh 093 | 0.617 1| 1544 | 0976 1 1672 | 0681 | 1.152 | 2.095 1| 1017
Brazil 153 | 0.99 1| 1539 | 0974 1.032 1.229 | 0969 | 1.094 | 1.099 | 0.989 1.066
Canada 1.36 | 099 | 1.077 | 1296 | 0915 1.075 1.265 | 0877 | 1.108 | 1.313 | 0.989 1.003
Chile 1.092 | 1.316 1| 1077 0.77 1 2.022 | 0961 | 1.076 | 2.095 | 0.929 1.005
Colombia 1.311 | 1.089 1] 1258 | 00958 1 1.269 | 0987 | 108 | 1.063 | 0988 1.133
Costa Rica 1.154 | 0.784 1| 1475 0.998 1 1475 | 0927 | 1.062 | 1414 | 0993 1.067
Germany 1515 | 0975 | 1.104 | 1.444 | 0984 0.989 1.367 | 0.897 | 1.113 | 1.352 1 1.013
Finland 1.782 | 1.167 | 1.153 | 1.437 0.795 1.159 14 | 0916 | 1.194 | 1227 | 0.988 1.056
France 1.531 | 1.117 | 1.262 | 1.132 0.818 1.173 1.284 | 0772 | 1315 1.07 | 0.994 1.188
United Kingdom | 9 54 1]1411 | 1228 | 0887 | 1.002 1.357 1| 1377 | 112 | 0884 | 0995
Hungary 1.818 | 1.031 1 2.45 0.72 1 1.265 0.82 | 1.103 | 1433 | 0975 1
Indonesia 2.245 | 0.903 1 2.49 0.999 1 1712 | 0857 | 1.058 | 1.783 | 0.978 1.083
Iran 0.66 | 0.62 | 1.095 | 1.123 0.722 1.2 1.168 | 0.885 | 1.172 | 0976 | 0.987 1.168
Italy 1.615 11| 1296 | 1.093 | 0771 1.344 1.218 | 0.648 | 1.316 | 1.054 | 0.992 1.366
Japan 201 | 084 | 1009 | 2593 0.895 1.022 1.28 | 0.746 | 1109 | 1.565 | 0.988 1.001
Korea (south) 3.622 | 1.428 1| 2954 0.859 1 2501 | 0.809 | 1.086 | 3.038 | 0.929 1.009
Sri Lanka 1.493 | 0.885 1| 172| o981 1 2203 | 1184 | 1085 | 1745 | 0965 | 1.018
Madagascar 0.661 | 0.918 1| 0699 0.997 1.035 0.807 | 0.809 | 1.139 0.87 1 1.006
Mexico 1.208 | 0.967 | 1.014 | 1.113 0.938 1.18 1.054 | 0.773 111 | 1124 0.99 1.104
Malawi 1.136 | 0.459 1 2.46 0.998 1.008 1279 | 1224 | 1152 | 0.908 1 1
Malaysia 2308 | 0.995 1| 2641 | 0878 1 1774 | 1028 | 1.087 | 1657 | 0093 1.03
Norway 1.804 1] 1275 | 1.267 1.071 1.042 1.428 1] 1221 112 | 1.017 1.027
Pakistan 1.589 | 1.145 1| 1382| 0998 | 1.005 1.253 1| 1.096 | 1.066 | 098 | 1.094
Panama 1.171 | 0.913 1| 1361 0.943 1 1.821 1| 1089 | 1567 | 0.999 1.068
Peru 0.719 | 0.663 1| 1.088 0.997 1 1.672 | 1.146 | 1.096 | 1.358 0.98 1
Philippines 1107 | 0.717 1| 1551 | 0997 1 126 | 1.107 | 1.097 | 1.076 | 0.964 1
Portugal 1.791 | 1.278 | 1.088 | 1.063 0.907 1.336 1.327 0.63 | 1.254 | 1.036 0.99 1.638
Sweden 1445 | 0.862 | 1.35 | 1.137 0.838 1.304 1.366 | 1.131 | 1.153 | 1.045 | 0.991 1.011
Thailand 2147 | 0.865 1| 249 | 0997 1 1869 | 1.056 | 1.07 | 1517 | 0984 | 1.108
United States 1.481 | 1.101 | 1.103 | 1.214 0.934 1.075 1339 | 0955 | 1113 | 1.271 | 0.994 0.997
Venezuela 0.814 | 0578 | 1.232 | 1.057 0.818 1.323 1.033 | 0912 | 1.167 09 | 0992 1.088
APRO | EFA | TCA | KACA | 1lowA | 1 highA APRO | EFA | TCA | KACA | 1 lowA | 1 highA
Observations 33| 33| 33 33 33 33 33 33 33 33 33 33
Minimum 0.66 | 0.459 1] 0699 0.72 0.989 0.807 | 0.3 | 1.058 0.87 | 0.884 0.995
Maximum 3622 | 1428 | 1411 | 2.954 1.071 1.344 2501 | 1.224 | 1377 | 3.038 | 1.017 1.638
St. dev. 0573 | 0215 | 0.118 | 0574 | 0089 | 0.111 0.341 | 0.149 | 0077 | 0433 | 0.026 0.125
Mean 1.478 | 0.941 | 1.075 | 1.547 0.914 1.071 1455 | 0.933 | 1.137 | 1.351 0.98 1.075
Median 1.481 | 0.975 1] 1347 0938 | 1.005 1357 | 093 | 1108 | 1.227 | 0989 | 1.027

