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Abstract

Education policies depend in part on the presence of  externalities, but very little 
evidence	exists	to	confirm	the	existence	of 	such	externalities.	In	this	paper	we	inves-
tigate	if 	there	are	spillover	effects	from	education	within	peer	groups	at	the	work-
place.	We	estimate	the	effect	of 	increasing	the	share	of 	higher	educated	workers	in	
close	peer	groups	on	wages,	using	a	rich	data	source	linking	workers	to	workplaces	
and	specific	occupations.	Our	empirical	approach	accounts	for	the	endogenous	
sorting	of 	workers	into	peer	groups	and	workplaces,	and	at	the	same	time	avoids	
the	reflection	problem	which	is	a	challenge	for	analyses	of 	peer	effects.	In	our	main	
specification	we	find	statistically	significant	but	economically	small	peer	effects	
across	all	occupations.	The	magnitude	of 	the	effect	differs	across	length	and	type	of 	
education,	as	well	as	across	occupations	and	peer	group-	and	workplace	size.

JEL Codes: E20, J24, I26
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1 Introduction

Policy	makers	and	international	institutions	consider	education	a	determinant	of 	
productivity,	economic	growth	and	welfare.	Consequently,	governments	invest	into	
the	design	of 	education	policy	and	individuals	take	advantage	in	expectation	of 	
improved long term returns . Hopes for these policies are high . In addition to pri-
vate returns to human capital investment, education is believed to generate various 
positive	externalities	including	non-pecuniary	benefits	such	as	reduced	crime,	better	
health	and	improved	trust	(see	e.g.	Heckman	et	al.	2017).	Such	externalities	in	par-
ticular	would	justify	current	education	policies	in	most	advanced	countries,	but	not	
much	evidence	exists	to	confirm	the	existence	of 	such	externalities.	

One	possible	market-based	education	externality	generates	positive	spillover	effects	
at	the	workplace	if 	educated	workers	share	their	knowledge	with	coworkers	and	
allow	for	everybody	to	be	more	productive.	These	complementarities	known	as	peer	
effects	are	especially	important	for	policy,	because	they	justify	cross-subsidization	of 	
education	programs.	The	magnitude	of 	these	peer	effects	determines	the	extent	by	
which	education	even	achieved	by	a	minority	of 	the	population	affects	productiv-
ity,	search,	hiring	and	wage	outcomes	across	a	potentially	much	larger	part	of 	the	
workforce.	Therefore,	robust	empirical	evidence	for	education	related	peer	effects	is	
necessary	to	determine	the	breadth	of 	education	policy	effects	on	labor	markets.				

Despite their intuitive appeal and policy relevance, it is challenging to empirically 
evaluate	these	peer	effects.	Peer	groups	are	not	ex-ante	defined	in	datasets	resulting	
in	measurement	problems	and	the	sorting	of 	workers	across	workplaces	leads	to	
unobserved	workplace,	worker	and	workplace-worker	interactions	that	are	difficult	
to	separate	from	peer	effects.	For	this	paper	we	combine	ideas	from	the	literature	
on	education	spillovers,	a	rich	data	source,	and	rigorous	identification	approaches	
applied in the recent literature on productivity spillovers to provide evidence for 
spillover	effects	of 	education	on	wages	at	the	workplace.		

We	match	Danish	employer-employee	data	from	1995	to	2008	connecting	workers	
to	their	workplace.	This	rich	data	source	allows	us	to	track	individuals’	wages,	level	
of 	education,	education	of 	coworkers	at	the	workplace	and	time	varying	worker	
characteristics	including	age	and	experience.	If 	peer	effects	exist,	then	we	expect	
that	they	occur	among	coworkers	at	the	same	location	performing	a	similar	job.	
Therefore,	we	define	a	worker’s	peer	group	as	all	coworkers	employed	at	the	same	
time	at	the	same	workplace	in	the	same	occupation.	Then	education	related	peer	
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effects	imply	that	a	more	highly	educated	peer	group,	measured	by	the	share	of 	
workers	with	higher	education	in	the	peer	group,	affects	each	worker’s	wages.	Iden-
tification	requires	that	we	account	for	selection	of 	workers	across	jobs	that	result	in	
the same statistical relationship . 

