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Abstract 
This paper examines gender discrimination in the Australian graduate labour 
market, using data from the Graduate Destination Surveys 1999-2009. A framework 
of analysis provided by the over-education/required education/under-education 
literature is applied. A smaller gender wage gap is found for university graduates 
than that reported for all workers in earlier studies. It is shown, however, that 
the gender wage gap widens with the age at graduation. This pattern is argued to 
reflect the influence of the mismeasurement of actual labour market experience in 
the conventional education and experience earnings equation on the standardised 
gender pay gap. Female graduates are less likely to be overeducated, compared to 
male graduates. Over-education, while associated with substantial penalties, is not a 
substantial contributor to the gender wage gap.  

JEL	classification:	J240;	J310;	J700	

1. Introduction 
In	 a	meta-analysis	 of	 263	 international	 empirical	 studies	 spanning	 from	 the	 1960s	
to	 the	 late	1990s,	Weichselbaumer	 and	Winter-Ebmer	 (2005)	 reported	a	halving	of	
the	gender	wage	gap,	from	65	per	cent	to	30	per	cent.	This	decline	was	attributed	by	
these	authors	to	the	equalisation	of	human	capital	endowments.	The	typical	Blinder-
Oaxaca	wage	 residual,	 or	 the	 gender	wage	 gap	 usually	 attributed	 to	 labour	market	
discrimination,	was	reported	to	have	been	unchanged	over	time.		

The	gender	wage	gap	in	Australia	has	also	fallen	considerably	since	the	1960s	
(see,	for	instance,	Borland,	1999;	Gregory,	1999).	In	contrast	to	the	situation	overseas,	
however,	the	change	in	Australia	appears	in	large	part	to	be	due	to	a	decrease	in	the	
size	of	the	Blinder-Oaxaca	wage	residual,	following	the	Equal	Pay	decisions	of	1969	
and	 1972,	 and	 the	 Sex	Discrimination	Act	 of	 1984	 (Miller,	 1994).	Nevertheless,	 a	
standardised	gender	pay	gap	of	up	to	15	per	cent	remains	(Borland,	1999).	
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Recent	studies	of	this	gender	pay	gap	have	documented	a	number	of	striking	
patterns.	First,	it	has	been	established	that	the	gender	pay	gap	is	quite	modest	among	
15-19	year	 olds,	 and	 increases	with	 age	 (ABS,	 2004).	The	minor	 gender	wage	gap	
among	15-19	year	olds	could	be	due	to	minimum	wage	effects.	The	male	minimum	
wage	was	extended	to	females	in	1974.	Under	this	explanation,	it	would	be	expected	
that	 there	would	be	a	 reasonably	 sharp	 jump	 in	 the	gender	pay	gap	between	youth	
and	older	workers,	as	one	moves	from	a	wage-setting	regime	where	minimum	rates	
of	pay	are	more	prevalent	to	a	situation	where	wages	are	more	likely	to	be	above	the	
minimum.	An	alternative	explanation,	that	draws	on	a	more	gradual	widening	of	the	
female	wage	disadvantage	with	age,	is	that	the	measure	of	labour	market	experience	
included	 in	 the	 conventional	 education	 and	 experience	 earnings	 equation	 becomes	
increasingly	error	prone	among	older	workers.	

A	second	pattern	evident	in	the	studies	is	that	the	gender	wage	gap	is	larger	
among	the	better	educated	than	it	is	among	the	less-well	educated	(OECD,	2011).	The	
greater	wage	disadvantage	experienced	by	tertiary	educated	females	compared	to	their	
counterparts	without	post-secondary	qualifications	is	presumably	a	reflection	of	the	
glass	ceiling	effect	reported	by	Kee	(2006).	This	may	also	be	linked	to	institutional	
factors.	The	graduate	 labour	market	 is	 a	 relatively	high-wage	market,	with	 average	
starting	salaries	well	above	 the	average	 for	non-graduates	of	a	similar	age.	Preston	
(2001,	p.	199)	argues	that	‘Females	benefit	from	institutional	regulation	(e.g.	minimum	
wage	laws)	when	it	comes	to	wage	determination’.	It	would	therefore	be	expected	that	
as	institutional	regulation	would	have	little	impact	on	the	graduate	labour	market	the	
graduate	gender	wage	gap	could	be	significant.		

From	this	perspective,	a	study	of	gender	wage	discrimination	in	the	graduate	
labour	market	 has	much	 appeal.	 It	will	 permit	 assessment	 of	 the	 relative	 strengths	
of	 the	 countervailing	 ‘young	 age’	 and	 ‘high	 level	 of	 education’	 influences	 on	 the	
gender	wage	gap.	This	is	one	aim	of	the	current	paper.	Moreover,	 the	analyses	will	
be	undertaken	using	perspectives	from	the	over-education/required	education/under-
education	 literature.	 This	 seems	 particularly	 apt,	 given	 the	 changes	 in	 the	 higher	
education	participation	rates	of	males	and	females	in	recent	decades.	Up	to	the	early	
1970s,	 the	 participation	 rate	 of	males	 at	most	 levels	 of	 education	 exceeded	 that	 of	
females	 (Le	and	Miller,	 2002).	Since	 then,	however,	 the	 relative	 standing	has	been	
reversed.	For	example,	a	report	by	education	consultants	Strategy	and	Research	Policy	
in	Education	(2012),	drawing	on	data	from	the	Australian	Bureau	of	Statistics,	finds	
that	 in	 2011	 the	 higher	 education	 attainment	 rate	 was	 around	 40	 and	 30	 per	 cent	
for	female	and	male	Australians	aged	25	to	34	years	old,	respectively.		This	greater	
representation	of	females	among	graduates	raises	the	question	of	whether	it	is	reflected	
in	females	being	more	likely	to	be	overeducated.	In	other	words,	given	that	females	are	
more	likely	to	engage	in	higher	education,	it	might	be	that	larger	proportions	of	them	
are	in	jobs	which	are	not	suited	to	their	level	of	educational	attainment.	Related	to	this,	
it	is	of	interest	to	see	how	individuals	fare	in	the	graduate	labour	market	if	they	are	
not	matched	properly	to	their	jobs,	whether	any	penalty	to	such	education-occupation	
mismatch	differs	for	males	and	females,	and	whether	the	over-education	phenomenon	
contributes	 to	 the	 gender	 pay	 gap	 in	 the	 graduate	 labour	market.	These	 seemingly	
important	issues	are	addressed	below.		
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The	rest	of	the	paper	is	organised	in	the	following	manner.	Section	2	reviews	
the	 literature	 on	over-education,	with	 an	 emphasis	 on	 studies	 in	 this	 literature	 that	
examine	 gender	 differences.	 The	 gender	 differences	 in	 educational	 mismatch	 are	
discussed	 in	 the	 context	 of	 the	 ‘job	 search’	 hypothesis	 (Frank,	 1978).	 Section	 3	
describes	the	data	and	presents	the	methodology.	Section	4	presents	and	discusses	the	
results	of	the	estimations.	Finally,	a	conclusion	is	offered	in	section	5.		

	
2. Literature Review 
Over-, Required and Under-education (ORU) 
There	 is	 a	well-developed	 literature	 on	 the	 incidence	 and	 earnings	 effects	 of	Over-,	
Required,	 and	 Under-education	 (ORU).	 This	 literature	 has	 its	 origins	 in	 Freeman	
(1976),	though	the	empirical	framework	that	is	now	commonly	used	is	due	to	Duncan	
and	Hoffman	(1981).	The	key	concept	considered	is	that	while	most	individuals	will	
be	‘matched’	to	their	jobs	on	the	basis	of	their	education,	some	will	not	be.	Individuals	
with	 education	 in	 excess	of	 that	 required	by	 the	 job	are	 considered	 ‘overeducated’.	
Conversely,	 individuals	who	 have	 less	 education	 than	 that	 required	 for	 the	 job	 are	
taken	to	be	‘undereducated’.	The	labour	market	outcomes	of	matched	and	mismatched	
individuals	could	differ.		

Various	 conceptual	 frameworks	 and	 measurement	 issues	 in	 this	 literature	
are	 discussed	 in	 Hartog	 (2000)	 and	 Leuven	 and	 Oosterbeek	 (2011).	 A	 discussion	
of	 the	empirical	frameworks	which	have	been	used	by	studies	examining	ORU	can	
be	 found	 in	 McGuinness	 (2006).	 Each	 of	 these	 studies	 offers	 a	 summary	 of	 the	
empirical	findings	in	the	overseas	literature,	while	a	survey	of	the	Australian	literature	
is	presented	 in	Miller	 (2007).	Five	main	findings	have	emerged	from	the	empirical	
studies.	The	first	finding	relates	to	the	definition	of	educational	mismatch.	Generally,	
three	 approaches	 have	 been	 used	 to	 define	 educational	 mismatch:	 i)	 job	 analysis;	
ii)	worker	 self-assessment;	 and	 iii)	 realised	matches.	The	 job	 analysis	 and	 realised	
matches	approaches	rely	on	objective	measures	of	over-education,	while	the	worker	
self-assessment	 uses	 the	worker’s	 subjective	 assessment	 of	 educational	 (mis)match.	
The	objective	approaches,	which	will	be	used	in	the	analysis	below,	are	explained	in	
more	detail	in	section	3.	A	number	of	studies	have	shown	that	whereas	the	estimated	
wage	effects	are	robust	regardless	of	the	approach	adopted,	the	measured	incidence	
of	 over-education	 depends	 on	 the	 definition	 of	mismatch	 employed	 (Hartog,	 2000;	
Chiswick	and	Miller,	2010).		

The	second	finding	 relates	 to	 the	 incidence	of	educational	mismatch	 in	 the	
labour	market.	Hartog’s	 (2000)	 review	 found	 that,	 on	 average,	 a	 substantial	 40	per	
cent	 of	workers	 are	 not	 correctly	matched	 to	 their	 jobs.	 Third,	while	 the	 earnings	
returns	 to	 being	 overeducated	 are	 positive,	 they	 are	 less	 than	 the	 earnings	 returns	
on	 required	 education.	 Returns	 to	 surplus	 years	 of	 education	 typically	 range	 from	
one-half	 to	 two-thirds	 of	 the	 returns	 to	 years	 of	 required	 education.	 Alternatively	
stated,	there	is	an	earnings	penalty	associated	with	being	overeducated.	This	earnings	
penalty	 could	 be	 due	 to	 these	 workers	 having	 unobserved	 characteristics	 that	 are	
viewed	negatively	by	employers.	Thus,	education-occupation	mismatch	will	be	found	
where	multiple	indicators	are	used	in	the	matching	process	(e.g.,	qualifications,	labour	
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market	experience,	aptitude,	motivation)	and	the	researcher	only	measures	a	sub-set	
of	these.	In	this	situation	it	would	be	expected	that	workers	classified	as	overeducated	
would	 have	 lower	 endowments	 of	 the	 unobserved	 indicators:	 the	 higher	 level	 of	
qualification	than	is	usual	for	the	worker’s	occupation	can	be	viewed	as	compensating	
for	 the	 deficiencies	 in	 these	 other	 attributes.	The	 earnings	 penalty	 to	 overeducated	
workers	could	also	be	due	to	these	workers	having	a	focus	on	job	search	rather	than	
investment	on	the	job	(de	Oliveira	et al.,	2000).		A	further	reason	is	that	there	is	a	skills	
recognition	problem,	whereby	 employers	 have	difficulty	 assessing	 the	worth	of	 the	
skills	learned	in	some	degree	or	diploma	programs.	The	reasoning	here	is	akin	to	the	
argument	in	the	immigrant	skill	transferability	literature	(Chiswick	and	Miller,	2008).	

Fourth,	workers	who	are	undereducated	earn	more	than	their	peers	with	the	
same	level	of	education	but	who	are	working	in	a	correctly	matched	(and	hence	lower	
level)	job.	This	might	be	attributed	to	the	presence	of	unobservable	factors,	such	as	
innate	ability	or	the	propensity	to	work	hard,	such	that	these	undereducated	individuals	
are	able	to	enter	jobs	which	they	would	otherwise	be	unqualified	for.1	

Fifth,	 it	 has	 been	 reported	 that	 there	 are	 differences	 between	 males	 and	
females	in	both	the	incidence	of	education-occupation	mismatch,	and	the	wage	effects	
of	such	mismatch.	

	
The Job Search Hypothesis 
Studies	 of	 gender	 differences	 in	 the	 incidence	 and	 effects	 on	wages	 of	 education-
occupation	 mismatch	 have	 been	 guided	 by	 several	 theoretical	 arguments.	 One	 of	
these	is	the	job	search	hypothesis.	This	proposes	that	females	are	secondary	income	
earners	 in	 the	 household	 (Frank,	 1978)	 and	 so	 are	 more	 constrained	 in	 their	 job	
search.	This	more	limited	job	search	is	expected	to	result	in	females	being	more	likely	
to	 be	mismatched,	 and	 also	 to	 incur	 a	 larger	wage	 penalty	 than	males	 from	being	
overeducated.	 Buchel	 and	 Battu	 (2003)	 report	 results	 that	 are	 consistent	 with	 this	
description	of	the	labour	market,	in	that	married	women	were	found	to	be	more	likely	
to	be	overeducated,	relative	to	men	or	unmarried	women.	This	was	particularly	so	in	
small,	localised	labour	markets.		

However,	 most	 studies	 reject	 the	 job	 search	 hypothesis.	 Vahey	 (2000),	
for	 example,	 restricted	 his	 sample	 to	 unmarried	 females	 (who	 are	 unlikely	 to	 be	 a	
secondary	 income	earner)	who	were	based	 in	 the	metropolitan	area,	and	compared	
the	ORU	earnings	effects	in	this	sample	to	those	for	the	female	sample	without	these	
restrictions.	Vahey	(2000)	 found	 that	most	of	his	ORU	dichotomous	variables	were	
statistically	 insignificant,	 and	 the	 two	 that	 were	 significantly	 different	 from	 zero	
exhibited	impacts	which	were	not	reconcilable	with	the	job	search	theory.	Similarly,	
McGoldrick	 and	 Robst	 (1996)	 also	 reported	 that	 there	 was	 no	 indication	 that	
overeducated	females	are	penalised	more	than	males	due	to	geographical	constraints	
in	their	job	search.		
1	Immigrant	workers	with	low	levels	of	education	are	expected,	according	to	Chiswick’s	(1978)	
model,	 to	 be	 intensely	 self-selected	 on	 the	 basis	 of	 positive	 unobservable	 characteristics.	 This	
provides	 a	 basis	 for	 interpreting	 the	 finding	 by	Chiswick	 and	Miller	 (2008),	 of	 undereducated	
foreign-born	workers	having	superior	earnings	compared	to	undereducated	native-born	workers,	
as	being	due	to	the	greater	endowments	of	foreign-born	workers	of	unobserved	factors	that	lead	
to	higher	earnings.
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A	 second	 theoretical	 perspective	 is	 offered	 by	 Robst	 (2007),	 based	 on	
consideration	of	both	the	supply-	and	demand-side	factors	that	could	lead	to	educational	
mismatch.	 Supply-side	 factors	 include	 career-oriented	 ones,	 such	 as	 accepting	 a	
promotion,	or	amenity-	and	constraint-related	reasons,	such	as	accepting	a	job	nearer	
to	 home.	The	demand-side	 factors	 typically	 refer	 to	 the	 inability	 to	find	 a	 job	 that	
matches	the	qualification	possessed.	Robst	(2007)	found	that	males	were	more	likely	
to	be	overeducated	due	to	career-related	reasons,	while	females	were	more	likely	to	be	
mismatched	due	to	family-related	reasons,	although	he	acknowledges	the	possibility	
of	reporting	bias	due	to	social	norms.			