Source: Author’s calculations
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change to economic productivity in the last 40 years. We also show that high skills
contributed more to productivity in developed countries for the period of 1970-1990, while
the coin flips in the second period of 1990-2010, when the high-skilled labour contributes
more in case of non-OECD countries.

Figure 7.14 Contribution of high-skilled labour share change
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Source: Author’s calculations

Firstly, we show that high-skilled labour contributes positively to the growth of
economic productivity. Its contribution is presented on Figure 7.14 with mean value slightly
above 1 for period of 1970-1990 and increased average contribution for the second period.
We see that higher education has a positive effect on productivity in all countries except an
outlier case. Dimension of country development can be followed on Figure 7.15, where it is
obvious that in the period of 1970-1990 the higher education contributes more to the
economic productivity of OECD countries (mean around 1.11) with minor effect in case of
other countries. Later, the contribution attenuated for developed countries with already high
share of high-skilled labour and non-OECD countries exhibit a slightly higher effect of high-
skilled labour on productivity than OECD group during the period of 1990-2010. These
results are elaborated more precisely in Section 7.2.3 on the dataset covering 161 countries
for period of 1990-2010.

Results for other determinants of economic productivity are explained in Figure 7.16.
We see an average negative contribution of efficiency change in the first quadrant of the
table with the concentration of values in a negative area, it is true especially in the second
period. This naturally indicates that if countries become less effective, it has rather a negative

effect on their productivity growth.
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Figure 7.15 Focus on high-skilled labour contribution
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While the third quadrant describes consistently positive contribution of capital stock
to productivity with decreasing mean over time (from more than 1.547 to less than 1.351),
the fourth quadrant depicts a negative effect of low-skilled share. Negative contribution of
low-skilled labour share diminishes in the second period.

Second quadrant of Figure 7.16 describes positive and increasing contribution of
technical shift on productivity growth. The technical change increases on its importance in
the second period, when the average contribution raised from 1.075 with robust positive tail
of the distribution in 1970-1990 to the average value of 1.137 with decreasing standard
deviation. This indicates that the contribution of technological shifts to productivity
increases over time. Another interesting insight into the role of a technology shift is the
country development dimension. Figure 7.17 indicates that while there is almost no
contribution with average 1.019 of technological change on productivity progress in non-
OECD countries in the first period, OECD countries exhibit robust gains from technical shift
to productivity with average equal to 1.134. This gap in results partly converges in the second
period with an average contribution of 1.171 for OECD and 1.104 for other countries. The

probable explanation of the higher technical
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Figure 7.16 Contribution of factors to productivity change
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shift in developed countries can be found on Figure 6.4. We can graphically follow on this
figure under the settings of Henderson and Russell (2005) that the efficient frontier shifts
more in the upper right quadrant, which captures mostly developed countries. The lower-left
part of envelopment to which underdeveloped region is relatively compared exhibits only

small movement of the frontier.