We	link	worker’s	wages	to	the	peer	group’s	average	education	attainment	in	re-
duced	form,	where	each	worker’s	education	level	is	predetermined.	In	our	most	
careful	specification	we	fully	avoid	Manski’s	reflection	problem	(Manski,	1993).	
Workers	are	exposed	to	varying	levels	of 	peer	group	education	by	switching	firms,	
workplaces	and	occupations.	Within	a	given	peer	group,	turnover	determines	work-
ers’	exposure	to	peer	group	education.	Therefore,	the	main	threat	to	identification	
is	the	endogenous	matching	of 	workplaces	with	workers	based	on	opportunities	
to	earn	higher	wages	for	unobserved	reasons.	Our	most	rigorous	empirical	model	
accounts	for	this	by	absorbing	occupation	and	workplace	specific	wage	trends	in	
addition	to	unobserved	worker-workplace-occupation	specific	information.	There-
fore,	in	addition	to	unobserved	ability,	even	if 	workers	have	specific	skills	that	match	
particularly	well	with	a	certain	occupation	in	a	firm,	(e.g.	a	firm	requires	an	engi-
neer	with	language	skills	in	Arabic	to	write	product	manuals	for	the	export	market),	
we	control	for	this	selection	with	our	fixed	effects.	This	extensive	set	of 	fixed	effects	
and	rich	data	variation	extend	existing	identification	approaches	in	the	literature	on	
education	spillovers	on	wages.

Our	results	provide	evidence	for	positive	spillover	effects	even	in	very	demanding	
specifications.	For	ease	of 	interpretation,	consider	a	workplace	with	10	employees,	
half 	of 	which	have	a	college	level	education.	Based	on	our	preferred	specification	
our	results	imply	that	replacing	a	worker	without	higher	education	with	a	college	
graduate	increases	everybody’s	wages	by	about	0.042	percent.	For	comparison,	an	
additional	year	of 	work	experience	for	a	new	worker	increases	that	worker’s	wages	
by	about	0.3	percent.	The	0.042	percent	increase	in	wages	from	the	spillover	effect	
holds	for	all	10	workers	on	the	job,	whereas	raising	one	worker’s	experience	by	one	
year	raises	total	wages	by	approximately	0.03	percent.1 

At	the	most	rigorous	level,	our	estimation	strategy	focuses	on	identifying	variation	
in	average	education	from	within	workplace	spells.	Estimated	spillover	effects	in-
crease	as	we	remove	fixed	effects	one	by	one,	confirming	that	occupation	and	firm	
switching	as	well	as	measurement	and	omitted	variable	concerns	are	important	in	
order	to	determine	the	magnitudes	of 	peer	effects.	

1				Assuming	that	wages	are	fairly	homogenous	within	the	peer	group.	
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A	myriad	of 	channels	can	explain	positive	education	spillover	effects.	Testing	these	
channels	is	challenging	because	spillovers	are	not	directly	observable.	Focusing	on	
the	workplace	provides	a	straight	forward	definition	of 	peer	groups	based	on	job	re-
lated	interactions	and	limits	the	number	of 	plausible	mechanisms.	This	allows	firms,	
workers	and	policy	makers	to	optimize	on	the	benefits	of 	education	policy,	and	in-
forms	the	literature	of 	why	and	where	peer	effects	occur.	We	use	our	rich	data	and	
examine	multiple	definitions	of 	peer	groups	to	provide	additional	evidence.	

Existing	literature	examines	education	spillovers	defined	at	a	broad	level	defined	
by	a	geographic	unit.	For	example,	the	literature	examines	the	hypothesis	if 	edu-
cation	attainment	in	the	local	economy	affects	wages	and	productivity	(Acemoglu	
and	Angrist,	2000;	Bratti	and	Leombruni,	2014;	Glaeser,	Scheinkman,	and	Shleifer,	
1995;	Rauch	1993;	Glaeser	and	Mare,	2001;	Liu	2007;	Moretti	2004a;	Moretti	
2004b;	Chang	et	al.,	2015).		In	his	review	of 	the	literature,	Henderson	(2007)	points	
out	the	challenge	to	distinguish	urban	knowledge	spillovers	from	agglomeration	
economies.		Data	aggregation	limits	the	ability	of 	fixed	effects	to	solve	omitted	
variable	problems.	Instead,	identification	relies	on	observable	variables	to	account	
for	changes	in	the	firm	or	workforce	composition	and	other	agglomeration	related	
factors,	or	instrumental	variable	techniques	are	employed	to	establish	causality.	
Henderson	(2007)	discusses	limits	of 	these	identification	approaches.	Research	
also	confirms	the	importance	of 	the	peer	group	definition	(Rosenthal	and	Strange,	
2008;	Giuri	and	Mariani,	2013).	In	addition	to	identification	challenges,	at	such	
broad	definitions	of 	peer	effects,	it	is	difficult	to	say	how	firms	can	benefit	from	hir-
ing	more	educated	workers,	how	workers’	job	search	decisions	may	be	affected	by	
peer	effects,or	how	education	policy	affects	firms	and	their	surrounding	geography.		