	
ORU Differences by Gender in the Graduate Labour Market 
A	number	of	studies	have	examined	gender	differences	 in	educational	mismatch	 in	
the	graduate	labour	market.	There	is	disagreement	in	the	research	findings	of	these	
studies,	and	even	within	particular	studies.	Thus,	Kler	(2005)	examined	the	Australian	
graduate	 labour	market.	He	 reported	 that,	 using	 the	 realised	matches	 approach,	 38	
per	cent	of	female	graduates	were	overeducated,	compared	with	46	per	cent	of	male	
graduates.	When	the	job	analysis	approach	was	used,	however,	there	was	no	difference	
between	 males	 and	 females	 in	 the	 incidence	 of	 over-education.2	 McGuinness	 and	
Bennett	 (2007)	studied	graduate	over-education	 in	Northern	Ireland	and	found	 that	
females	were	more	likely	to	be	overeducated	than	men	in	their	first	job,	although	the	
gap	was	narrowed	six	years	later.		

Battu	 et al.	 (2000)	 used	 three	 different	 measures	 of	 over-education	 in	
their	 study	 of	 the	 UK	 graduate	 labour	market.	 The	 two	 subjective	measures	 used	
revealed	that	males	were	more	likely	to	be	overeducated,	while	the	realised	matches	
approach	yielded	the	opposite	finding.	The	absence	of	a	clear	pattern	regarding	the	
relative	 importance	 of	 over-education	 for	males	 and	 females	 seems	 to	 reflect	 both	
the	measurement	issue	noted	earlier	and	differences	across	the	labour	markets	of	the	
various	countries.	

The	 penalties	 to	 over-education	 among	 graduates	 have	 also	 been	 found	 to	
differ	 by	 gender.	 Again	 there	 is	 considerable	 irregularity	 in	 the	 research	 findings	
across	studies.	McGuinness	and	Bennett	(2007),	for	example,	reported	OLS	estimated	
coefficients	of	-11.3	and	-22.8	per	cent	for	overeducated	males	and	females,	respectively.	
This	pattern	is	also	evident	in	the	study	by	Battu	et al.	(2000),	though	the	difference	
by	gender	works	in	the	opposite	direction	in	an	earlier	study	by	Dolton	and	Vignoles	
(2000).	Kler’s	(2005)	study	of	the	Australian	graduate	labour	market	reported	greater	
returns	to	surplus	education	for	females	compared	to	males.	These	studies	do	not	focus	
on	the	gender	pay	gap,	or	on	the	contribution	that	ORU	status	can	make	to	this	in	the	
graduate	labour	market.	These	issues	are	addressed	below.			

	

2	A	comparison	of	these	results	for	graduates	with	findings	from	studies	of	all	workers	suggests	
there	 are	 outcomes	 specific	 to	 particular	 groups.	 Thus,	 another	Australian	 study	 by	Voon	 and	
Miller	(2005),	which	covered	all	workers,	reported	that	the	incidence	of	mismatch	was	29.5	per	
cent	for	males	and	32.1	per	cent	for	females.
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The Blinder-Oaxaca Decomposition 
The	decomposition	method	used	in	the	examination	of	earnings	differentials	between	
sub-groups	of	the	population	was	developed	in	Blinder	(1973)	and	Oaxaca	(1973).	It	
has	come	to	be	known	as	the	Blinder-Oaxaca	decomposition.	In	its	most	widely	used	
form,	 the	 decomposition	 involves	 the	 estimation	 of	 a	 standard	Mincerian	 earnings	
equation	separately	for	the	sub-groups	of	interest.	This	equation	can	be	expressed	as:	

	
logw ji		=	a j0	+	a j1	X ji 	+	P ji ,	i	=	1,…n;	j=	m	for	male	and	f	for	female																														(1)	

	
where	 logwi denotes	 the	 earnings	 of	 individual	 i,	 expressed	 in	 logarithmic	 format,	
and	Xi  denotes	the	vector	of	characteristics	hypothesised	to	impact	on	earnings.	The	
superscript	j	identifies	the	membership	of	individual	i	in	the	male	or	female	groups.	
The	decomposition	can	thus	be	written	as:		

	
logw m	-	logw f	=	a1

m	(X m	-	X f )	+	(a1
m	-	a f1	)	X f	+	(a m0	-	a f0		)																																									(2)	

	
The	use	of	the	estimated	coefficients,	as	well	as	the	mean	values	of	variables	

for	 both	 groups,	 thus	 allows	 for	 a	 decomposition	 of	 the	 difference	 between	 the	
mean	wages	 of	 the	 sub-groups	 into	 two	 portions.	 The	first	 term	on	 the	 right	 hand	
side	of	equation	(2)	attributes	earnings	differences	to	differences	in	endowments	or	
characteristics,	and	is	considered	the	‘explained’	portion	of	the	earnings	gap.	In	this	
version	of	the	decomposition	the	differences	in	endowments	are	evaluated	using	the	
male	coefficients.	This	implies	that	the	male	wage	structure	is	the	wage	structure	that	
would	prevail	 in	 the	absence	of	discrimination,	 that	 is,	 it	 is	 the	non-discriminatory	
norm.	 The	 second	 term	 on	 the	 right	 hand	 side	 of	 equation	 (2)	 attributes	 earnings	
differences	to	differences	in	coefficients,	or	returns	to	human	capital	characteristics.	
This	portion	thus	implies	unequal	treatment	of	productivity	characteristics	in	the	labour	
market.	The	coefficient	effects,	together	with	the	difference	between	the	two	constant	
terms	in	the	estimation	as	expressed	by	the	third	term,	form	the	unexplained	portion	
of	the	earnings	differential.	These	effects	are	generally	attributed	to	discrimination	in	
the	labour	market.		

There	are	also	alternative	decomposition	methods	which	involve	a	three-fold	
decomposition	of	 the	 earnings	difference	 (see,	 for	 example,	 Jones	 and	Kelley	1984	
for	a	discussion).	These	decomposition	methods	involve	the	addition	of	an	interaction	
term	which	captures	 the	 joint	effect	of	differences	 in	endowments	and	coefficients.	
The	interpretation	of	this	interaction	term	differs,	depending	on	the	view	of	the	labour	
market	adopted.	The	different	treatments	of	this	interaction	term	are	described	in	more	
detail	in	the	following	section.	The	two-fold	decomposition	appears	to	be	preferred	by	
researchers	in	the	economics	discipline,	while	the	three-fold	decomposition	seems	to	
be	preferred	by	researchers	in	the	sociology	discipline.		

	
Measurement Issues with the Blinder-Oaxaca Decomposition 
There	are	two	main	measurement	issues	that	have	been	raised	in	the	decomposition	
literature.	The	first	issue	lies	in	the	choice	of	the	non-discriminatory	earnings	structure.	
That	is,	the	results	of	the	decomposition	of	equation	(2)	above	would	be	dependent	on	

^ ^ ^ ^ ^
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whether	 the	male	or	 female	wage	structure	 is	used	as	 the	non-discriminatory	wage	
structure.	This	issue	has	been	raised	by	a	number	of	researchers,	including	Jones	and	
Kelley	(1984),	Cotton	(1988),	Neumark	(1988)	and	Oaxaca	and	Ransom	(1994).	The	
available	research	demonstrates	that	the	results	of	wage	decompositions	are	sensitive	
to	 the	 choice	 of	 the	 non-discriminatory	 benchmark.	 In	 Ferber	 and	 Green	 (1982),	
for	 instance,	 adopting	 the	 female	 wage	 structure	 as	 the	 non-discriminatory	 norm	
yielded	an	estimate	of	two	per	cent	of	the	earnings	differential	as	the	discriminatory	
component.	 When	 the	 male	 wage	 structure	 was	 adopted,	 however,	 discrimination	
accounted	for	70	per	cent	of	the	wage	differential.		

From	 a	 theoretical	 perspective,	 the	 choice	 of	 the	 non-discriminatory	
benchmark	depends	on	 the	wage	structure	 that	 is	 thought	 to	prevail	 in	 the	absence	
of	discrimination.	Where	rates	of	pay	in	the	post-discrimination	era	are	likely	to	be	
determined	by	the	wages	of	the	higher	earning	group,	then	these	should	be	used	to	
evaluate	the	endowment	effect	in	the	decomposition.3	In	contrast,	where	rates	of	pay	
in	the	post-discrimination	era	are	likely	to	be	determined	by	the	wages	of	the	lower	
earning	group,	then	it	is	the	lower	earning	group’s	pay	that	should	be	used	to	evaluate	
the	endowment	effect	in	the	decomposition.4	The	use	of	the	alternative	pay	structures	
in	the	decomposition	also	provides	a	basis	for	reconciling	the	two-way	and	three-way	
decompositions.	Hence,	as	Jones	and	Kelley	(1984)	show,	the	use	of	the	pay	structure	
of	the	higher	earning	group	as	the	non-discriminatory	norm	in	the	two-way	model	is	
equivalent	to	adding	the	interaction	term	for	the	three-way	model	to	the	endowment	
component.	Similarly,	 the	use	of	 the	pay	structure	for	 the	low	earning	group	in	the	
simple	decomposition	is	equivalent	to	adding	the	interaction	term	for	the	three-way	
model	to	the	discrimination	component.		

The	idea	that	the	post-discrimination	wage	structure	would	be	given	by	one	of	
the	two	prevailing	wage	structures	has	been	argued	to	be	inconsistent	with	the	notion	
of	 market	 determined	 pay	 structures.	 The	 pay	 structure	 that	 emerges	 in	 the	 post-
discrimination	era	would	presumably	be	somewhere	in	between	the	original	two	sets	
of	pay.	Neumark	(1988),	for	example,	assumes	that	both	nepotism	and	discrimination	
occur	 at	 the	 same	 time,	 and	 the	 choice	 of	 the	 non-discriminatory	 structure	 should	
consider	both	scenarios	in	tandem.	He	thus	suggests	the	use	of	a	pooled	wage	structure	
as	 the	non-discriminatory	wage	structure,	where,	 in	 this	 instance,	 the	pooled	wage	
regression	does	not	include	a	gender	intercept	shift.	Cotton	(1988)	proposed	the	use	of	
a	weighted	average	of	the	two	original	wage	structures	with	the	weights	being	given	
by	 the	 employment	 shares	 of	 the	 groups	 being	 examined.	The	methodology	 in	 the	
Neumark-Cotton	 approach	 thus	 allows	 for	 the	 identification	 of	 the	 portions	 in	 the	
earnings	differential	that	are	attributable	to	nepotism	and	discrimination.		

3	A	typical	approach	in	the	literature	uses	both	the	male	and	female	wage	structures	as	the	non-
discriminatory	wage	structure	in	alternative	decompositions,	and	the	average	of	the	results	from	
the	analyses	are	reported.		
4	Jones	and	Kelley	(1984)	distinguish	these	decompositions	by	addressing	how	one	would	remove	
the	endowment	effect:	by	reducing	any	greater	endowment	of	the	higher	earning	group	(removing	a	
privilege	under	their	privilege	model)	or	by	enhancing	any	inferior	set	of	endowments	of	the	lower	
earning	group	(removing	a	deficit	under	their	deprivation	model).	Economists	generally	view	the	
endowments	of	the	two	groups	as	equalising	over	the	longer	term	in	response	to	the	removal	of	any	
differences	in	pay	(see	Cotton,	1988).	
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In	 a	 further	 refinement	 of	 this	 approach,	 Fortin	 (2008)	 shows	 that	 the	
coefficients	in	the	pooled	regression	could	overstate	the	effects	of	variables	which	vary	
markedly	across	both	groups.5	To	overcome	this,	Fortin	(2008)	suggests	the	inclusion	
of	a	gender	intercept	shift	in	the	pooled	wage	regression	(see	Fortin,	2008,	p.	898).6	
Fortin’s	(2008)	method	allows	for	the	attribution	of	the	gender	wage	gap	to	nepotism	
and	discrimination,	and	is	similar	to	Neumark	(1988)	and	Cotton	(1988)	in	that	sense.	
The	Fortin	(2008)	method	appears	to	represent	the	preferred	approach	in	the	recent	
literature.	An	attractive	feature	of	Fortin’s	(2008)	approach	is	that	it	is	fully	compatible	
with	the	classic	pooled	regression	approach	which	includes	a	dummy	variable	for	the	
disadvantaged	group.	That	is,	the	estimated	‘discriminatory’	portion	of	the	earnings	
gap	from	Fortin’s	(2008)	decomposition	is	equal	 to	the	estimated	coefficient	on	the	
disadvantaged	group	in	a	pooled	linear	regression.		Fortin’s	(2008)	examples	show	that	
Neumark’s	 (1988)	method	 yields	 extreme	 results,	 and,	 empirically,	 her	 ‘regression-
compatible’	decomposition	gives	results	more	similar	to	Cotton’s	(1988)	approach.		