Figure 7.17 Focus on technical change contribution
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We showed application of both decomposition equivalents on two time periods
during 40 years between 1970-1990-2010. On the basic dataset of 33 countries from which
around half is from OECD members group. We find the evidence about the ambiguous
contribution of inequalities on human capital accumulation in the form of high-skilled
labour. We showed also that development of countries matters. For underdeveloped sample,
the higher inequality suggests a slightly positive effect on the accumulation of human capital,
while negative for developed countries between 1990-2010. From the HR decomposition,
we affirmed the persistently positive effect of high skills accumulation on productivity
progress with its increasing contribution over time for developed countries. Interesting is the
confirmation of technical shift importance for developed countries. We need to admit that
dataset of only 33 countries is not a representative sample of world population, but we at
least use the advantage that it covers full time span of 40 years. Later, we constructed dataset
of 97 countries without outlier countries for more representative results at least for the time
period from 1990 to 2010.

7.2.2 Results from the “79” dataset

Dataset 79" is a balanced panel of countries covering all data needed to run both FR
and HR decompositions on the time period between 1990-2010. This dataset does not
contain usual outliers in the form of oil countries, microstates and LDC countries. We avoid
its possibly unpleasant effects on efficiency frontier construction. We differentiate 33
developed OECD countries and quite heterogeneous sample of other 46 non-OECD
countries.

Our results from this part mostly affirm findings from the previous section.
Moreover, we find that inequality has a slightly negative contribution to high skills
accumulation for developed OECD countries while non-OECD countries exhibit a neutral
effect of the Gini index changes. We show these results on Figure 7.18. Three-quarters of
OECD countries experience negative contribution and non-OECD countries results
concentrate strictly around the value of 1. This indicates a neutral effect of inequality change
on the accumulation of human capital in the case of non-OECD countries.

Contribution of the other determinants of FR quintipartite decomposition is depicted
on Figure 7.19. Results from extended dataset do not provide any striking differences
compared to the previous panel of only 33 countries. Efficiency change contribute to the
accumulation of high skills for three-quarters of OECD countries and in one half of non-

115



OECD countries. Output change has a positive effect on the increase in high-skilled labour

with an average result almost

Figure 7.18 Contribution of the Gini index change to the accumulation of human capital
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1.5 for both development groups, but with a higher standard deviation in case of “Other”
countries. Input mix contributes negatively to the share of high-skilled labour. Three quarters
of OECD countries experienced a negative and around three quarters of “Other” countries
experience a positive contribution of input mix to the accumulation of high-skilled labour.
The contribution to high-skilled labour formation by technical shift is negative in all
79 countries. Figure 7.20 delivers more insights into the distribution of technical shift results
and indicates that it has a stronger negative effect on high-skilled labour in developed
countries. While the average result is 0.835 for a sample of OECD countries, the average
contribution for “Other* countries 1s only 0.903. These results support the idea about the
negative effect of technological improvement on labour at all described in previous Section
7.2.1. The partial explanation of why the effect is more negative on OECD countries can be
probably found on Figure 6.4. While this figure follows the Henderson and Russell (2005)
methodology, it clearly shows that the efficient frontier shift is more significant in its higher
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Figure 7.19 Contribution of factors to the accumulation of human capital
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parts. In other words, developed countries experience technological improvement in higher
proportion compared to the less developed world. The technological benchmark for LDCs
and a big proportion of other countries, in general, does not change, which results in limited
contribution of technological change to changes in other variables.

Figure 7.20 Contribution of technical change to the accumulation of human capital
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Findings from HR decomposition from the dataset of 79 countries are presented only
briefly because we extend this analysis on the panel of 161 countries in the following section
and because we confirm findings from previous dataset in this part. Figure 7.21 finds positive
contribution of high-skilled labour on productivity progress. We find that the average
contribution is slightly higher in developing countries than in OECD sample between 1990-
2010.

Figure 7.21 Contribution of high-skilled labour share change to productivity growth
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Furthermore, four quadrants of Figure 7.22 explain results for contribution to productivity
change by another 4 determinants. Contribution of capital stock on the active population is
positive for all OECD members and three-quarters of “Other” countries. On the other hand,
the effect of low-skilled labour share contributes negatively with longer negative tail in the
case of non-OECD countries. Efficiency change contributes to productivity negatively in
three quarters of 33 developed nations and developing countries results distribution has
median close to 1. Technical shift in the second quadrant of Figure 7.22 contributes

positively in both groups of countries, but the effect is more significant in OECD category.
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Figure 7.22 Contribution of factors to productivity growth
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7.2.3 Results from the “161” dataset

Dataset of 161 countries is dedicated to the analysis of changes during the period
between 1990 and 2010. Dataset "161" covers almost all world countries and territories.
Panel is available only for the purpose of HR decomposition. Unfortunately, the Gini index
lacks harmonisation for such a wide range of countries. Panel contains outlier oil countries,
microstates and LDCs. We present our findings by highlighting the distribution of results
using kernel density visualisation. We divide our dataset of 161 countries according to
development level. We define a group of 36 OECD member states representing the most
developed nations, a sample of 39 LDC countries according to the UN list and group of 73
"Other" countries. We do not interpret the results of 4 "Oil countries™ and 6 "Microstates” in
the following paragraphs, but their results are available in the Appendix.