Some	recent	papers	examine	knowledge	spillovers	by	the	effects	of 	universities	on	
the	local	economy.	These	papers	exploit	the	placement	of 	universities	(Liu,	2015)	
and	the	size	of 	universities’	endowments	interacted	with	stock	market	shocks	
(Kantor	and	Whalley,	2014)	to	examine	spillover	effects	from	universities.	From	an	
interpretation	point	of 	view	it	is	difficult	to	know	why	spillovers	occur.	From	a	pol-
icy	point	of 	view	the	hope	is	that	university	educated	workers	transfer	knowledge	
across	the	entire	economy,	not	just	in	the	immediate	vicinity	of 	universities.	Our	
definition	of 	peer	groups	is	much	narrower	than	this,	limiting	spillover	effects	to	
workplace	related	interactions,	but	our	economic	geography	is	much	broader.	Ac-
counting	for	workplace	fixed	effects	we	account	for	location	specific	heterogeneity	
such as the proximity to a university or other education related institution . There-
fore, our regressions identify spillovers beyond these local amenities . This is impor-
tant	for	the	regional	distribution	of 	education	related	benefits	and	policy	that	aims	
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to	spread	the	benefits	of 	education	by	subsidizing	the	hiring	of 	workers	with	certain	
degrees	in	firms	that	have	challenges	attracting	these	kinds	of 	workers.				

Several	papers	examine	spillover	effects	related	to	productivity	(but	not	education)	
in	a	more	narrowly	defined	work	environment	(Azoulay,	2010;	Arcidiacono	et	al.,	
2017;	Horton	and	Zeckhauser,	2016;	Kato	and	Shu,	2009;		Navon	2009).	For	ex-
ample,	Mas	and	Moretti	(2009)	provide	evidence	for	peer	effects	among	cashiers	in	
supermarkets.		De	Grip	and	Sauerman	(2012)	find	direct	peer	effects	of 	training	
with	a	randomized	experiment	in	a	call	center.	There	are	many	advantages	of 	ex-
amining	peer	effects	in	narrow	work	environments.	Productivity	can	be	measured	
in	comparable	ways	across	workers,	peer	groups	are	well	defined,	the	context	facil-
itates	the	identification	of 	mechanisms	such	as	social	pressure	and	identification	is	
clean.	The	disadvantage	is	that	potential	heterogeneity	across	work	environments,	
workers,	firms,	occupations	and	time	complicate	generalization	of 	these	effects,	but	
more	general	estimates	of 	peer	effects	are	important	to	understand	and	evaluate	
the	effects	of 	policy	which	is	designed	at	a	much	broader	level.	

Panel	data	research	designs	at	the	matched	worker-firm	level	provide	a	middle	
ground	that	solves	several	identification	concerns	related	to	unobserved	agglomera-
tion	forces,	unobserved	worker	and	firm	characteristics,	but	pools	across	many	oc-
cupations	and	allows	to	directly	identify	heterogeneity	important	to	generalize	peer	
effects.	Two	recent	approaches	employ	matched	worker-firm	data	with	individual	
specific	observations	and	exploit	variation	over	time	to	understand	productivity	
spillover	effects.	Battisti	(2017)	examines	the	effect	of 	average	co-worker	perfor-
mance	on	wages	applying	an	identification	approach	by	Arcidiacono	et	al.	(2012).	
Cornelissen	et	al.	(2017)	apply	a	similar	approach	but	also	exploit	information	on	
workers’	occupation,	allowing	for	a	narrow	specification	of 	peer	groups.	