Another	issue	that	has	been	raised	with	the	decomposition	literature	lies	with	
the	use	of	dummy	variables	 in	 the	estimating	model.	Specifically,	 it	has	been	shown	
that	the	decomposition	results	for	the	coefficients	effects	for	particular	sets	of	dummy	
variables	are	sensitive	to	the	choice	of	the	base	or	reference	category	(Jones,	1983).7	As	
Jones	and	Kelley	(1984)	note,	the	choice	of	the	omitted	or	benchmark	category	is	often	
arbitrary,	as	all	available	options	are	usually	equally	logical.	They	illustrate	this	using	
data	on	earnings	and	schooling	for	males	and	females	in	Australia.	Specifically,	 they	
distinguished	five	categories	of	schooling	levels,	and	then	omitted	the	highest	or	lowest	
level	of	schooling	in	alternative	estimations	of	the	gender	wage	gap.	The	estimates	and	
conclusions	differed	markedly,	depending	on	the	choice	of	the	benchmark	scenario.	In	
particular,	 the	estimated	results	where	university	education	was	 the	omitted	category	
indicated	 that	 females	 have	 favourable	 coefficients	 effects	 compared	 to	 men.	 This	
finding	was	reversed	when	primary	school	education	was	used	as	the	benchmark	in	their	
analysis.	 Jones	 and	Kelley	 (1984)	 argue	 that	 the	differences	 are	 substantial,	 and	 that	
these	differences	point	to	vastly	different	conclusions	and	therefore	remedial	policy.8	
5	Fortin	(2008)	referred	to	the	estimated	effects	for	unionisation	and	schooling	in	Neumark	(1988),	
which	were	larger	for	the	pooled	sample	compared	to	the	corresponding	estimates	for	the	male	
and	female	samples.		
6	Alternatively,	Fortin	(2008)	suggests	weighting	the	male	and	female	dummy	variables	by	their	
percentage	in	the	sample	to	overcome	this	issue.	
7	The	overall	wage	gap	components	remain	the	same,	as	does	the	characteristics	effects	for	various	
sets	of	variables,	though	the	apparent	importance	of	the	characteristics	effect	for	specific	dummy	
variables	can	vary.	
8	Further,	Jones	and	Kelley	(1984)	show	that	the	same	general	issue	arises	in	the	case	of	continuous	
variables,	where	the	relative	size	of	the	components	of	discrimination	in	the	decomposed	wage	gap	
depends	on	the	locations	of	the	zero	points	of	the	independent	variables	in	the	model.	The	issue	here	
is	that	the	choice	of	some,	if	not	most	or	all,	of	the	zero	points	of	the	explanatory	variables	used	in	
the	estimating	model	is	arbitrary.	This,	in	turn,	causes	the	results	of	the	decomposition	to	be	arbitrary	
and	be	influenced	by	the	choice	of	the	zero	points	rather	than	actual	discrimination.	Jones	and	Kelley	
(1984)	illustrated	their	point	using	Australian	data	on	income,	gender	and	schooling.	They	showed	
that	 substantial	 differences	 emerge	 in	 the	 portion	 of	 the	 income	 gap	 attributable	 to	 differences	
in	 the	 intercept	 terms	and	 the	 estimated	coefficients	 for	males	 and	 females,	when	human	capital	
endowments	were	specified	as	either	years	of	schooling	or	age	left	school.	In	estimates	of	the	model	
employing	the	latter	‘age	left	school’	specification,	they	found	that	 the	amount	of	the	income	gap	
attributable	to	the	intercept	terms	dropped	by	40	per	cent	whereas	the	corresponding	amount	of	the	
income	gap	attributable	to	the	coefficients	effect	is	50	per	cent	higher.	This	issue	remains	unresolved	
and	generally	serves	as	a	reminder	to	exercise	caution	in	making	comparisons	across	studies.	
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	 	 Oaxaca	 and	 Ransom	 (1999)	 illustrate	 the	 same	 point	 in	 their	 empirical	
example	looking	at	the	gender	wage	gap	of	college	professors.	The	partial	contribution	
of	degree	type	to	discrimination	was	-19.3	log	points,	and	the	contribution	of	constant	
term	differences	was	21.9	log	points,	when	‘No	Advanced	Degree’	was	used	as	 the	
omitted	case.	Corresponding	figures	for	 the	alternative	specification	using	‘PhD’	as	
the	omitted	case	were	-1.1	log	points	and	3.7	log	points.	While	the	overall	impact	was	
unchanged	at	2.6	log	points,	 the	magnitude	and	importance	of	 the	role	degree	type	
plays	in	contributing	or	alleviating	discrimination	were	vastly	different.		

More	 recent	 studies	 have	 proposed	 solutions	 to	 overcome	 the	 identification	
problems	 stated	 above.	 Yun	 (2005),	 for	 instance,	 suggests	 an	 ‘averaging	 approach’.	
This	approach	uses	the	average	of	the	estimated	characteristics	and	coefficients	effects	
obtained	 using	 all	 the	 various	 possible	 reference	 groups	 for	 a	 particular	 categorical	
variable.	Further,	Yun	(2005)	illustrated	how	her	approach	can	be	implemented	without	
the	need	for	multiple	estimation	runs,	through	a	normalisation	of	the	regression	equation.9	

To	 illustrate	 Yun’s	 (2005)	 method,	 consider	 a	 variable	 that	 has	 multiple	
categories.	 One	 such	 variable	 in	 the	 analyses	 below	 is	 institution,	 which	 has	 four	
categories,	Group	of	Eight	(Go8),	Australian	Technology	Network	(ATN),	Innovative	
Research	 Universities	 (IRU)	 and	 all	 remaining	 universities	 (Other).	 In	 the	 basic	
estimating	equation	presented	below,	‘Other’	is	used	as	the	reference	group,	and	the	
earnings	effects	recorded	by	the	regression	coefficients	are	for	Go8,	ATN	and	IRU.		
Refer	to	these	as	bGo8,		bATN	and	bIRU .	Alternatively,	one	could	use	Go8	as	the	reference	
group,	and	find	earnings	effects	for	ATN,	IRU	and	Other.		These	can	be	derived	from	
the	first	set	of	estimates,	as	aother	=	-	bGo8,	aATN	=	bATN -	bGo8	and	aIRU	=	bIRU -	bGo8.		The	
constant	term	also	changes	in	this	instance	(by	-	bGo8	)	to	reflect	the	different	reference	
group.		Results	can	also	be	obtained	using	ATN	and	IRU	as	the	reference	groups.		In	
other	words,	four	separate	sets	of	regression	results	can	be	obtained.

Each	 of	 these	 four	 sets	 of	 estimates	 can	 be	 used	 in	 a	 Blinder-Oaxaca	
decomposition.	 Reflecting	 the	 different	 estimated	 coefficients,	 the	 value	 of	 the	
coefficients	 effect	 for	 institution	 will	 change	 (though	 the	 characteristics	 effect	 is	
invariant	 to	 the	 choice	 of	 reference	 group,	 as	 shown	 in	 Jones	 (1983)).	 	Yun	 (2005,	
p.	768)	argues	 ‘Therefore,	 I	have	a	number	of	choices	 for	 the	 reference	group.	The	
“averaging	approach”	suggests	using	the	average	of	the	characteristics	and	coefficients	
effects	with	varying	 reference	groups	as	 the	contribution	of	 individual	variables	 to	
the	wage	 differentials.’	Yun	 (2005)	 showed	 that	 this	 average	 of	 the	 characteristics	
and	coefficients	effects	computed	with	all	 the	possible	 reference	groups	can	 in	fact	
be	 obtained	 using	 the	 results	 from	 a	 single	 normalised	 regression	 equation,	where	
the	average	of	the	coefficient	estimates	estimated	using	an	arbitrary	reference	group	
(for	example,	(	bGo8	+	bATN	+	bIRU	+	0)/4)	is	subtracted	from	the	estimated	coefficients	
derived	 with	 the	 same	 reference	 group,	 and	 also	 added	 to	 the	 constant	 term.	 The	
transformed	model	can	be	viewed	as	a	restricted	least	squares	regression	model	based	
on	an	exhaustive	set	of	the	mutually	exclusive	set	of	dummy	variables,	and,	following	
the	construction	of	the	normalised	equation,	is	termed	a	‘deviation	contrast	coded’	or	
‘averaging	method’		model.	This	model	is	implemented	below.	

	9	Other	approaches	have	been	proposed	by	Gardeazabal	and	Ugidos	(2004)	and	Neilson	(2000).	
However,	Yun	 (2005)	notes	 that	 identical	 results	 are	produced	by	all	 three	approaches	and	 the	
choice	of	approach	adopted	should	thus	be	dictated	by	efficacy	or	ease.
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3. Data and Methodology 
Data 
This	study	draws	on	data	from	the	Graduate	Destination	Surveys	(GDS),	1999-2009.	
The	GDS	is	an	annual	census	of	all	graduates	who	have	completed	the	requirements	
for	a	qualification	award	from	any	Australian	university.	The	GDS	is	conducted	twice	
yearly,	and	takes	place	four	months	after	the	completion	of	a	qualification,	typically	
in	April	and	October.	While	the	responsibility	for	administering	the	survey	lies	with	
individual	universities,	oversight	of	the	GDS,	including	data	coding	instructions,	lies	
with	Graduate	Careers	Australia.	This	dataset	covers	a	wide	range	of	the	graduates’	
characteristics,	 such	 as	 their	 labour	 market	 activities	 after	 graduation,	 personal	
characteristics,	and	information	on	their	education	(past,	and	current,	 if	applicable).	
The	response	rate	for	the	GDS	is	reasonably	high,	with	an	average	response	rate	of	62	
per	cent	over	the	years	covered	in	the	present	study.	A	study	conducted	by	Guthrie	and	
Johnson	(1997)	indicated	that	the	GDS	can	be	considered	nationally	representative	of	
the	graduate	labour	market	in	Australia.		

The	data	sample	was	restricted	to	graduates	who	were	employed	in	Australia.	
At	 the	 same	 time,	graduates	with	missing	 information	on	 the	variables	used	 in	 the	
analysis,	namely,	salary,	institute	of	study,	level	of	qualification,	age,	tenure,	double-
degree,	 occupation,	 sector	 of	 employment,	 industry	 of	 employment,	 length	 of	
employment	contract,	hours	of	work,	mode	of	study,	language	background,	residency	
status,	gender,	and	self-employment	status,	were	removed	from	the	sample.	The	final	
sample	consists	of	569,325	observations.	

	
Measurement of Education Mismatch 
In	the	present	study,	two	different	approaches	are	used	to	define	educational	mismatch.	
First,	the	job	analysis	approach	is	used.	This	approach	uses	required	levels	of	education	
as	defined	 in	a	 job	dictionary.	The	 required	 level	of	qualifications	 to	perform	each	
occupation	 is	 derived	 from	 the	 Australian	 Standard	 Classification	 of	 Occupations	
(ASCO),	which	is	managed	and	updated	by	the	Australian	Bureau	of	Statistics	(ABS,	
2011).	 The	GDS	 data	 from	 1999	 to	 2005	 had	 been	 coded	 according	 to	 the	ASCO	
classification,	while	the	data	from	2006	to	2009	were	coded	based	on	the	Australian	
and	New	Zealand	Standard	Classification	of	Occupations	(ANZSCO),	also	managed	
by	the	ABS.	The	data	from	2006	to	2009	were	recoded	into	the	ASCO	classification,	
using	 the	 ANZSCO	 to	 ASCO	 correspondence	 table	 published	 by	 the	 ABS.	 The	
required	level	of	qualifications,	as	identified	in	the	ASCO	publication,	consists	of	five	
types:	1)	certificate	ii,	2)	certificate	iii,	3)	certificate	iv,	4)	diploma,	and	5)	bachelor’s	
pass	degree.	However,	 the	 three	certificate	categories	have	been	collapsed	 into	one	
‘certificate’	category,	as	the	number	of	observations	in	each	separate	required-attained	
category	(such	as	those	who	attained	a	diploma	and	worked	in	a	job	that	required	a	
certificate	ii)	was	too	small.		

The	graduates	can	be	grouped	into	eight	levels	of	educational	attainment:	i)	
diploma;	ii)	associate	degree;	iii)	bachelor’s	pass	degree;	iv)	bachelor’s	honours	degree;	
v)	graduate	diploma;	vi)	graduate	certificate;	vii)	masters	degree;	and	viii)	doctoral	
degree.	Based	 on	 this	 information,	 a	 total	 of	 24	ORU	 categories	were	 constructed	
(eight	 actual	 education	 levels	 times	 three	 required	 levels),	with	 two	 of	 these	 being	
correctly	matched,	two	undereducated,	and	the	remaining	20	overeducated.	Dummy	
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variables	for	these	categories	are	used	in	the	ORU	earnings	equation,	following	the	
detailed	dummy	variable	specification	proposed	by	Vahey	(2000).		

In	 an	 alternative	 analysis,	 information	 from	 the	 2006	 Australian	 Census	
of	Population	 and	Housing	was	used	 to	determine	 the	 required	 levels	 of	 education	
separately	 for	males	 and	 females.	 Specifically,	 this	 realised	matches,	 or	 statistical,	
approach	 determines	 the	 modal	 levels	 of	 education	 for	 the	 various	 occupations,	
separately	for	males	and	females.	Individuals	with	education	levels	above	the	modal	
levels	are	deemed	to	be	overeducated.	The	reverse	holds	for	the	undereducated.	The	
required	levels	of	education	defined	here	are	more	detailed	than	that	from	the	ASCO,	
and	 consist	 of	 the	 following	 categories:	 i)	 year	 10;	 ii)	 year	 12;	 iii)	 certificate;	 iv)	
diploma,	and;	v)	bachelor’s	pass	degree.	Thus,	a	 total	of	40	ORU	categories	can	be	
constructed	in	this	part	of	the	analysis	(that	is,	eight	actual	levels	times	five	required	
levels).	While	 the	 number	 of	 correctly	matched	 and	 undereducated	 categories	 here	
remains	 the	same	as	under	 the	ASCO-based	approach,	 the	 increased	number	of	36	
overeducated	categories	permits	a	more	detailed	look	at	the	earnings	effects	of	being	
overeducated	by	larger	extents.	Further	comments	on	this	approach,	and	its	benefits,	
are	offered	in	a	subsequent	section.	

	
Estimation Models 
The	ORU	model	of	earnings	can	be	expressed	in	the	following	form:	

	
logwi	=	b1	Zi	+	b2Di

o	+	b3Di
r	+	b4Di

u	+	Pi                 																																																													(3)	
	

where	w	represents	the	hourly	wage,	used	in	the	analysis	in	natural	logarithmic	format,	
Z	 represents	a	vector	of	characteristics	correlated	with	earnings,	and	Do,	Du	and	Dr	
are	 vectors	 of	 dummy	 variables	 indicating	 if	 the	 individual	 is	 overeducated	 (Do),	
undereducated	 (Du),	 or	 correctly	matched	 to	 his	 or	 her	 occupation	 of	 employment	
in	terms	of	education	(Dr),	as	identified	in	the	preceding	sub-section.	The	variables	
included	in	Z indicate	the	graduates’	gender,	English	speaking	background,	residency	
status,	 mode	 of	 enrolment,	 further	 study	 status,	 university	 group,	 broad	 field	 of	
study,	self-employment	status,	length	of	employment,	industry	of	employment,	sector	
of	 employment,	 year	 of	 graduation	 and	 labour	market	 experience.	 Two	 proxies	 for	
experience	are	used,	namely,	the	age	of	the	graduate	and	the	years	of	tenure,	with	both	
proxies	entered	into	the	estimating	equation	in	quadratic	form.	The	summary	statistics	
and	descriptions	of	these	variables	can	be	found	in	appendix	1.		