Firstly, we focus on the contribution of high-skilled labour on productivity change.
We find it in average positive for all development groups with only a few outlier countries
with a negative contribution of high-skilled labour on productivity change. The negative
contribution of high-skilled labour to productivity growth is always connected to negative
contribution of low-skilled labour. This suggests that this finding is rather an effect of
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employed labour share on active population or imprecision of employment adjusted measure
of high- and low- skilled labour. On the other hand, the most of countries with negative
effect are former communist countries, what supports the notion about employed share on
active population. For more details about countries which experienced a decrease in the share
of high-skilled labour over time you can find in Appendix. Later we can recognize the
increased contribution of high-skilled share for less developed countries on Figure 7.23. It
shows that for OECD countries which already reached a high share of high-skilled labour in
1990, the level of high-skilled labour change contribution is minor. While the 9™ decile is
1.067 for OECD countries, its value is 1.138 for “Other” and 1.244 for LDC countries, what
indicates significantly higher contribution for the under-developed countries. Average
contribution score is also ordered according to the development group. OECD countries
exhibit in average 1.029, the value is 1.074 for other and 1.164 for LDC countries.

Figure 7.23 Contribution of high-skilled labour change to productivity growth
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We summarize that the developed OECD countries with already high share of
secondary and tertiary educated labour gain from this factor only slightly between 1990 and
2010. While the contribution is positive for all development groups, the highest impact is
experienced in case of developing LDC countries still with the potential to increase the share
of high-skilled among active population.

Contribution of other determinants to productivity growth is summarized on the
Figure 7.24. Firstly, we would start with expected negative contribution of low-skilled labour

share to productivity progress described in the last quadrant of Figure 7.24. In this point, it
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is interesting the insight from the country development dimension. Results of LDCs
concentrate almost exclusively between 0.9 and 1 which indicates a slightly negative effect
on productivity change by low-skilled share. Left tail of the distribution is longer for the
group of “Other” countries with 10" decile around the value 0.75, with more robust tail for
OECD countries with 10" decile equal to 0.812 and with the mean contribution of 0.895 for
both groups. This indicates that if the country experiences an increase in the share of low-
skilled population between 1990 and 2010, the effect would be more negative among

developed countries.

Figure 7.24 Contribution of factors to productivity growth
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Efficiency change, in the first quadrant of Figure 7.24, exhibits rather a negative
effect on productivity change. 3 quarters of OECD, half of other countries and more than
one half of LDCs exhibit result lower than 1. We can generalize the effect of efficiency
change on productivity development as ambiguous. The only difference between
development groups is in the standard derivation of results (OECD: 0.139, other: 0.281 and
LDCs: 0.309) what indicates the higher heterogeneity in efficiency change effect among

lower developed economies.
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Very similar tendency occurs in the case of capital stock per active population with
results in the third quadrant of Figure 7.24. Again, the variation in the contribution is the
highest for LDCs (st. dev. 1.17) with the lowest dispersion of its values in the case of OECD
countries (st. dev. 0.206). Later, all OECD countries experienced positive contribution of
capital stock on productivity change, which is not true for LDCs and group of “Other”
countries. Strikingly intuitive results are provided by the HR decomposition for the
contribution of technological change. We demonstrate that technological change has almost
no contribution to LDC countries, mild for a sample of “Other” countries and the highest
positive contribution for OECD countries. While the mean contribution for the OECD group
is around 1.272 (st. dev. 0.111) and the mean of “Other” countries is 1.218 (st. dev. 0.213).
The average contribution of technology to productivity of LDCs concentrates around 1.029
(st. dev. 0.026). This indicates that while the efficiency change has an ambiguous
contribution to all development groups, the shift of technological frontier exhibits rather a
neutral effect on less developed countries and significantly positive contribution to
productivity of the developed world.

The following section is dedicated to further findings from FR decomposition. We
find that the relation between change in the Gini index and the contribution to the high-
skilled labour. We also provide further results for verification of the hypothesis that

inequality would affect the accumulation of high skills with a lag of 20 years.