Far	fewer	papers	examine	education	spillover	effects	with	matched	worker-firm	
data	and	limitations	in	the	dimensions	of 	variation	concede	identification	standards	
achieved	by	the	literature	on	productivity	effects.	Firm	level	studies	define	peer	
groups	at	the	broad	firm	level	and	do	not	account	for	individual	specific	unob-
served	effects	or	changes	in	the	ability	composition	of 	the	firm	(Gellner	et	al.,	2015;	
Martins	and	Jin,	2010).		Instead,	survey	data	include	individual	specific	observa-
tions,	but	the	lack	of 	time	variation	makes	it	challenging	to	account	for	individual	
specific	ability	(Battu	et	al.,	2003;	Wirz,	2008).	

We	combine	the	approach	of 	focusing	on	average	education	levels	within	a	peer	
group	from	the	earlier	education	spillover	literature,	but	apply	it	within	an	identifi-
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cation	approach	as	in	Cornelissen	et	al.	(2017)	to	account	for	omitted	variable	bias	
and	identify	effects	within	narrow	occupation-based	groups	of 	coworkers.	Contrary	
to	firm	level	studies	we	observe	workplaces,	the	actual	location	of 	where	an	employ-
ee	performs	her	job.	Therefore	we	are	able	to	examine	spillovers	at	a	narrow	level	
avoiding	averaging	issues	across	irrelevant	peers	that	likely	result	in	attenuation	bias.	
Our	rich	sources	of 	variation	allow	for	fixed	effects	that	extend	the	existing	educa-
tion	literature	and	Cornelissen	et	al.	(2017).
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2 Data, Empirical Model and Identification

We	match	employer-employee	data	from	1995	to	2008	for	the	full	Danish	popula-
tion,	connecting	workers	to	a	specific	workplace.	Note	that	workplaces	are	defined	
at	an	even	narrower	level	than	firms,	because	firms	may	have	multiple	plants	and	
spread	workers	across	multiple	locations.		

Our	sample	keeps	individuals	between	18-64	years,	who	are	in	fulltime	employ-
ment	at	the	time	of 	measurement	(last	week	of 	November)	in	a	firm	in	the	private	
sector.	We	exclude	firms	in	agriculture	and	quarrying/mining.		For	each	worker	the	
data report the highest completed level of  education . 

We	define	peer	groups	as	coworkers	in	the	same	workplace	with	the	same	occupa-
tion.	We	mainly	rely	on	the	Danish	version	of 	the	international	ISCO88-classifi-
cation	to	distinguish	occupations,	DISCO.		We	define	worker	’s	peer	group	as	all	
other	workers	in	the	same	workplace	who	share	the	same	4-digit	occupation	at	time	
t.	A	few	caveats	apply.	Only	private	firms	with	at	least	10	employees	are	required	to	
report	occupational	codes	(though	some	smaller	firms	do	so	as	well,	and	we	include	
these).	For	most	missing	observations,	Statistics	Denmark	imputes	occupations	on	
the	basis	of 	the	education	or	occupation	that	the	worker’s	labor	union	represents.	
As	the	occupations	need	to	be	accurate,	we	only	include	workers	with	occupations	
reported	by	their	employer.	Furthermore,	we	only	include	occupations	that	are	list-
ed	in	Statistics	Denmark’s	documentation,	and	drop	occupations	that	are	related	to	
the	sectors	we	excluded.2	We	examine	the	robustness	of 	our	conclusions	with	re-
spect	to	different	definitions	of 	peer	groups	based	on	alternative	occupation	codes	
and	more	broadly	defined	peer	groups	at	the	3-digit	occupation	level.	Furthermore,	
as	we	cannot	identify	peer	effects	in	groups	of 	one,	we	drop	workplace-time-occu-
pation combinations that represent only one employee . 

A	few	workers	we	observe	start	out	with	no	university	education	but	later	on	com-
plete	their	degrees.	This	is	a	very	small	subsample	of 	the	population.	A	standard	
way	to	account	for	these	workers	is	to	specify	an	indicator	that	accounts	for	workers’	
own	education.	For	this	subsample	the	concern	is	that	these	workers	respond	to	
positive	wage	shocks	of 	holding	a	university	degree.	If 	their	own	education	increas-
es,	then	the	peer	group	education	level	for	this	workplace	increases	for	everybody	
else.	As	a	result,	both	the	worker’s	own	education	level	and	the	peer	group	are	sub-
ject	to	endogeneity	concern.	Because	this	only	affects	1	percent	of 	the	sample,	we	

2				For	a	full	list	of 	occupations	and	those	that	are	excluded,	see	Appendix	A	(not	yet	produced	for	this	version).	
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choose to drop observations that obtain the level of  education that is relevant (for 
the	specific	analysis	performed)	within	a	workplace	spell.