In	order	to	obtain	a	greater	understanding	of	the	ORU	earnings	effects,	and	
their	impacts	on	gender	wage	differences,	a	Blinder-Oaxaca	decomposition,	as	outlined	
in	equation	(2),	 is	used.	To	accommodate	the	fact	 that	a	number	of	alternative	non-
discriminatory	wage	structures	can	be	used	in	this	computation,	 the	decomposition	
here	is	based	on	the	average	of	those	which	use,	respectively,	the	male	(	b̂m	)	and	female	
(	b̂f	)	wage	structures	in	this	regard.

10	The	analysis	will	also	incorporate	Yun’s	(2005)	
‘averaging	 approach’	 to	 overcome	 the	measurement	 issues	 raised	 earlier,	 and	 draw	
comparisons	between	the	results	of	the	conventional	decomposition	method	and	those	
from	Yun’s	(2005)	approach.	

	
10	See	footnote	3.	
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4. Results 
Incidence of Over-education by Gender 
A	 preliminary	 assessment	 of	 the	 importance	 of	 the	 difference	 by	 gender	 in	 the	
incidence	of	over-education	and	under-education	can	be	gained	from	figure	1,	which	
charts,	from	1999	to	2009,	the	proportion	of	workers	who	are	appropriately	trained	
for	their	profession.	Three	comments	are	offered	about	figure	1.	First,	across	all	years,	
an	average	of	34	per	cent	of	males	are	appropriately	trained	for	their	jobs,	while	the	
corresponding	figure	for	 females	 is	38	per	cent.	Second,	as	 the	 incidence	of	under-
education	is	trivial	among	the	tertiary	qualified	(it	accounts	for	less	than	one	per	cent	
of	 the	 sample),	 it	 is	 readily	 apparent	 that	 the	 incidence	 of	 over-education	 is	 rather	
high,	at	around	60	to	65	per	cent,	and	higher	for	males	than	it	is	for	females.	A	higher	
incidence	of	over-education	for	males	than	for	females	is	contrary	to	what	is	expected,	
given	the	changes	in	the	gender	mix	of	university	enrolments	over	the	past	two	decades,	
as	discussed	in	the	introduction.	However,	this	pattern	is	consistent	with	the	findings	
of	Kler	 (2005),	who	also	studied	 the	Australian	graduate	 labour	market.	Third,	 the	
degree	of	education-job	match	appears	to	be	gradually	decreasing,	and	thus	the	extent	
of	education-job	mismatch	increasing,	for	both	males	and	females.	In	other	words,	if	
education-job	mismatch	is	a	problem	for	the	Australian	graduate	labour	market,	it	is	a	
problem	which	has	been	exacerbated	in	recent	times.	

	
Figure 1 - Proportion of Appropriately Trained Workers by Gender, 1999-2009
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Results from the ORU Model of Earnings 
The	 results	 from	 the	 estimation	 of	 the	 ORU	model	 of	 earnings	 determination	 are	
presented	in	table	1.	The	results	from	estimation	using	the	full	sample	are	presented	in	
panel	(i),	while	estimates	for	the	separate	samples	of	males	and	females	are	presented	
in	panels	(ii)	and	(iii),	respectively.	Note	that	ORU	variables	are	denoted	by	the	word	
‘oru’	 in	 the	first	 portion	 of	 their	 names.	The	middle	 portion	 indicates	 the	 attained	
qualification,	while	 the	end	portion	denotes	 the	job	level.	For	example,	 the	variable	
oru_hons_cert	is	used	for	graduates	who	have	attained	a	bachelor’s	honours	degree,	
and	 are	 working	 in	 certificate	 level	 jobs.	 All	 earnings	 effects	 are	 evaluated	 with	
reference	 to	 the	 earnings	 of	 graduates	with	 a	 bachelor’s	 pass	 degree,	 and	who	 are	
working	in	a	bachelor’s	level	job.		

	
Table 1 - OLS Estimates of the ORU Model of Earnings

 Full Males Females
Variable (i) (ii) (iii)
Constant	 2.305	***	 2.233	***	 2.274	***
	 (175.708)		 (95.120)		 (151.039)
Female	 -0.048	***	 (a)		 (a)
	 (29.159)
Age#	 0.035	***	 0.038	***	 0.034	***
	 (45.334)		 (26.984)		 (38.731)
Age	squared/1000	 -0.397	***	 -0.400	***	 -0.404	***
	 (36.847)		 (20.527)		 (32.903)
Non-English	speaking#	 -0.039	***	 -0.044	***	 -0.036	***
	 (17.352)		 (13.066)		 (11.803)
Non-Australian#	 -0.202	***	 -0.187	***	 -0.216	***
	 (33.694)		 (22.988)		 (24.338)
Tenure	 0.015	***	 0.016	***	 0.014	***
	 (30.517)		 (20.954)		 (22.485)
Tenure	squared/1000	 -0.404	***	 -0.471	***	 -0.376	***
	 (17.551)		 (13.555)		 (12.443)
Double	degree#	 0.008	***	 -0.001		 0.014	***
	 (3.016)		 (0.218)		 (3.939)
Part-time	study#	 0.086	***	 0.094	***	 0.081	***
	 (43.574)		 (30.379)		 (31.497)
Further	study#	 0.007	***	 0.012	***	 0.004
	 (3.330)		 (3.603)		 (1.430)
Group	of	Eight	 0.026	***	 0.030	***	 0.024	***
	 (13.210)		 (9.994)		 (9.378)
Australia	Technology	Network	 0.031	***	 0.028	***	 0.034	***
	 (13.777)		 (7.856)		 (11.696)
Innovative	Research	University#	 0.004	*	 -0.007	*	 0.011	***
	 (1.952)		 (1.911)		 (4.016)
Natural	and	Physical	Sciences#	 -0.076	***	 -0.084	***	 -0.065	***
	 (20.422)		 (15.260)		 (12.916)
Information	Technology#	 -0.031	***	 -0.041	***	 -0.007
	 (7.643)		 (8.234)		 (0.935)
Engineering#	 -0.008	**	 -0.011	**	 0.012
	 (2.006)		 (2.456)		 (1.413)
Architecture	 -0.098	***	 -0.097	***	 -0.092	***
	 (17.467)		 (13.191)		 (10.684)
Agriculture	and	Environment#	 -0.138	***	 -0.163	***	 -0.109	***
	 (27.394)		 (22.880)		 (15.294)
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Table 1 - OLS Estimates of the ORU Model of Earnings (continued)

 Full Males Females
Variable (i) (ii) (iii)
Nursing#	 -0.113	***	 -0.152	***	 -0.098	***
	 (28.156)		 (15.102)		 (21.165)
Medicine#	 -0.028	***	 -0.041	***	 -0.019	***
	 (8.149)		 (6.753)		 (4.510)
Education#	 -0.062	***	 -0.075	***	 -0.052	***
	 (16.597)		 (11.803)		 (11.240)
Society	and	Culture#	 -0.058	***	 -0.065	***	 -0.048	***
	 (21.762)		 (14.904)		 (14.257)
Creative	Arts	and	Others#	 -0.117	***	 -0.134	***	 -0.102	***
	 (28.527)		 (18.337)		 (20.204)
Self-employed	 0.015	***	 0.007		 0.017	**
	 (2.679)		 (0.873)		 (2.043)
Private	sector#	 -0.054	***	 -0.058	***	 -0.052	***
	 (25.817)		 (15.709)		 (20.118)
Short-term	employment	 -0.095	***	 -0.099	***	 -0.093	***
	 (49.105)		 (29.550)		 (39.125)
oru_dip_cert	 -0.216	***	 -0.186	***	 -0.234	***
	 (10.674)		 (6.022)		 (8.785)
oru_dip_dip	 -0.018		 -0.018		 -0.020
	 (1.561)		 (1.158)		 (1.177)
oru_dip_bach	 0.031	**	 0.019		 0.036	**
	 (2.564)		 (1.033)		 (2.343)
oru_ascdeg_cert#	 -0.185	***	 -0.147	***	 -0.220	***
	 (9.440)		 (5.557)		 (7.704)
oru_ascdeg_dip	 -0.068	***	 -0.072	***	 -0.066	***
	 (6.195)		 (4.961)		 (3.804)
oru_ascdeg_bach	 -0.019		 -0.016		 -0.035
	 (1.155)		 (0.688)		 (1.471)
oru_bach_cert	 -0.156	***	 -0.160	***	 -0.150	***
	 (55.637)		 (35.295)		 (42.038)
oru_bach_dip	 -0.092	***	 -0.088	***	 -0.093	***
	 (27.292)		 (17.170)		 (20.650)
oru_hons_cert	 -0.101	***	 -0.096	***	 -0.103	***
	 (14.606)		 (9.065)		 (11.428)
oru_hons_dip#	 -0.037	***	 -0.012		 -0.053	***
	 (4.350)		 (0.971)		 (4.721)
oru_hons_bach	 0.027	***	 0.030	***	 0.029	***
	 (7.719)		 (6.037)		 (5.719)
oru_gcert_cert	 -0.082	***	 -0.072	***	 -0.094	***
	 (7.423)		 (4.913)		 (5.994)
oru_gcert_dip	 0.015		 0.009		 0.012
	 (1.563)		 (0.674)		 (0.807)
oru_gcert_bach#	 0.118	***	 0.100	***	 0.127	***
	 (32.361)		 (16.294)		 (28.118)
oru_gdip_cert	 -0.117	***	 -0.130	***	 -0.110	***
	 (12.961)		 (9.141)		 (9.513)
oru_gdip_dip	 -0.008		 -0.009		 -0.015
	 (0.901)		 (0.672)		 (1.281)
oru_gdip_bach	 0.089	***	 0.093	***	 0.085	***
	 (31.084)		 (18.749)		 (24.412)
oru_mast_cert#	 -0.122	***	 -0.143	***	 -0.109	***
	 (14.613)		 (12.174)		 (9.097)
oru_mast_dip#	 0.066	***	 0.074	***	 0.041	***
	 (8.391)		 (7.129)		 (3.518)
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Table 1 - OLS Estimates of the ORU Model of Earnings (continued)

 Full Males Females
Variable (i) (ii) (iii)
oru_mast_bach	 0.183	***	 0.186	***	 0.174	***
	 (63.714)		 (41.567)		 (45.974)
oru_phd_cert#	 0.076	***	 0.010		 0.121	***
	 (3.249)		 (0.289)		 (3.803)
oru_phd_dip	 0.084	***	 0.078	***	 0.089	***
	 (4.066)		 (2.698)		 (2.995)
oru_phd_bach	 0.199	***	 0.192	***	 0.197	***
	 (39.303)		 (26.622)		 (27.509)
Industry	 Included		 Included		 Included
Year	of	Graduation	 Included		 Included		 Included
Observations	 569,325		 221,746		 347,579
Adjusted	R2	 0.188		 0.218		 0.164
F-statistic	 1720.73		 804.87		 928.1

Notes:	Absolute	values	of	heteroscedasticity	consistent	‘t’-statistics	are	presented	in	parentheses.	
*,	**	and	***	indicate	significance	at	the	ten,	five	and	one	per	cent	levels,	respectively.	The	models	
included	dummy	variables	for	15	industries	of	employment,	and	for	the	10	years	of	graduation.	
(a)	indicates	that	the	variable	was	not	entered	into	the	estimating	equation.	#	indicates	statistical	
difference	for	males	and	females,	at	the	ten	per	cent	level.	The	middle	portions	of	the	oru	variables	
indicate	the	attained	level	of	qualification,	and	the	end	portion	indicates	the	job	level.

	
Most	of	 the	pooled	 sample	 results	 in	panel	 (i)	 are	broadly	 similar	 to	 those	

reported	 in	 similar	 studies,	 and	 attention	 is	 drawn	 to	 just	 two	 findings.	 First,	
the	 estimated	gender	wage	gap	 is	five	per	 cent,	 and	 this	 is	much	 smaller	 than	 that	
traditionally	 found	 in	 the	 literature,	 of	 up	 to	 15	 per	 cent	 (see	 Borland,	 1999).	 As	
discussed	above,	the	graduate	labour	market	will	be	affected	by	a	‘young	age’	effect	
that	will	decrease	the	female	wage	disadvantage,	and	a	‘high	level	of	education’	effect	
that	will	increase	the	female	wage	disadvantage.	The	modest	five	per	cent	wage	effect	
in	the	pooled	sample	analysis	suggests	that	the	former	of	these	is	the	more	important	
influence.	This	is	explored	in	a	subsequent	section.		

Second,	 there	 are	 distinct	 differences	 in	 earnings	 outcomes	 according	
to	 whether	 the	 graduates	 are	 correctly	 matched,	 undereducated	 or	 overeducated,	
and	most	 of	 these	 differences	 are	 statistically	 significant	 at	 the	 one	 per	 cent	 level.	
Where	 overeducated,	 the	 earnings	 outcomes	 vary	 according	 to	 the	 extent	 of	 the	
over-education.	Relative	to	the	benchmark	group	of	bachelor’s	pass	degree	graduates	
who	are	working	in	bachelor’s	level	jobs,	the	most	severe	penalty,	of	22	per	cent,	is	
observed	for	the	overeducated	diploma	graduates	working	in	certificate	level	jobs.	The	
highest	earning	premium,	of	20	per	cent,	 is	observed	for	 the	overeducated	doctoral	
graduates	who	work	in	bachelor’s	pass	degree	level	jobs.	Thus	there	is	a	difference	of	
over	40	percentage	points	between	the	earnings	of	the	highest	and	lowest	paid	ORU	
groups.11	In	related	research	(Li,	2013),	it	is	shown	that	the	earnings	effects	associated	
with	over-education	are	broadly	the	same	for	the	graduates	from	the	various	groups	
11	 Note	 that	 while	 there	 are	 sizeable	 earnings	 effects	 associated	 with	 being	 overeducated,	 the	
earnings	 effects	 for	 the	 correctly	 matched	 and	 undereducated	 graduates	 are	 very	 modest,	 the	
largest	being	just	three	per	cent.
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of	institutions	(Group	of	Eight,	Australian	Technology	Network,	Innovative	Research	
Universities,	and	all	remaining	universities).	This	casts	some	doubt	upon	the	empirical	
relevance	of	the	qualification	recognition	argument	for	the	earnings	effects	associated	
with	 overeducated	 status,	 as	 differences	 between	 well-established	 and	 less-well-
established	universities	would	be	expected	under	that	argument.12		

There	are	two	striking	features	of	these	estimated	earnings	effects	associated	
with	over-education.	First,	graduate	earnings	are	more	closely	 related	 to	 the	nature	
of	the	job	than	to	the	qualification	possessed.	For	example,	graduates	who	work	in	a	
certificate	level	job	earn	less	than	the	reference	group,	regardless	of	the	educational	
level	 attained.	 Second,	 earnings	 premiums	 that	 tend	 to	 increase	 with	 the	 level	 of	
qualification	are	observed	for	graduates	in	bachelor’s	pass	degree	level	jobs.	In	other	
words,	 despite	 the	 close	 linkage	 of	 earnings	 to	 jobs,	 there	 remains	 a	 payoff	 to	 the	
acquisition	of	a	higher	level	of	qualification.	An	exception	in	this	regard	is	associate	
degree	graduates.	These	patterns	are	also	observed	for	the	estimations	obtained	for	the	
separate	samples	of	males	and	females.	