7.2.4 Lagged Gini analysis

According to inequality of opportunity literature, the inequality enters the process of
human capital accumulation in the childhood of an individual. Following this argument, it is
worth to verify whether the 20-year lag in disposable income Gini index would affect our
results differently. We apply this principle on the period of 1990-2010. We use all variables
from these two periods, but the lagged Gini index in 1990 is from the year 1970 and the Gini
index for the period 2010 is from the year 1990. We simply assume that the inequality 20
years ago would enter the decision making about the future education, which becomes a part
of production function with 20-year lag.
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Figure 7.25 The contribution of the lagged Gini index change according to the country
development group between 1990-2010
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Figure 7.25 shows that regarding the group of 14 “Other” countries that the
contribution of the lagged Gini index has a lower positive contribution to the accumulation
of human capital than in the case when using current Gini index. On the other hand, the result
in the case of 16 OECD countries, the direction of the Gini index contribution has changed.
While the contribution is rather negative for the decomposition with current Gini index, three
quarters of results from decomposition with lagged Gini index provide positive contribution
to the accumulation of high skills. These results are unfortunately run on the small and
heterogeneous sample. Moreover, the questionable is a length of the lag. The lag would
probably require additional analysis about the country specific average years of schooling.
We would assume that decision about the higher level of education could vary depending on

the limit of usual average length of study program in a certain country.

7.2.5 Gini effect

Finally, we would like to conclude also, that contribution of inequality exhibits
systematic feature between country change in the Gini index and its contribution to high
skills formation. If there is a decrease in the Gini index over time, its contribution is positive
or there is no contribution with a result equal to one. On the other hand, if the level of
inequality rises between two time periods, it contributes negatively to the accumulation of
human capital or there is no effect. You can see this feature in all 4 cases we apply FR

decomposition on Figure 7.26.
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Figure 7.26 Relation between the change in Gini index and its contribution to the
accumulation of human capital
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This finding is in line with inequality literature dedicated to social mobility and
theory of Galor and Zeira (1993). Increased inequality contributes inversely to the
accumulation of high skills or, in general, to the accumulation of human capital This finding
is treated rather as an observation from our DEA decomposition and as a proposition for
further research than as the final conclusion or evidence of causality. Anyway, taking into
consideration non-parametrically constructed efficient frontier and its shift over time, as well
as accounting for movement of a DMU toward or away from this benchmark, and together
with the effect of other determinants, we find inverse or no contribution effect of inequality

change to the accumulation of high skills.
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8 Discussion and Conclusion

The last chapter is dedicated to the summary of findings from this dissertation thesis

and to a description of methodological challenges or potential improvements of our work.

8.1 Discussion

We tried to contribute to a topic which is already covered well by parametric
approaches. Introducing a different approach to the existing discussion is always followed
by a fruitful debate. This section is dedicated mainly to the discussion of certain aspects and
methodological challenges in this dissertation thesis. Most of these challenges are assigned
to the non-parametric DEA approach, which is used to compose an efficient envelopment of
countries. This way, we bring the aspect of the contribution of the technology shift and
movement towards or away from the efficient frontier into the discussion. The following
modifications of intertemporal decompositions allows us to perform an additional analysis
of the contributions between certain inputs and outputs, but we need to be aware of the
limitations of our methodology.

Following the recent literature, we need to admit, that the Gini index does not have
the best ability to fully cover the distribution of resources in the economy among the pool of
inequality indicators. As we explain in Section 2.2, the Gini index does not change much in
time, which makes it complicated to capture its effect on other variables. What is more, the
Gini index is not capable of indicating certain shifts of income between distribution groups
(Nezinsky and Luptacik, 2019). Our dissertation has the ambition to cover 40 years of
development, and that is why the Gini indicator is the only option in terms of the historical
availability of data. Our analysis does not cover other indicators, which could shed more
light at least at the reduced time span of 1990-2010. We provide a comparison of different
sources of the Gini index in Section 7.1.3., which provides an indication of the skewness of
the SWIID database. Because we use the simple Gini index, our analysis may not capture
fully the effect of inequalities on the accumulation of high-skilled labour.

Following the methodology of the decomposition by Fire et al. (2018) and later by
Henderson and Russell (2005), we used the basic DEA model with constant returns to scale.
The introduction of a radial DEA model with variable returns to scale, which also takes into
account the potential effect of the economy size, could probably improve our analysis.