Table	1	reports	summary	statistics	for	this	sample.	Our	overall	sample	contains	
1,603,373	workers,	74,660	workplaces	and	1,088,386	individual	peer	groups.	The	
average	worker	is	present	in	the	sample	for	5.23	years,	works	at	1.76	different	work-
places	and	has	worked	in	1.99	different	peer	groups	throughout	the	sample	period.	
In	each	year	in	the	sample	period,	the	average	workplace	consists	of 	2.62	peer	
groups.	These	peer	groups	involve	about	8	workers	on	average,	while	median	peer	
group	size	is	3.		

Table 1: Summary Statistics

Panel structure 
(i) Number of workers 1,603,373

(ii) Number of workplaces 74.660
(iii) Number of peer groups 1,088,386
(iv) Average number of time periods per worker 5.23
(v) Average number of workplaces per worker 1.76

(vi) Average number of peer groups per worker 1.99
(vii) Average number of peer groups per workplace-year 2.62

(viii) Average peer group size 8.01
(ix) Standard deviation peer group size 21.77

Variation in peer group education and worker turnover
(x) Standard deviation peer group education intensity 0.17

(xi) Standard deviation change of peer group education intensity from t - 1 to t 0.07
(xii) Standard deviation change of peer group education intensity from t - 1 to t – Movers 0.14

(xiii) Standard deviation change of peer group education intensity from t - 1 to t – Stayers 0.05
(xiv) Share of worker-year observations in peer groups with turnover 0.90
(xv) Average share of workers replaced by turnovers 0.20

Note: The table presents descriptive statistics for the sample that is used as estimation sample in the baseline regressions. N = 8,227,426.
Source: Calculations based on administrative data from Statistics Denmark.

Our	main	independent	variable	of 	interest	is	the	education	intensity	of 	the	peer	
group.	Let	indicator,	
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[	TABLE	1	HERE	]	

Our	 main	 independent	 variable	 of	 interest	 is	 the	 education	 intensity	 of	 the	 peer	 group.	 Let	

indicator,	𝐸𝐸#$%&,	equal	1	if	individual	𝑖𝑖	in	occupation	𝑜𝑜	employed	in	workplace	𝑗𝑗	in	year	𝑡𝑡	has	completed	

an	education	at	a	MA-level	or	above	and	zero	otherwise.	To	examine	the	 levels	of	education	spillover	

and	to	 inform	policy,	we	also	experiment	with	alternative	definitions	of	𝐸𝐸#$%&	based	on	 lower	 levels	of	

education.	We	 construct	 education	 intensity	 as	 average	peer	 group	education,	𝐸𝐸$%&*#,		 defined	as	 the	

simple	mean	over	workers’	own	education	𝐸𝐸#$%&	within	the	peer	group	o-j	in	year	t,	but	excluding	worker	

𝑖𝑖.	Therefore	0 ≤ 𝐸𝐸$%&*# ≤ 1	measures	the	share	of	workers	within	a	peer	group	that	have	a	degree,	not	

including	worker	i’s	level	of	education.		

We	also	 refer	 to	𝐸𝐸$%&*# 	 as	 the	Average	Peer	Group	Education	 (APGE),	and	Table	1	 shows	 that	

APGE	has	a	standard	deviation	of	0.17.	The	change	in	this	peer	group	education	intensity	from	one	year	

to	the	next	has	a	standard	deviation	of	0.07.	Not	surprisingly,	 the	standard	deviation	of	this	change	 is	

around	3	times	higher	(0.14	versus	0.05)	for	workers	that	change	peer	groups	(Movers)	than	for	workers	

who	remain	in	their	original	peer	groups	(Stayers).	Nevertheless,	almost	all	workers	experience	at	least	

some	change	 in	their	peer	groups	throughout	the	sample	period.	The	share	of	workers	 in	peer	groups	

with	worker	turnover	is	90	percent.			The	average	share	of	workers	replaced	by	turnover	is	computed	as	

the	number	of	workers	who	join	or	leave	a	peer	group,	times	0.5	to	avoid	double	counting	and	divided	

by	 the	peer	group	 size.	This	amounts	 to	20	percent,	which	 indicates	 that	every	 fifth	worker	 in	a	peer	

group	is	replaced	every	year.				