The	 adjusted	 R2	 for	 the	 male	 and	 female	 analyses	 are	 0.218	 and	 0.164,	
respectively.	The	ORU	model	 of	 earnings,	 therefore,	 can	 be	 said	 to	 have	 relatively	
higher	power	in	explaining	the	earnings	of	male	graduates.	This	could	be	due	to	two	
reasons.	 First,	 the	 estimated	 coefficients	 for	 the	 industry	 of	 employment	 variables	
indicate	 that	employment	 in	certain	 industries,	 such	as	education	and	mining,	have	
estimated	impacts	of	greater	magnitude	for	males	compared	to	females.	Other	industry	
variables,	such	as	for	higher	education,	construction	and	engineering,	have	statistical	
significance	 for	males,	 but	 not	 for	 females.	 Second,	 due	 to	 data	 unavailability	 the	
model	 does	 not	 control	 for	marital	 status	 or	 the	 number	 of	 children	 the	 graduates	
have.	These	characteristics,	arguably,	would	impact	on	women	more,	as	the	household	
burden	generally	falls	on	women	more	than	men.		

An	F-test	was	conducted	to	see	if	there	were	gender	differences	in	the	estimated	
coefficients.	This	 yielded	 an	F-statistic	 of	 21.254,	 indicating	 that	 some	or	 all	 of	 the	
estimated	coefficients	for	males	and	females	differ.	A	comparison	of	the	coefficients	of	
specific	variables	for	males	and	females	revealed	a	number	where	there	are	statistically	
significant	differences.	These	are	denoted	by	 the	 #	beside	 the	variable	names	 in	 the	
table.	For	instance,	male	Information	Technology	graduates	earn	4.1	per	cent	less	than	
male	Management	and	Commerce	graduates	(the	benchmark	group	in	the	estimating	
equation),	 while	 the	 corresponding	 coefficient	 for	 females	 is	 insignificant.	 Male	
Agriculture	and	Environment	graduates	earn	16.3	per	cent	 less	 than	 the	benchmark	
group,	while	female	graduates	in	this	category	are	slightly	better	off,	with	a	smaller	
earnings	disadvantage	of	10.9	per	cent.	Similarly,	female	Nursing	graduates	earn	9.8	per	
cent	less	than	the	reference	category	while	their	male	counterparts	earn	15.2	per	cent	
less.	These	differences	are	reasonably	minor,	and	affect	relatively	few	in	the	sample,	
and	so	the	discussion	will	focus	on	the	gender	differences	in	the	ORU	earnings	effects.	

	
Gender Differences in the ORU Earnings Impacts 
There	 are	 a	 number	 of	 differences	 between	 males	 and	 females	 with	 respect	 to	
the	 estimated	 coefficients	 on	 the	ORU	 variables.	All	 of	 these	 differences	 relate	 to	

12	As	the	sample	comprises	new	graduates,	the	role	of	on-the-job	training	versus	job	search	(see	de	
Oliveira	et al.,	2000)	cannot	be	examined	rigorously	with	these	data.
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differences	in	the	size	of	the	point	estimates,	with	the	sign	of	the	estimated	impacts	
on	earnings	being	consistent	for	both	sexes.	The	‘t’-tests	of	differences	between	males	
and	females	on	the	specific	ORU	coefficients	indicated	that	only	six	of	the	estimated	
ORU	coefficients	differed	statistically	by	gender,	namely:	i)	associate	degree	graduates	
working	 in	 certificate	 level	 jobs;	 ii)	 bachelor’s	 honours	 degree	 graduates	 working	
in	diploma	 level	 jobs;	 iii)	graduate	certificate	graduates	working	 in	bachelor’s	pass	
level	jobs;	iv)	masters	degree	graduates	working	in	certificate	level	jobs;	v)	masters	
degree	graduates	working	in	diploma	level	jobs,	and;	vi)	doctoral	graduates	working	in	
certificate	level	jobs.	Two	general	points	can	be	made	regarding	these	six	differences.	
First,	 the	 ORU	 categories	 involved	 are	 heavily	 concentrated	 in	 the	 diploma	 and	
certificate	level	jobs	and,	hence,	ORU	differences	by	gender	can	be	said	to	be	more	
likely	 found	 for	 those	 in	 lower-level	 jobs.	Second,	 for	 these	 six	 categories,	 females	
were	worse	off	than	males	in	only	three	categories.		

The	 most	 substantial	 penalty	 to	 being	 overeducated	 is	 for	 the	 associate	
degree	 graduates	 who	 are	 working	 in	 certificate	 level	 jobs	 (oru_ascdeg_cert):	
Whereas	male	associate	degree	graduates	in	certificate	level	jobs	earn	14.7	per	cent	
less	than	the	benchmark	group,	their	female	counterparts	earn	22	per	cent	less	than	
the	reference	category.		

Male	graduates	with	a	bachelor’s	honours	degree	working	 in	diploma	 level	
jobs	 have	 earnings	 that	 do	 not	 differ	 statistically	 from	 the	 benchmark	 group	 of	
correctly	matched	bachelor’s	pass	degree	graduates.	Female	graduates	with	the	same	
educational	 attainment	 and	working	 in	 jobs	 that	 require	 a	 diploma,	 however,	 earn	
5.3	per	cent	 less	 than	 the	female	benchmark	category.	 In	 the	category	of	graduates	
with	graduate	certificates	working	 in	bachelor’s	pass	 level	 jobs,	 females	marginally	
outperform	 their	male	 counterparts	 in	 earnings.	 Female	 graduates	 in	 this	 category	
earn	12.7	per	cent	more	than	the	reference	group,	while	male	graduates	here	earn	10	
per	cent	more.		

Masters	degree	graduates	working	in	diploma	level	jobs	(oru_mast_dip)	have	
positive	returns	to	their	higher	qualifications.	However,	males	in	this	category	have	an	
earnings	return	of	7.4	per	cent	whereas	females	have	a	more	modest	return,	of	4.1	per	
cent.	Masters	graduates	working	in	certificate	level	jobs	(oru_mast_cert)	fare	much	
worse	 than	 this,	with	males	having	earnings	14.3	per	cent	 less	 than	 the	benchmark	
group,	and	females	11	per	cent	less	than	the	benchmark	group.		

A	 considerable	 gender	 difference	 in	 the	 magnitude	 of	 the	 ORU	 earnings	
impacts	 is	 observed	 for	 doctoral	 graduates	 in	 certificate	 level	 jobs	 –	 the	 most	
overeducated	 category.	 For	 male	 graduates,	 the	 impact	 of	 being	 overeducated	 in	
this	instance	is	statistically	insignificant	compared	to	the	benchmark	group	of	male	
bachelor’s	pass	degree	graduates	working	in	matched	jobs.	Female	graduates	in	this	
situation,	however,	get	an	earnings	premium	compared	to	the	benchmark	group	of	12.1	
per	cent	 for	 their	surplus	human	capital.	Note,	however,	 that	 female	PhD	graduates	
employed	in	certificate	level	jobs	have	earnings	around	8	percentage	points	lower	than	
female	PhD	graduates	employed	in	jobs	requiring	a	bachelor’s	pass	degree.		

Of	 the	 six	 estimated	 coefficients	 with	 statistically	 significant	 differences	
between	males	and	females,	three	(oru_gcert_bach, oru_mast_cert and	oru_phd_cert)	
indicated	 that	 females	were	better	 off	 compared	 to	males	 in	 terms	of	 the	 earnings	
effects	 associated	with	 over-education,	 which	 is	 contrary	 to	 the	 predictions	 of	 the	
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job	 search	 hypothesis	 outlined	 above.13	 Clearly,	 the	 above	 comparison	 of	 gender	
differences	in	the	ORU	earnings	effects	gives	little	support	to	this	interpretation	of	the	
labour	market.	This,	however,	could	be	a	reflection	of	the	dominance	of	workers	from	
metropolitan	areas	in	the	present	analysis,	who	are	not	as	geographically	constrained	
in	their	job	search.14	

	
ORU Analyses Using Gender-Specific Required Levels of Education 
Thus	far,	 the	ORU	variables	have	been	constructed	using	 the	same	reference	 levels	
of	 education	 for	 males	 and	 females.	 	 In	 this	 section	 the	 analyses	 are	 undertaken	
using	gender-specific	reference	levels	of	education	for	each	occupation.	The	greater	
variation	across	 the	ORU	categories	under	this	approach	provides	a	better	basis	for	
using	a	Blinder-Oaxaca	decomposition	in	the	study	of	the	gender	earnings	gap.	

The	 conventional	 job	 classification	 approach,	 such	 as	 in	ASCO,	 holds	 that	
the	same	educational	standard	applies	for	all	workers	in	an	occupation.		Empirically,	
however,	 it	 often	 appears	 that	 standards	 differ	 between	males	 and	 females.	 In	 the	
‘reverse	 regression’	 literature,	 for	 example,	when	 schooling	 levels	 are	 regressed	on	
income,	a	typical	finding	is	that	to	receive	similar	pay	females	generally	require	higher	
amounts	of	education	(see	Goldberger,	1984;	Kapsalis,	1982).	Kamalich	and	Polachek	
(1982),	 for	 example,	 find	 that	 females	 have	 around	 1.2	 years	 more	 of	 schooling,	
compared	to	males	with	similar	earnings.		

To	address	this	issue,	the	modal	qualification	for	each	gender	was	obtained	for	
each	occupation	using	data	from	the	2006	Australian	Census.	There	are	17	occupations,	
out	of	the	total	of	103	listed	in	the	data,	in	which	the	modal	levels	of	education	differed	
by	gender.	Among	these	17	occupations,	in	only	3	instances	was	the	modal	level	of	
education	higher	 for	males	 than	 for	 females.	However,	despite	 the	generally	higher	
modal	levels	of	education	for	females,	their	incidence	of	educational	match	remained	
unchanged	from	the	figure	found	in	the	earlier	section,	at	38	per	cent.	Males,	however,	
are	less	‘matched’	to	their	occupations,	with	a	30	per	cent	 incidence	of	educational	
match,	four	percentage	points	less	than	in	the	preceding	section.	This	is	likely	to	be	a	
consequence	of	occupational	segregation	by	gender	and	the	lower	reference	levels	of	
education	in	the	analysis	of	male	graduates.		

The	results	of	the	estimation	of	the	earnings	equation	using	the	gender-specific	
modal	 levels	of	education	are	presented	 in	 table	2.	 In	 this	set	of	analyses	 the	ORU	
variables	have	names	beginning	with	cen.	As	with	the	ORU	variables	in	the	preceding	
sections,	the	cen	variable	names	have	the	attained	qualification	in	the	middle	portion	
(cert	to	phd),	and	the	modal	levels	of	education	at	the	end	portion	(y10	to	bach).		

	
13	Note	that	occupations	were	not	used	as	regressors	in	the	main	estimating	equation,	as	they	were	
used	to	construct	the	ORU	variables.	However,	separate	regressions	were	run	with	11	occupational	
groups	as	controls	to	estimate	the	impact	of	occupational	segregation	on	ORU	earnings	effects.	
For	males,	 the	 negative	 earnings	 effects	 associated	 with	 the	 ORU	 variables	 are	 reduced	 once	
occupations	 are	 taken	 account	 of.	 On	 the	 contrary,	 females	 have	 their	 earnings	 disadvantage	
exacerbated	once	occupation	is	controlled	for.	This	suggests	that	females	are	able	to	offset	some	of	
the	earnings	disadvantages	associated	with	over-education	through	occupational	mobility.		
14	The	data	set	contains	information	on	the	residential	and	employment	postcodes	of	the	graduates.	
However,	these	were	not	entered	into	the	estimating	equation,	as	there	were	missing	values	for	a	
substantial	number	of	the	respondents.		
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Table 2 - OLS Estimates of the ORU Model, Gender-specific Required 
Education

 Full Males Females
Variable (i) (ii) (iii)
Constant	 2.228	***	 2.120	***	 2.199	***
	 (171.798)		 (91.246)		 (148.410)
Female	 -0.049	***	 (a)		 (a)
	 (29.650)
Age#	 0.041	***	 0.044	***	 0.040	***
	 (53.392)		 (32.029)		 (45.767)
Age	squared/1000	 -0.455	***	 -0.466	***	 -0.461	***
	 (42.603)		 (24.032)		 (37.899)
Tenure#	 0.019	***	 0.019	***	 0.017	***
	 (39.528)		 (25.898)		 (28.936)
Tenure	squared/1000#	 -0.538	***	 -0.609	***	 -0.502	***
	 (23.251)		 (17.259)		 (16.594)
Non-English	speaking#	 -0.044	***	 -0.050	***	 -0.040	***
	 (19.578)		 (14.648)		 (13.149)
Non-Australian	 -0.214	***	 -0.213	***	 -0.227	***
	 (35.822)		 (26.568)		 (25.612)
Further	study#	 0.006	***	 0.010	***	 0.003
	 (2.832)		 (3.034)		 (0.895)
Group	of	Eight#	 0.021	***	 0.030	***	 0.021	***
	 (11.219)		 (9.954)		 (8.350)
Australian	Technology	Network	 0.030	***	 0.032	***	 0.033	***
	 (13.278)		 (9.041)		 (11.519)
Innovative	Research	University#	 -0.000		 -0.011	***	 0.008	***
	 (0.148)		 (2.943)		 (2.754)
Natural	and	Physical	Sciences	 -0.090	***	 -0.085	***	 -0.082	***
	 (24.251)		 (15.413)		 (16.351)
Information	Technology#	 -0.033	***	 -0.032	***	 -0.012		
	 (8.136)		 (6.436)		 (1.585)
Engineering	 -0.021	***	 -0.013	***	 0.002
	 (5.394)		 (2.670)		 (0.223)
Architecture	 -0.116	***	 -0.095	***	 -0.110	***
	 (20.724)		 (12.870)		 (12.745)
Agriculture	and	Environment#	 -0.137	***	 -0.158	***	 -0.113	***
	 (27.158)		 (22.057)		 (15.675)
Nursing#	 -0.124	***	 -0.155	***	 -0.113	***
	 (30.761)		 (15.201)		 (24.178)
Medicine	 -0.038	***	 -0.042	***	 -0.032	***
	 (11.018)		 (6.886)		 (7.479)
Education#	 -0.070	***	 -0.076	***	 -0.060	***
	 (18.962)		 (11.950)		 (13.056)
Society	and	Culture#	 -0.060	***	 -0.064	***	 -0.049	***
	 (22.313)		 (14.735)		 (14.487)
Creative	Arts	and	Others#	 -0.126	***	 -0.137	***	 -0.109	***
	 (30.672)		 (18.820)		 (21.485)
Self-employed	 0.019	***	 0.014	*	 0.018	**
	 (3.285)		 (1.720)		 (2.215)
Private	sector	 -0.054	***	 -0.056	***	 -0.050	***
	 (25.374)		 (15.084)		 (19.336)
Short-term	employment#	 -0.101	***	 -0.110	***	 -0.098	***
	 (52.295)		 (32.906)		 (41.398)
cen_dip_y10#	 -0.374	***	 -0.228	***	 -0.523	***
	 (6.841)		 (3.438)		 (3.761)
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Table 2 - OLS Estimates of the ORU Model, Gender-specific Required 
Education (continued)