Another extension would be using the advantage of the non-radial slack based model which
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could reveal the potential complication of a weak efficiency and ignore the radial orientation
on inputs or outputs (Cooper et al., 2007).

Probably the main weakness of the DEA approach is its sensitivity to heterogeneous
samples and outlier countries. In DEA, it is common to select a sample of countries or DMUs
which does not contain outliers. If outlier scores were efficient, it could influence the
efficient frontier with an implausible effect on efficiency scores and thus also on the
decomposition results. This weakness could be relevant mainly in the dataset of "33"
countries, where we are limited to the selection of a more homogeneous sample. For this
reason, we avoid outlier countries in the dataset of 79 countries which does not provide
results different from other datasets. The "79" dataset is probably still quite heterogeneous
even when we get rid of the usual outliers of oil countries, city-states and LDCs. We ran a
robustness check on the sample "79" which provides evidence about a minor effect of
outliers on the decomposition results of inefficient countries. The reason for this are the
numerous counterfactual simple DEA models which enter a single decomposition score so
that the outlier input or output feature is spread among these counterfactuals and does not
affect the score as in the case of a simple model. On the other hand, a heterogeneous sample
allows us to extend our simple decomposition by the dimension of country development
groups. To deal with heterogeneous samples, it is common practice in DEA to apply the
comparison of systems, which allows us to compare efficient frontiers between different
groups with homogeneous technologies (Cooper et al., 2007).

Unfortunately, described in Figure 6.5, our analysis of the "33" dataset does not
provide a continuous intertemporal analysis of all 3 time periods. Our decomposition takes
into consideration a prohibition of the efficient frontier implosion, but only between two
points in time. That is why our actual model treats only a time span of 2 periods instead of
3. For this reason, it is not completely correct to directly compare the development in 1970-
1990 and 1990-2010 as a continuous process. This issue could be solved through further
extension of the model.

Later, there is a possibility to modify our approach in the way we treat a bad output
in the form of the Gini index. We could alternatively treat inequality as an input or as a good
output. It is common practice in DEA analysis to convert a bad output to behave as a good
output, so we could take the Gini index as a positive index 1- Gini.

Furthermore, the question is how we adjust the active population by employment rate
in Section 7.1.2. We use the same employment rate for both skill groups, which, as we
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explained, is not the ideal option, but because of the limitation of historical data, we decided
to use this sub-optimal measure in the DEA analysis of high- and low- skill groups, the sum
of which is not 1. This aspect could not be in line with our DEA assumptions and we would
need to account for mobility of labour force between countries, which is not captured in the
VID-11ASA database.

Nevertheless, our non-parametric decomposition follows methodological standards
from previous DEA literature. Our modifications allow us to analyse linkages between
inequality and the accumulation of high skills and consequently between the high skills and
growth of productivity. In the next section, we present our conclusions and specify our

contribution to the existing research into this topic.

8.2 Conclusion

In this section, we summarize our findings and specify our contribution into the
literature about the interrelation between inequality, human capital formation and economic
growth. Our contribution is based on introducing the technological frontier defined by the
DEA model to this issue. In particular, we modified non-parametric decompositions by Fére
et al. (2018) and Henderson and Russell (2005) to reveal the contribution of inequality to
high skills formation in the first step and then we analyses the contribution of high-skilled
labour to economic productivity. In other words, we used the advantage of the DEA
methodology and took into consideration also the effects of technological frontier shift,
efficiency change impact, output mix and input mix change, as we explained in the
methodology section. In the following paragraphs, we present findings from modified
intertemporal decompositions, which may bring a new aspect into the literature covered well
by parametric methodology.

Firstly, the findings from Section 7.2.5 about the FR decomposition on datasets 33"
and "79" indicate that inequality development systematically contributes to the accumulation
of high-skilled labour. In general, we observe the inverse feature between the change in Gini
index and its contribution to the accumulation of high skills. If the Gini index decreases over
time, its contribution to high skills is positive or neutral (with a result equal to one or higher).
On the other hand, if the level of inequality rises between two time periods, it contributes
negatively to the accumulation of human capital or there is no effect (with a result equal to
one or lower). In general, these results indicate the expected direction following the results
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of recent inequality literature that the relationship between inequality and the accumulation
of high skills, with many countries with no effect.