We	 furthermore	 find	 that	28	percent	of	workers	 in	 the	dataset	are	employed	 in	a	peer	group	

where	at	least	one	co-worker	has	a	MA-level	education	(i.e.	𝐸𝐸$%&*# > 0),	and	40	percent	of	workers	do	
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Our	 main	 independent	 variable	 of	 interest	 is	 the	 education	 intensity	 of	 the	 peer	 group.	 Let	

indicator,	𝐸𝐸#$%&,	equal	1	if	individual	𝑖𝑖	in	occupation	𝑜𝑜	employed	in	workplace	𝑗𝑗	in	year	𝑡𝑡	has	completed	

an	education	at	a	MA-level	or	above	and	zero	otherwise.	To	examine	the	 levels	of	education	spillover	

and	to	 inform	policy,	we	also	experiment	with	alternative	definitions	of	𝐸𝐸#$%&	based	on	 lower	 levels	of	

education.	We	 construct	 education	 intensity	 as	 average	peer	 group	education,	𝐸𝐸$%&*#,		 defined	as	 the	

simple	mean	over	workers’	own	education	𝐸𝐸#$%&	within	the	peer	group	o-j	in	year	t,	but	excluding	worker	

𝑖𝑖.	Therefore	0 ≤ 𝐸𝐸$%&*# ≤ 1	measures	the	share	of	workers	within	a	peer	group	that	have	a	degree,	not	

including	worker	i’s	level	of	education.		

We	also	 refer	 to	𝐸𝐸$%&*# 	 as	 the	Average	Peer	Group	Education	 (APGE),	and	Table	1	 shows	 that	

APGE	has	a	standard	deviation	of	0.17.	The	change	in	this	peer	group	education	intensity	from	one	year	

to	the	next	has	a	standard	deviation	of	0.07.	Not	surprisingly,	 the	standard	deviation	of	this	change	 is	

around	3	times	higher	(0.14	versus	0.05)	for	workers	that	change	peer	groups	(Movers)	than	for	workers	

who	remain	in	their	original	peer	groups	(Stayers).	Nevertheless,	almost	all	workers	experience	at	least	

some	change	 in	their	peer	groups	throughout	the	sample	period.	The	share	of	workers	 in	peer	groups	

with	worker	turnover	is	90	percent.			The	average	share	of	workers	replaced	by	turnover	is	computed	as	

the	number	of	workers	who	join	or	leave	a	peer	group,	times	0.5	to	avoid	double	counting	and	divided	

by	 the	peer	group	 size.	This	amounts	 to	20	percent,	which	 indicates	 that	every	 fifth	worker	 in	a	peer	

group	is	replaced	every	year.				

We	 furthermore	 find	 that	28	percent	of	workers	 in	 the	dataset	are	employed	 in	a	peer	group	
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We	also	 refer	 to	𝐸𝐸$%&*# 	 as	 the	Average	Peer	Group	Education	 (APGE),	and	Table	1	 shows	 that	
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who	remain	in	their	original	peer	groups	(Stayers).	Nevertheless,	almost	all	workers	experience	at	least	
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the	number	of	workers	who	join	or	leave	a	peer	group,	times	0.5	to	avoid	double	counting	and	divided	

by	 the	peer	group	 size.	This	amounts	 to	20	percent,	which	 indicates	 that	every	 fifth	worker	 in	a	peer	

group	is	replaced	every	year.				