 Full Males Females
Variable (i) (ii) (iii)
cen_dip_y12	 -0.148	***	 -0.122	**	 -0.172	***
	 (7.326)		 (2.453)		 (7.221)
cen_dip_cert#	 -0.016		 0.013		 -0.109	***
	 (1.394)		 (0.993)		 (3.334)
cen_dip_dip#	 -0.055		 -0.350	***	 0.102	***
	 (1.255)		 (3.237)		 (7.991)
cen_dip_bach	 0.039	***	 0.021		 0.040	***
	 (3.230)		 (0.932)		 (2.613)
cen_ascdeg_y10	 -0.312	***	 -0.275	***	 -0.232	**
	 (5.548)		 (3.523)		 (2.276)
cen_ascdeg_y12#	 -0.178	***	 -0.063	*	 -0.197	***
	 (7.608)		 (1.953)		 (6.408)
cen_ascdeg_cert#	 -0.035	***	 -0.018		 -0.165	***
	 (3.014)		 (1.514)		 (3.989)
cen_ascdeg_dip	 -0.258	***	 -0.549		 0.016
	 (2.979)		 (1.169)		 (1.358)
cen_ascdeg_bach	 -0.008		 -0.029		 -0.018
	 (0.578)		 (0.900)		 (0.821)
cen_bach_y10	 -0.292	***	 -0.263	***	 -0.285	***
	 (30.049)		 (22.118)		 (14.824)
cen_bach_y12#	 -0.132	***	 -0.102	***	 -0.141	***
	 (48.965)		 (21.102)		 (39.460)
cen_bach_cert#	 -0.109	***	 -0.040	***	 -0.085	***
	 (22.742)		 (9.197)		 (17.352)
cen_bach_dip#	 -0.028	***	 -0.207	***	 0.018
	 (3.453)		 (10.521)		 (1.393)
cen_hons_y10#	 -0.284	***	 -0.217	***	 -0.379	***
	 (8.568)		 (5.463)		 (5.795)
cen_hons_y12#	 -0.081	***	 -0.054	***	 -0.098	***
	 (12.468)		 (5.139)		 (11.080)
cen_hons_cert#	 -0.061	***	 -0.016		 -0.046	***
	 (4.753)		 (1.485)		 (3.729)
cen_hons_dip#	 -0.026		 -0.011		 0.117	**
	 (1.020)		 (0.246)		 (2.416)
cen_hons_bach	 0.022	***	 0.028	***	 0.023	***
	 (6.419)		 (5.564)		 (4.605)
cen_gcert_y10	 -0.228	***	 -0.224	***	 -0.212	*
	 (4.958)		 (4.480)		 (1.919)
cen_gcert_y12#	 -0.017	*	 0.019		 -0.055	***
	 (1.866)		 (1.387)		 (3.837)
cen_gcert_cert#	 -0.000		 0.131	***	 0.031	*
	 (0.001)		 (16.014)		 (1.820)
cen_gcert_dip#	 0.040		 -0.218	***	 0.066
	 (1.441)		 (3.240)		 (0.907)
cen_gcert_bach#	 0.145	***	 0.115	***	 0.155	***
	 (40.735)		 (15.438)		 (34.943)
cen_gdip_y10	 -0.318	***	 -0.362	***	 -0.264	***
	 (8.523)		 (7.801)		 (3.780)
cen_gdip_y12#	 -0.064	***	 -0.046	***	 -0.086	***
	 (8.260)		 (3.327)		 (7.733)
cen_gdip_cert#	 -0.018		 0.148	***	 -0.013
	 (1.255)		 (16.097)		 (1.003)
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Table 2 - OLS Estimates of the ORU Model, Gender-specific Required 
Education (continued)

 Full Males Females
Variable (i) (ii) (iii)
cen_gdip_dip#	 0.001		 -0.108	***	 0.118	***
	 (0.038)		 (3.539)		 (4.831)
cen_gdip_bach#	 0.103	***	 0.082	***	 0.099	***
	 (36.836)		 (15.462)		 (29.132)
cen_mast_y10	 -0.351	***	 -0.354	***	 -0.317	***
	 (11.979)		 (10.111)		 (6.113)
cen_mast_y12#	 -0.048	***	 -0.010		 -0.082	***
	 (6.525)		 (0.867)		 (6.963)
cen_mast_cert#	 0.055	***	 0.238	***	 0.065	***
	 (4.732)		 (38.381)		 (5.670)
cen_mast_dip#	 0.088	***	 -0.140	***	 0.060	*
	 (4.820)		 (3.711)		 (1.955)
cen_mast_bach#	 0.201	***	 0.163	***	 0.191	***
	 (71.672)		 (32.360)		 (51.265)
cen_phd_y10	 -0.256	*	 -0.283	***	 -0.370
	 (1.823)		 (2.956)		 (0.933)
cen_phd_y12	 0.107	***	 0.077	**	 0.132	***
	 (6.304)		 (2.365)		 (5.198)
cen_phd_cert#	 0.096	**	 0.228	***	 0.145	***
	 (2.430)		 (13.918)		 (6.343)
cen_phd_dip	 0.188	***	 -0.020		 0.534
	 (4.476)		 (0.169)		 (1.066)
cen_phd_bach#	 0.192	***	 0.172	***	 0.190	***
	 (38.078)		 (22.609)		 (26.514)
Observations	 569,325		 221,746		 347,579
Adjusted	R2	 0.186		 0.215		 0.162

Notes:	Absolute	values	of	heteroscedasticity	consistent	‘t’-statistics	are	presented	in	parentheses.	
*,	**	and	***	indicate	significance	at	the	ten,	five	and	one	per	cent	levels,	respectively.	The	models	
included	dummy	variables	for	15	industries	of	employment,	and	for	the	10	years	of	graduation.	
#	indicates	significance	for	the	t-test	of	difference.	(a)	indicates	that	the	variable	was	not	entered	in	
the	estimating	equation.	#	indicates	statistical	difference	for	males	and	females,	at	the	ten	per	cent	
level.	The	middle	portions	of	the	cen	variables	indicate	the	attained	level	of	qualification,	and	the	
end	portions	indicate	the	job	level.

	
The	 adjusted	R2	 for	 the	 analysis	 of	 the	 full	 sample	 is	 0.186,	which	 is	 very	

similar	to	the	earlier	analysis	reported	in	table	1.	The	adjusted	R2	values	for	the	male	
and	female	estimations	in	panels	(ii)	and	(iii)	are	0.215	and	0.162,	respectively.	Thus,	
there	is	no	advantage,	and	perhaps	even	a	slight	disadvantage,	from	using	the	additional	
detail	available	in	these	alternative	measures	of	required	education.	At	face	value,	this	
suggests	that	the	labour	market	is	not	overly	discerning	in	this	regard.	However,	the	
results	of	the	‘t’-tests	of	differences	in	the	estimated	earnings	coefficients	by	gender	
revealed	a	much	larger	number	of	statistically	significant	earnings	effects	differences	
in	the	table	2	analyses,	as	compared	to	those	in	table	1.	These	are	again	denoted	by	
the	 #	 beside	 the	 variables’	 names.	Out	 of	 the	 87	 variables	 in	 the	model,	 estimated	
coefficients	for	41	of	them,	or	almost	half,	were	found	to	differ	statistically	by	gender.		
A	review	of	the	estimated	coefficients	in	panels	(ii)	and	(iii)	reveals	that	the	magnitudes	
of	earnings	effects	are	generally	larger	for	males,	and	in	some	cases	are	statistically	
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significant	for	males	but	not	for	females.	This	is	similar	to	the	pattern	evident	in	table	
1.	Looking	 at	 fields	 of	 study,	 for	 example,	 it	 is	 observed	 that	 the	 estimates	 for	 the	
Information	Technology	and	Engineering	graduates	are	statistically	significant	at	the	
one	per	cent	level	for	males,	but	are	insignificant	for	females.	Moreover,	the	estimates	
on	Agriculture	and	Environment,	Nursing,	and	Creative	Arts	and	Others	are	larger	(in	
absolute	terms)	for	males.		

The	 analyses	 disaggregated	 by	 gender,	 and	 using	 gender-specific	 modal	
levels	of	qualifications,	are	associated	with	greater	variability	 in	 the	ORU	earnings	
impacts	between	males	and	females.	Thus,	using	the	‘t’-tests	of	difference,	26	of	the	
39	ORU	variables	here	differ	statistically	between	males	and	females.	This	is	a	larger	
proportion	than	that	found	for	the	earlier	analyses	which	did	not	use	gender-specific	
required	levels	of	education,	and	this	is	presumably	linked	to	the	greater	detail	used	
in	the	construction	of	the	ORU	variables	in	lower-skilled	jobs.	The	magnitude	of	the	
earnings	differences	by	gender	are	substantially	larger,	compared	to	those	found	in	the	
earlier	section.	For	example,	males	with	a	diploma,	employed	in	a	job	with	a	modal	
educational	level	of	a	Year	10	qualification,	earned	a	substantial	23	per	cent	less	than	
the	benchmark	group	of	their	male	counterparts	with	a	bachelor’s	pass	degree	working	
in	a	job	where	the	modal	qualification	is	a	bachelor’s	pass	degree.15	In	comparison,	
females	 are	 much	 worse	 off	 if	 they	 are	 in	 the	 same	 situation,	 with	 the	 earnings	
effect	 being	 negative	 52	 per	 cent.	 Earnings	 effects	 differences	 between	males	 and	
females	exceeding	ten	percentage	points	are	evident	in	18	categories,	though	these	are	
reasonably	evenly	divided	between	cases	where	males	are	at	an	earnings	advantage	
and	cases	where	females	are	at	an	earnings	advantage.	

Further,	of	the	39	ORU	earnings	coefficients	in	this	section,	only	17	exhibited	
gender	differences	in	earning	impacts	that	are	consistent	with	the	job	search	hypothesis.	
While	this	is	a	larger	proportion	compared	to	that	found	in	the	previous	section	(3	out	
of	23),	it	still	accounts	for	less	than	half	of	the	estimated	ORU	earnings	coefficients.	
Generally,	it	can	be	said	that	the	job	search	hypothesis	does	not	appear	to	be	validated	
by	the	findings	here	for	the	Australian	graduate	labour	market.		

	
Blinder-Oaxaca Decomposition 
As	noted	in	relation	to	equation	(2),	a	Blinder-Oaxaca	decomposition	can	be	used	to	
provide	a	better	understanding	of	the	reasons	why	females	have	a	lower	mean	rate	of	
pay	 than	males.	The	findings	from	this	decomposition,	based	on	 the	average	of	 the	
results	obtained	when	the	female	and	male	wage	structures	are	employed	as	the	non-
discriminatory	norm,	are	presented	in	table	3.	In	the	current	data	there	is	a	raw	gender	
wage	differential	of	9.6	percentage	points	in	favour	of	males.	Of	this	9.6	percentage	
points,	 the	Blinder-Oaxaca	decomposition	 revealed	 that	4.4	percentage	points	were	
attributable	 to	 the	difference	 in	 the	endowments	of	 the	male	and	female	graduates.	
The	remaining	5.1	percentage	points,	or	slightly	over	half	of	the	wage	difference,	can	
be	attributed	 to	 the	difference	 in	coefficients.16,17	The	ORU	variables	accounted	 for	
15	This	ORU	category	consists	of	farm	managers,	and	production	or	transport	labourers.
16	This	‘coefficient’	effect	is	also	known	as	the	‘unexplained’	wage	differential,	or	discrimination,	
in	the	gender	wage	gap	literature.		
17	A	two-fold	decomposition	is	performed	here,	for	simplicity	in	the	discussion	of	results,	as	well	as	
compatibility	with	most	studies	in	the	economics	literature.	Performing	a	three-fold	decomposition	
reveals	that	the	‘third’	interaction	component	is	small,	at	2.5	percentage	points.	The	endowment	
and	coefficient	effects	were	3.2	and	3.9	percentage	points,	respectively.		
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a	combined,	and	very	small,	0.3	percentage	points	of	the	‘endowment’	effect.18	The	
majority	(32	out	of	39)	of	the	estimated	endowment	effects	for	the	ORU	variables	were,	
however,	statistically	significant	at	the	10	per	cent	level	or	higher.		

			
Table 3 - Estimates from the Blinder-Oaxaca Decomposition

Predicted	Male	Wage	 		 3.0658	***
	 		 (0.0013)
Predicted	Female	Wage	 		 2.9701	***
	 		 (0.0010)
Raw	Wage	Gap	 		 0.0957	***
	 		 (0.0017)
Explained	 		 		 0.0443	***
	 		 		 (0.0012)
Unexplained	 		 		 0.0514	***
	 		 		 (0.0018)
Constant	 		 		 -0.0788	***
	 		 		 (0.0221)
Observations	 569,325

Note: Standard	errors	are	presented	in	parentheses.	***,	**	and	*	denote	significance	at	the	one,	
five	and	ten	per	cent	levels,	respectively.