Secondly, in line with the recent parametric literature, we see changes in the effect
of inequality on the accumulation of high-skilled labour over time and among country
development levels. In general, the contribution of inequality on the stock of high skills is
rather neutral for the full sample of countries, but if we differentiate the development level
of countries, we recognize an interesting feature between development groups. In the first
period of 1970-1990, OECD countries exhibit a slightly positive effect of inequality on the
accumulation of human capital in line with the model by Galor and Moav (2004). Later, the
contribution becomes rather negative in most of the developed countries in the 1990-2010
period. Following underdeveloped countries, the contribution of inequality is concentrated
strictly around 1, which indicates no effect of inequality on the stock of high skills in 1970-
1990. Later, the contribution becomes slightly positive in the second period of 1990-2010.
This is in line with development theories, which consider inequality beneficial in early stages
of development, but with a negative effect on the accumulation of education in later
development stages, when education becomes an engine of economic development.

The last insight to the analysis between inequality and the accumulation of high skills
was based on the simple introduction of lagged inequality measure into the intertemporal
analysis. This idea followed the theory about the inter-generational transmission of
inequalities, but it would require a more detailed analysis of regional differences in the length
of lag and education costs in future research. If we introduced the effect of the Gini index
with a 20-year lag to the "33" panel, the contribution would change for both development
groups. Section 7.2.4 provided a piece of evidence that the lagged Gini index for "Other"
countries would decrease the positive effect in the most countries in 1990-2010, but in the
case of developed countries, the slightly negative contribution in 1990-2010 period would
change its direction to rather a positive contribution to high skills with the lagged Gini index.

Naturally, in the second step of our analysis, the HR decomposition confirmed
findings about the positive contribution of high skills to economic productivity. All four HR
decompositions provided a piece of evidence in favour of this hypothesis and showed a
negative contribution of low-skilled labour on productivity. From the point of view of the
HR decomposition, it is more interesting to follow the differences in the distribution of

results according to time and country development.

128



In this step, we analysed the contribution of high-skilled labour on economic
productivity. The HR decomposition employed a different model than the FR
decomposition. The HR model did not incorporate the Gini index. The effect of inequality
entered the model through the stock of high skills. Firstly, the 79" dataset mostly validated
findings from the decomposition on the previous sample of “33" countries. The analysis of
the 1970-1990-2010 timeframe provides arguments for the decreasing positive contribution
of high skills to economic productivity in the case of developed countries and the increasing
positive impact of high-skilled labour on the productivity of underdeveloped regions.
Specifically, in the period of 1970-1990, higher education contributed more to the economic
productivity of OECD countries and only had a minor effect in the case of other countries.
Later, the contribution attenuated for the developed world with an already high share of high-
skilled labour and non-OECD countries exhibited a slightly higher contribution of high-
skilled labour to productivity during the period of 1990-2010 than the OECD group.

Later, we analysed the development aspect through the HR decomposition more
deeply. The "161" dataset provided a wide sample of world countries between 1990-2010
and confirmed findings on a more granular level. If we differentiate OECD, LDC and
“Other” country groups, we find that the positive contribution of high skills is the highest in
the case of the least developed countries, lower among the group of other countries and still
positive, but the lowest for the developed OECD countries. The situation is reversed for
technical shift contribution to productivity. Movement of the technological frontier has the
most significant positive contribution to productivity in developed countries, lower with a
wide dispersion of results for “Other” countries and a very limited positive contribution of
technology improvement for LDCs.

Finally, we would like to sum up our findings. We showed that hat the nonparametric
approach which, in comparison to parametric methodology, introduces a technological
frontier type of analysis, can provide a new insight into the literature about the
interrelationship between inequality, the accumulation of human capital an economic
growth. This dissertation thesis only presented the general results of our decompositions, but
indicated results were very similar to the majority of inequality and economic growth
literature. As well as parametric methods, we summed up the positive effect of high skills
on the growth of economic productivity, with a higher potential among the less developed
world in recent decades. Later, we found a higher effect of the technology frontier shift on
productivity growth among developed countries. And finally, we also summarized the low
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effect of inequalities on the accumulation of high-skilled labour, which contributed to high
skills stock positively in the case of OECD countries in the 1970-1990 period and on the
underdeveloped world. What is important is the negative effect of inequality on high-skilled
labour in the case of developed countries between 1990-2010. This result is in line with the
very recent inequality literature, which provides strong evidence that inequality harms
economic growth through a reduced accumulation of human capital in modern developed

countries.
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