	
	
The	negligible	combined	endowment	effect	for	the	ORU	variables	may	seem	

inconsistent	with	the	findings	reported	earlier,	of	males	being	less	likely	to	be	‘matched’	
to	their	occupation	(30	per	cent	incidence	of	education-occupation	match	compared	
with	38	per	cent	for	females)	and	of	there	being	substantial	variation	in	wages	across	
the	 ORU	 categories	 entered	 into	 the	 estimating	 equation.	 	 An	 examination	 of	 the	
individual	endowment	effects	for	the	39	ORU	variables	shows	that	these	effects	are	
minute,	with	 the	 largest	estimate	being	only	0.7	percentage	points,	 for	 the	category	
of	graduates	with	a	masters	degree	working	in	certificate	 level	 jobs.19	Moreover,	21	
of	the	ORU	estimated	coefficients,	or	around	one-half	of	the	ORU	variables,	were	of	
negative	sign,	while	 the	remaining	18	were	of	positive	sign.	A	negative	sign	means	
that	the	removal	of	that	component	would	lead	to	a	wider	gender	wage	gap,	whereas	a	
positive	sign	indicates	that	removal	of	that	component	would	lessen	the	gender	wage	
gap,	ceteris	paribus.	Thus,	these	effects	cancel	out,	with	the	net	result	being	that	the	
ORU	endowment	 effects	do	not	 favour	 either	gender.	This	finding	provides	 a	basis	
for	 further	 evaluation	 of	 the	 job	 search	 hypothesis.	 Specifically,	 as	 there	 does	 not	
appear	to	be	a	clear	wage	advantage	(detriment)	caused	by	the	ORU	endowments	for	
males	(females),	the	job	search	hypothesis	is	not	validated,	at	least	for	the	Australian	
graduate	labour	market.	It	would	be	of	interest,	however,	to	know	if	these	findings	hold	
after	the	measurement	issues	that	were	highlighted	in	the	literature	review	section	are	
accounted	for.	These	issues	are	addressed	in	the	following	section.		

18	For	the	unexplained	‘coefficient’	component,	ORU	effects	account	for	a	modest	1.5	percentage	
points,	out	of	the	5.2	percentage	points.	
19	The	individual	endowment	effects	are	not	reported	here,	but	are	available	on	request.	
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The Blinder-Oaxaca Decomposition and the ‘Averaging Approach’ 
As	 an	 extension	 to	 the	 Blinder-Oaxaca	 decomposition	 analysis	 from	 the	 preceding	
section,	 and	bearing	 in	mind	 the	measurement	 issues	 raised	 in	 the	 literature	 review	
section	earlier,	equation	(2)	is	re-estimated	utilising	the	‘averaging	approach’	suggested	
by	 Yun	 (2005).	 Selected	 results	 from	 this	 decomposition	 are	 presented	 in	 table	 4.	
Panels	(i)	and	(ii)	presents	the	results	from	the	previous	decomposition	discussed	in	the	
preceding	section,	while	panels	(iii)	and	(iv)	present	the	results	which	have	incorporated	
Yun’s	(2005)	‘deviant	contrast	coding’	or	‘averaging	approach’.	Note	that	as	the	results	
of	the	overall	decomposition	do	not	change,	they	will	not	be	presented	here.	Instead,	the	
focus	will	be	on	the	ORU	effects	and	the	change	in	the	constant	terms.		

	
Table 4 - Selected Results from the Blinder-Oaxaca Decomposition under 
the Averaging Approach

 Single Benchmark Averaging Approach
 Explained Unexplained Explained Unexplained
Variable  (i) (ii) (iii) (iv)
cen_bach_bach	 		 		 -0.0042	***	 0.0098	**
	 		 		 (0.0005)		 (0.0045)
cen_dip_y10	 -0.0001	***	 0.0001	***	 -0.0001	***	 0.0001	***
	 (0.0000)		 (0.0000)		 (0.0000)		 (0.0000)
cen_dip_y12	 0.0001	***	 0.0001		 0.0000	***	 0.0001	*
	 (0.0000)		 (0.0001)		 (0.0000)		 (0.0001)
cen_dip_cert	 -0.0002	**	 0.0003	***	 0.0000		 0.0004	***
	 (0.0001)		 (0.0001)		 (0.0001)		 (0.0001)
cen_dip_dip	 0.0001	**	 -0.0002	***	 0.0000		 -0.0002	***
	 (0.0000)		 (0.0000)		 (0.0000)		 (0.0000)
cen_dip_bach	 0.0000		 -0.0000		 0.0000		 0.0000
	 (0.0000)		 (0.0001)		 (0.0000)		 (0.0001)
cen_ascdeg_y10	 -0.0001	***	 -0.0000		 -0.0000	**	 -0.0000
	 (0.0000)		 (0.0000)		 (0.0000)		 (0.0000)
cen_ascdeg_y12	 0.0001	***	 0.0001	**	 0.0000	**	 0.0001	***
	 (0.0000)		 (0.0000)		 (0.0000)		 (0.0000)
cen_ascdeg_cert	 -0.0005	***	 0.0005	***	 -0.0002	*	 0.0006	***
	 (0.0001)		 (0.0001)		 (0.0001)		 (0.0001)
cen_ascdeg_dip	 0.0003	***	 -0.0003	***	 0.0002	***	 -0.0003	***
	 (0.0001)		 (0.0001)		 (0.0001)		 (0.0001)
cen_ascdeg_bach	 -0.0000		 -0.0000		 0.0000		 0.0000
	 (0.0000)		 (0.0001)		 (0.0000)		 (0.0001)
cen_bach_y10	 -0.0040	***	 0.0003		 -0.0032	***	 0.0006	**
	 (0.0001)		 (0.0002)		 (0.0002)		 (0.0003)
cen_bach_y12	 0.0084	***	 0.0049	***	 0.0044	***	 0.0086	***
	 (0.0002)		 (0.0008)		 (0.0005)		 (0.0017)
cen_bach_cert	 -0.0040	***	 0.0038	***	 -0.0003		 0.0062	***
	 (0.0002)		 (0.0005)		 (0.0004)		 (0.0012)
cen_bach_dip	 -0.0006	***	 -0.0013	***	 -0.0002	***	 -0.0011	***
	 (0.0001)		 (0.0001)		 (0.0001)		 (0.0002)
cen_hons_y10	 -0.0003	***	 0.0002	***	 -0.0003	***	 0.0002	***
	 (0.0000)		 (0.0001)		 (0.0000)		 (0.0001)
cen_hons_y12	 0.0005	***	 0.0006	***	 0.0001	*	 0.0009	***
	 (0.0001)		 (0.0002)		 (0.0001)		 (0.0002)
cen_hons_cert	 -0.0002	***	 0.0003	*	 0.0002	**	 0.0005	***
	 (0.0001)		 (0.0002)		 (0.0001)		 (0.0002)
cen_hons_dip	 0.0000		 -0.0001		 0.0001	**	 -0.0000
	 (0.0000)		 (0.0000)		 (0.0000)		 (0.0000)
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Table 4 - Selected Results from the Blinder-Oaxaca Decomposition under 
the Averaging Approach

 Single Benchmark Averaging Approach
 Explained Unexplained Explained Unexplained
Variable  (i) (ii) (iii) (iv)
cen_hons_bach	 0.0002	***	 0.0003		 0.0008	***	 0.0016	**
	 (0.0000)		 (0.0004)		 (0.0001)		 (0.0007)
cen_gcert_y10	 -0.0001	***	 -0.0000		 -0.0001	***	 0.0000
	 (0.0000)		 (0.0000)		 (0.0000)		 (0.0000)
cen_gcert_y12	 -0.0000		 0.0005	***	 0.0000	*	 0.0006	***
	 (0.0000)		 (0.0001)		 (0.0000)		 (0.0001)
cen_gcert_cert	 0.0014	***	 0.0013	***	 0.0023	***	 0.0016	***
	 (0.0001)		 (0.0002)		 (0.0002)		 (0.0003)
cen_gcert_dip	 -0.0000	*	 -0.0001	***	 -0.0000		 -0.0001	***
	 (0.0000)		 (0.0000)		 (0.0000)		 (0.0000)
cen_gcert_bach	 -0.0027	***	 -0.0015	***	 -0.0039	***	 -0.0004
	 (0.0001)		 (0.0003)		 (0.0002)		 (0.0006)
cen_gdip_y10	 -0.0003	***	 -0.0001	*	 -0.0002	***	 -0.0001
	 (0.0000)		 (0.0000)		 (0.0000)		 (0.0000)
cen_gdip_y12	 0.0002	***	 0.0004	**	 0.0000		 0.0006	***
	 (0.0000)		 (0.0002)		 (0.0000)		 (0.0002)
cen_gdip_cert 0.0009	***	 0.0021	***	 0.0016	***	 0.0025	***
	 (0.0001)		 (0.0002)		 (0.0001)		 (0.0003)
cen_gdip_dip	 0.0000		 -0.0001	***	 0.0000	*	 -0.0001	***
	 (0.0000)		 (0.0000)		 (0.0000)		 (0.0000)
cen_gdip_bach	 -0.0030	***	 -0.0012	**	 -0.0049	***	 0.0008
	 (0.0001)		 (0.0005)		 (0.0003)		 (0.0010)
cen_mast_y10	 -0.0012	***	 -0.0001		 -0.0010	***	 -0.0000
	 (0.0001)		 (0.0001)		 (0.0001)		 (0.0001)
cen_mast_y12	 -0.0002	***	 0.0012	***	 0.0000		 0.0017	***
	 (0.0000)		 (0.0002)		 (0.0000)		 (0.0003)
cen_mast_cert	 0.0079	***	 0.0061	***	 0.0109	***	 0.0071	***
	 (0.0003)		 (0.0004)		 (0.0004)		 (0.0006)
cen_mast_dip	 -0.0000		 -0.0002	***	 0.0000		 -0.0002	***
	 (0.0000)		 (0.0001)		 (0.0000)		 (0.0001)
cen_mast_bach	 -0.0017	***	 -0.0027	***	 -0.0022	***	 0.0000
	 (0.0001)		 (0.0006)		 (0.0002)		 (0.0013)
cen_phd_y10	 -0.0000	**	 0.0000		 -0.0000	**	 0.0000
	 (0.0000)		 (0.0000)		 (0.0000)		 (0.0000)
cen_phd_y12	 0.0000	**	 -0.0001		 0.0000	**	 -0.0000
	 (0.0000)		 (0.0000)		 (0.0000)		 (0.0000)
cen_phd_cert	 0.0008	***	 0.0002	**	 0.0010	***	 0.0003	***
	 (0.0001)		 (0.0001)		 (0.0001)		 (0.0001)
cen_phd_dip	 0.0000		 -0.0000		 0.0000	*	 -0.0000
	 (0.0000)		 (0.0000)		 (0.0000)		 (0.0000)
cen_phd_bach	 0.0013	***	 -0.0004	*	 0.0017	***	 0.0002
	 (0.0001)		 (0.0003)		 (0.0001)		 (0.0004)
Total	 0.0030		 0.0149		 0.0067		 0.0328
Constant	 -0.0788	***	 		 -0.1296	***	
	 (0.0221)		 		 (0.0249)
Observations	 569,325		 		 569,325
Notes:	Standard	errors	are	presented	in	parentheses.	*,	**	and	***	denote	significance	at	the	
ten,	five	and	one	per	cent	levels,	respectively.	Panels	(iii)	and	(iv)	present	results	of	the	two-fold	
decomposition	under	the	‘averaging’	or	‘deviation	contrast	coding’	method.
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The	first	key	observation	 that	can	be	made	 is	 that	 the	value	of	 the	 intercept	
term	 is	 markedly	 different.	 The	 estimate	 for	 the	 intercept	 term	 in	 the	 previous	
decomposition	was	around	7.9	percentage	points,	while	the	corresponding	estimate	for	
the	current	decomposition	with	deviation	contrast	coding	is	13	percentage	points.	This	
suggests	that	group	membership	per	se	is	more	important	in	contributing	to	the	gender	
wage	gap	than	that	indicated	from	the	previous	decomposition,	where	the	constant	term	
referred	to	the	outcomes	for	a	single	reference	group,	namely,	the	bachelor’s	pass	degree	
graduates	working	in	jobs	that	require	the	level	of	qualification	that	they	possess.		

Looking	at	the	estimated	coefficient	effects	associated	with	the	ORU	variables,	
however,	indicates	very	modest	changes.	31	out	of	the	40	ORU	variables	have	coefficient	
effects	in	the	decomposition	that	are	statistically	significant	at	the	ten	per	cent	or	higher	
levels,	similar	 to	 the	32	out	of	39	significant	ORU	coefficient	effects	reported	under	
the	‘single	benchmark’	approach	from	the	previous	section.	The	sign	on	the	estimated	
coefficient	effects	largely	remains	unchanged	–	the	only	exception	is	for	graduates	with	
an	honours	degree	working	 in	certificate	 level	 jobs.	The	endowment	effect	 for	 these	
graduates	also	changed,	from	being	of	a	negative	sign	to	being	positive.	The	absolute	
value	of	the	endowment	effect,	however,	remains	small,	at	0.2	percentage	points.		

Further,	an	examination	of	 the	endowment	effects	 in	 the	decomposition	for	
the	different	levels	of	required	education	reveals	four	general	(though	not	universal)	
patterns.	First,	there	are	few	significant	gender	endowment	effects	in	jobs	that	require	
a	diploma,	and	 the	gender	endowment	effects	 in	 jobs	 that	 require	a	bachelor’s	pass	
degree	are	mixed.	As	these	are	job	requirements	that	are	closest	to	the	qualifications	of	
the	graduate	population,	this	empirical	result	indicates	that	similar	sorting	outcomes	
for	male	and	female	university	graduates	occur	for	such	jobs.		

Second,	 jobs	 that	 require	 certificate	 level	 qualifications	 have	 endowment	
effects	that	favour	more	highly	qualified	males.	That	is,	fewer	more	highly	qualified	
males	than	females	work	in	these	jobs	that	attract	a	wage	penalty.	When	this	result	is	
combined	with	the	first	feature	mentioned	above,	the	implication	is	that	male	and	female	
graduates	are	differentially	sorted	into	jobs	that	require	lower-level	qualifications.		

Third,	jobs	that	require	Year	12	education	typically	have	endowment	effects	
that	favour	males.	As	graduates	in	these	jobs	are	overeducated,	and	their	over-education	
status	is	associated	with	lower	wages,	this	endowment	effect	in	favour	of	males	must	
arise	because	females	are	more	likely	than	males	to	be	in	these	intermediate	level	jobs.		

Fourth,	jobs	that	require	Year	10	education	typically	have	endowment	effects	
that	favour	females.	Applying	the	reasoning	advanced	above,	this	suggests	that	males	
are	more	likely	than	females	to	be	in	these	low-skilled	jobs.	

In	the	case	of	the	coefficients	effect,	there	are	three	findings	of	note.	First,	the	
coefficient	effects	for	jobs	that	require	either	a	diploma	or	bachelor’s	pass	degree	tend	
to	be	associated	with	a	negative	effect.	In	other	words,	 this	component	of	the	wage	
decomposition	acts	to	lessen	the	male	wage	advantage	that	would	otherwise	occur.		

Second,	the	coefficient	effects	for	jobs	that	require	either	a	certificate	or	Year	
12	 schooling	 tend	 to	 be	 positive.	 In	 other	 words,	 the	 over-education	 wage	 effects	
associated	with	university	graduates	working	in	these	jobs	tend	to	favour	males,	and	
lead	to	a	widening	of	their	wage	advantage.		

Third,	 the	 low-skilled	 jobs	 requiring	 only	Year	 10	 are	 typically	 associated	



193
IAN W. LI AND PAUL W. MILLER

Gender Discrimination in the Australian Graduate Labour Market 

with	 similar	 wage	 effects	 for	males	 and	 females,	 so	 that	 the	 coefficient	 effects	 in	
the	wage	decomposition	for	these	jobs	are	usually	not	statistically	significant.	Thus,	
the	decomposition	indicates	 that	while	 the	overall	wage	effects	are	slight,	 there	are	
interesting	patterns	in	the	data	that	suggest	that	there	are	systematic	factors	impacting	
the	wage	determination	process	when	it	is	examined	from	the	ORU	perspective.		

A	 comparison	 of	 the	 overall	 contribution	 of	 ORU	 earnings	 effects	 to	 the	
gender	wage	gap	reveals	changes	of	a	moderate	scale.	Recall	from	the	previous	section	
that	ORU	earnings	effects	accounted	for	a	 total	0.3	percentage	point	 impact	on	the	
endowment	effect.	Further,	 the	unexplained	portion	of	 the	gender	wage	gap,	or	 the	
coefficient	 effect,	 attributed	 to	 ORU	 effects	 was	 1.5	 percentage	 points.	 Under	 the	
‘averaging	approach’,	these	values	are	0.7	and	3.3	percentage	points,	respectively.	The	
endowment	and	coefficient	effects	of	 the	gender	wage	gap	attributable	 to	ORU	can	
thus	be	 said	 to	have	doubled.	 In	 the	case	of	 the	endowment	effects,	ORU	earnings	
effects	can	be	said	to	play	a	minor	role	-	they	still	account	for	only	17	per	cent	of	the	
overall	 endowment	 effect	 for	 the	model.	 The	 coefficient	 effect	 of	 the	 gender	wage	
gap	attributable	 to	ORU,	however,	 is	 substantial.	ORU	earnings	effects	 account	 for	
roughly	 two-thirds	 of	 the	 (modest)	 estimated	 coefficient	 effect	 of	 five	 percentage	
points.	 Nevertheless,	 the	 finding	 from	 the	 previous	 section,	 that	 the	 ‘job-search’	
hypothesis	 is	 not	 validated	 in	 the	Australian	 graduate	 labour	market,	 is	 reinforced	
by	 the	 decomposition	 utilising	Yun’s	 (2005)	 ‘averaging’	 approach,	 given	 the	 small	
endowment	effects	associated	with	ORU.			

	
The Gender Wage Gap and Age 
The	Blinder-Oaxaca	decomposition	indicated	a	standardised	gender	wage	gap	of	5.2	
percentage	points.	This	gender	wage	gap	 is	of	similar	size	 to	 that	estimated	by	 the	
female	 dummy	variable	 in	 the	ORU	models	 of	 earnings	 in	 the	 preceding	 sections.	
Further,	recall	that	in	an	earlier	section	it	was	noted	that	the	relatively	small	gender	
wage	gap	observed	in	the	present	study	might	be	due	to	the	focus	on	labour	market	
entrants.	Thus,	the	pooled	regression	will	be	used	in	a	more	detailed	examination	of	
the	gender	wage	gap	effect	by	age.	Two	approaches	are	considered	in	this	examination.	
First,	 the	sample	was	disaggregated	by	age	groups,	and	equation	 (3)	was	estimated	
separately	for	each	age	group.20	The	results	indicated	that	for	graduates	aged	35	years	
and	below,	the	gender	wage	gap	was	around	4.5	per	cent.	Thereafter,	the	gender	wage	
gap	widened	considerably.	Females	aged	36	to	40	years	earned	6	per	cent	less.	Those	
aged	46	to	50	years	experienced	earnings	8	per	cent	lower	than	their	male	counterparts.	
Female	workers	aged	more	than	56	years	old	earned	13	per	cent	less.	These	estimates	
were	all	significant	at	the	one	per	cent	level.	As	age	increases,	both	males	and	females	
enter	higher-wage	positions,	but	the	female	wage	disadvantage	widens.	This	provides	
some	support	for	the	‘glass	ceiling’	found	in	other	studies.	

	Second,	equation	(3)	was	estimated	on	the	full	sample,	with	an	interaction	
term	between	gender	and	age	(genage	=	female*age).	The	inclusion	of	this	term	in	the	
model	yielded	an	estimate	of	-0.013	for	female,	and	an	estimate	of	-0.004	on	genage,	
both	significant	at	the	one	per	cent	level.	These	estimates	can	be	interpreted	as	follows.	
20	 	 The	 results	 for	 the	 full	model	 on	 these	 analyses	 by	 age	 groups,	 and	 the	 subsequent	 pooled	
regression	are	not	presented	in	this	study,	but	are	available	on	request.		
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The	gender	wage	gap	is	three	per	cent	when	evaluated	at	25	years	of	age.	For	graduates	
aged	40	years	old,	the	gender	wage	gap	is	much	wider,	at	nine	per	cent.	This	increase	
in	the	gender	wage	gap	follows	through	for	increasing	years	of	age,	and	the	gap	is	a	
substantial	19	per	cent	for	graduates	at	the	(retirement)	age	of	65	years.		

These	findings	lend	support	to	the	thesis	that	the	relatively	small	gender	wage	
effect	among	younger	workers,	and	the	larger	gender	wage	effect	among	older	workers,	
is	due	to	the	measure	of	work	experience.	Mincer	and	Polachek	(1974)	for	the	US,	and	
Rummery	(1992)	for	Australia,	show	that	changing	from	a	measure	of	potential	work	
experience	to	a	measure	of	actual	work	experience	can	reduce	the	standardised	wage	
gap	by	40	to	70	per	cent.21	The	competing	hypothesis,	that	the	small	gender	wage	gap	
for	young	graduates	is	due	mainly	to	minimum	wage	effects,	does	not	seem	credible	
when	the	gradual	changes	in	the	gender	wage	gap	with	age	are	considered.	

	
5. Conclusion 
This	 paper	 has	 examined	 gender	 differences	 and	 educational	 mismatch	 in	 the	
Australian	graduate	labour	market,	using	various	analyses	and	perspectives.	A	number	
of	 conclusions	can	be	drawn	 from	 this	 analysis.	First,	 the	gender	wage	gap	 for	 the	
higher	educated	labour	market	entrants	is	smaller	than	that	reported	in	other	Australian	
studies.	Analyses	of	the	change	in	this	with	age	suggest	that	this	change	is	most	likely	
linked	to	the	measure	of	work	experience	included	in	the	estimating	equation.	

Second,	 the	most	 substantial	 penalties	 to	 being	 overeducated	 are	 found	 at	
the	lowest	 job	levels.	Most	ORU	earnings	effects	do	not	differ	statistically	between	
males	 and	 females.	 Greater	 earnings	 penalties	 and	 gender	 differences	 are	 found	
when	gender-specific	and	more	detailed	 required	 levels	of	education	are	used	 from	
the	Census	data	than	when	the	gender-neutral	ASCO-based	standards	are	employed.	
Nevertheless,	 the	 absence	 of	 evidence	 in	 either	 set	 of	 analyses	 that	 females	 incur	
greater	 earnings	 penalties	 than	males	 from	 their	 overeducated	 status	 suggests	 that	
females’	over-education	does	not	arise	due	to	their	more	limited	job	search.		

A	third	finding	reinforces	that	of	the	second	point.	Adding	broad	controls	for	
occupation	to	the	model	impacts	negatively	(positively)	on	the	ORU	earnings	effects	
for	 female	 (male)	 graduates.	 This	 indicates	 that	 females	 are	 more	 mobile	 across	
occupations	compared	to	males.	Again,	this	does	not	support	the	theorised	outcomes	
under	the	job	search	hypothesis.	

Fourth,	the	Blinder-Oaxaca	decomposition	revealed	that	ORU	effects	accounted	
for	 only	 a	 negligible	 portion	 of	 the	 gender	 wage	 gap.	 However,	 the	 decomposition	
revealed	 interesting	 trends	 regarding	 sorting	 outcomes	 and	 ORU	 earnings	 effects	
for	males	and	females.	With	regard	to	jobs	that	require	lower	education	levels,	males	
were	more	likely	than	females	to	be	sorted	into	jobs	requiring	Year	10	schooling	or	
certificates.	At	 the	same	 time,	 the	coefficient	effects	 in	 the	decomposition	 indicated	
that	the	estimated	ORU	effects	for	higher-level	jobs	that	require	a	diploma	or	bachelor’s	
pass	degree	tend	to	narrow	the	gender	wage	gap.	In	contrast,	the	estimated	ORU	effects	
for	jobs	that	require	a	certificate	or	Year	12	tend	to	widen	the	gender	wage	gap.		

	 In	summary,	 there	 is	a	gender	wage	gap	 in	 the	Australian	graduate	 labour	
21	In	Rummery	(1992)	the	measure	of	actual	experience	was	constructed	as	the	number	of	years	
worked	full	time	plus	a	third	of	the	years	worked	part	time.	All	data	were	collected	retrospectively.
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market,	though	this	gap	is	smaller	than	that	found	for	the	aggregate-level	Australian	
labour	 market.	 These	 findings	 thus	 favour	 education	 as	 a	 tool	 of	 eliminating	
discrimination	 in	 the	 labour	market.	As	 females	 are	 less	 overeducated	 than	males,	
despite	the	larger	representation	of	the	former	in	higher	education,	there	should	not	be	
concern	that	expanding	higher	education	will	disadvantage	females.	This	prognosis	
is	reinforced	by	the	finding	that	the	majority	of	the	estimated	ORU	penalties	do	not	
differ	statistically	between	males	and	females,	and	the	finding	that	different	levels	of	
over-education	of	males	and	females	make	a	minute	contribution	to	the	‘endowment	
effect’	 in	 the	gender	pay	gap	decomposition.	At	 the	same	time,	however,	a	word	of	
caution	is	needed.	The	gender	wage	gap	is	larger	for	graduates	in	the	older	age	groups	
and	who	are	in	more	advanced	stages	of	their	career.	This	‘glass	ceiling’	effect	appears	
substantial.	However,	whether	it	is	a	pure	‘glass	ceiling’	effect,	or	simply	a	statistical	
artefact	attributable	to	the	use	of	a	poor	measure	of	work	experience	in	the	earnings	
equation,	is	a	moot	point.	The	collection	of	detailed	work	histories	will	be	needed	if	
the	understanding	of	this	labour	market	outcome	is	a	priority.	

	
Appendix 1 
Table A1 - Summary Statistics and Description of Explanatory Variables

Variable  Mean  Std. Dev.
Dependent Variable
Log	hourly	wage	=	Hourly	wage,	expressed	in	logarithmic	format	 3.007	 0.620
University Group
Group	of	Eight	=	Go8	university	 0.279	 0.449
Australia	Technology	Network	=	ATN	university	 0.190	 0.393
Innovative	Research	University	=	IRU	university	 0.130	 0.336
Other	=	Other	university	(omitted	category)	 0.400	 0.490
Personal Characteristic
Female	=	Female	graduates	(omitted	category	=	Male	graduates)	 0.611	 0.488
Age	=	Age,	expressed	in	years	 29.409	 9.428
Age	squared	=	Age	squared,	expressed	in	years	 953.792	 673.722
NESB	=	Non-English	speaking	background	(omitted	category	=	
English-speaking	backgound)	 0.174	 0.379
Non-Australian	=	No	Australian	residency	status	(omitted	category	=	
Australian	residency	status)	 0.045	 0.208
Study Characteristics
Double	degree	=	Double	degree	qualification	(omitted	category	=	
No	double	degree)	 0.091	 0.287
Part-time	study	=	Studied	on	a	part-time	basis	(omitted	category	=	
Studied	full-time)	 0.353	 0.478
Further	study	=	Engaged	in	further	study	(omitted	category	=	
No	further	study)	 0.196	 0.397
Broad field of study
Natural	and	Physical	Sciences	 0.062	 0.241
Information	Technology	 0.050	 0.217
Engineering	 0.054	 0.226
Architecture	and	Building	 0.021	 0.142
Agriculture	and	Environment	 0.021	 0.144
Nursing	 0.071	 0.258
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Table A1 - Summary Statistics and Description of Explanatory Variables 
(continued)

Variable  Mean  Std. Dev.
Medicine	 0.100	 0.300
Education	 0.145	 0.353
Society	and	Culture	 0.171	 0.376
Creative	Arts	and	Others	 0.063	 0.242
Management	and	Commerce	(omitted	category)	 0.242	 0.428
Employment Characteristics
Self-employed	=	Self-employed	(omitted	category	=	Not	self-employed)	 0.039	 0.193
Private	sector	=	Employed	in	private	sector	(omitted	category	=	
Public	sector)	 0.597	 0.490
Short-term	employment	=	Employment	on	contracts	less	than	one	year,	
or	on	a	casual	basis	(omitted	category	=	Long-term	employment)	 0.306	 0.461
Tenure	=	Job	tenure,	expressed	in	years	 2.371	 3.998
Tenure	squared	=	Job	tenure	squared,	expressed	in	years	 21.606	 80.220
Industry of Employment
Accounting	 0.034	 0.180
Wholesale	and	retail	 0.078	 0.268
Accommodation	 0.033	 0.178
Manufacturing	 0.041	 0.198
Forestry	and	mining	 0.011	 0.105
Legal	services	 0.024	 0.153
Government	 0.092	 0.289
Education	 0.145	 0.352
Higher	education	 0.063	 0.243
Health	and	community	services	 0.158	 0.365
Medicine	and	dentistry	 0.040	 0.196
Construction	 0.013	 0.112
Other	services	 0.077	 0.267
Transport	and	communication	 0.031	 0.173
Engineering	consulting	 0.021	 0.143
Financial	services	(omitted	category)	 0.139	 0.345
Year of Graduation
1999	=	Graduated	in	1999	(omitted	category)	 0.075	 0.264
2000	=	Graduated	in	2000	 0.078	 0.268
2001	=	Graduated	in	2001	 0.065	 0.247
2002	=	Graduated	in	2002	 0.069	 0.253
2003	=	Graduated	in	2003	 0.085	 0.279
2004	=	Graduated	in	2004	 0.095	 0.294
2005	=	Graduated	in	2005	 0.098	 0.297
2006	=	Graduated	in	2006	 0.089	 0.284
2007	=	Graduated	in	2007	 0.109	 0.311
2008	=	Graduated	in	2008	 0.116	 0.321
2009	=	Graduated	in	2009	 0.120	 0.325

Note:	Values	of	means	in	some	categories	may	not	sum	to	unity	due	to	rounding.
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