We	 furthermore	 find	 that	28	percent	of	workers	 in	 the	dataset	are	employed	 in	a	peer	group	
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APGE	has	a	standard	deviation	of	0.17.	The	change	in	this	peer	group	education	intensity	from	one	year	

to	the	next	has	a	standard	deviation	of	0.07.	Not	surprisingly,	 the	standard	deviation	of	this	change	 is	

around	3	times	higher	(0.14	versus	0.05)	for	workers	that	change	peer	groups	(Movers)	than	for	workers	

who	remain	in	their	original	peer	groups	(Stayers).	Nevertheless,	almost	all	workers	experience	at	least	

some	change	 in	their	peer	groups	throughout	the	sample	period.	The	share	of	workers	 in	peer	groups	

with	worker	turnover	is	90	percent.			The	average	share	of	workers	replaced	by	turnover	is	computed	as	

the	number	of	workers	who	join	or	leave	a	peer	group,	times	0.5	to	avoid	double	counting	and	divided	

by	 the	peer	group	 size.	This	amounts	 to	20	percent,	which	 indicates	 that	every	 fifth	worker	 in	a	peer	

group	is	replaced	every	year.				

We	 furthermore	 find	 that	28	percent	of	workers	 in	 the	dataset	are	employed	 in	a	peer	group	

where	at	least	one	co-worker	has	a	MA-level	education	(i.e.	𝐸𝐸$%&*# > 0),	and	40	percent	of	workers	do	
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education.	We	 construct	 education	 intensity	 as	 average	peer	 group	education,	𝐸𝐸$%&*#,		 defined	as	 the	
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𝑖𝑖.	Therefore	0 ≤ 𝐸𝐸$%&*# ≤ 1	measures	the	share	of	workers	within	a	peer	group	that	have	a	degree,	not	
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APGE	has	a	standard	deviation	of	0.17.	The	change	in	this	peer	group	education	intensity	from	one	year	

to	the	next	has	a	standard	deviation	of	0.07.	Not	surprisingly,	 the	standard	deviation	of	this	change	 is	

around	3	times	higher	(0.14	versus	0.05)	for	workers	that	change	peer	groups	(Movers)	than	for	workers	

who	remain	in	their	original	peer	groups	(Stayers).	Nevertheless,	almost	all	workers	experience	at	least	

some	change	 in	their	peer	groups	throughout	the	sample	period.	The	share	of	workers	 in	peer	groups	

with	worker	turnover	is	90	percent.			The	average	share	of	workers	replaced	by	turnover	is	computed	as	

the	number	of	workers	who	join	or	leave	a	peer	group,	times	0.5	to	avoid	double	counting	and	divided	

by	 the	peer	group	 size.	This	amounts	 to	20	percent,	which	 indicates	 that	every	 fifth	worker	 in	a	peer	

group	is	replaced	every	year.				

We	 furthermore	 find	 that	28	percent	of	workers	 in	 the	dataset	are	employed	 in	a	peer	group	
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including	worker	i’s	level	of	education.		
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who	remain	in	their	original	peer	groups	(Stayers).	Nevertheless,	almost	all	workers	experience	at	least	

some	change	 in	their	peer	groups	throughout	the	sample	period.	The	share	of	workers	 in	peer	groups	
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the	number	of	workers	who	join	or	leave	a	peer	group,	times	0.5	to	avoid	double	counting	and	divided	

by	 the	peer	group	 size.	This	amounts	 to	20	percent,	which	 indicates	 that	every	 fifth	worker	 in	a	peer	

group	is	replaced	every	year.				
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indicator,	𝐸𝐸#$%&,	equal	1	if	individual	𝑖𝑖	in	occupation	𝑜𝑜	employed	in	workplace	𝑗𝑗	in	year	𝑡𝑡	has	completed	

an	education	at	a	MA-level	or	above	and	zero	otherwise.	To	examine	the	 levels	of	education	spillover	

and	to	 inform	policy,	we	also	experiment	with	alternative	definitions	of	𝐸𝐸#$%&	based	on	 lower	 levels	of	

education.	We	 construct	 education	 intensity	 as	 average	peer	 group	education,	𝐸𝐸$%&*#,		 defined	as	 the	

simple	mean	over	workers’	own	education	𝐸𝐸#$%&	within	the	peer	group	o-j	in	year	t,	but	excluding	worker	

𝑖𝑖.	Therefore	0 ≤ 𝐸𝐸$%&*# ≤ 1	measures	the	share	of	workers	within	a	peer	group	that	have	a	degree,	not	

including	worker	i’s	level	of	education.		

We	also	 refer	 to	𝐸𝐸$%&*# 	 as	 the	Average	Peer	Group	Education	 (APGE),	and	Table	1	 shows	 that	

APGE	has	a	standard	deviation	of	0.17.	The	change	in	this	peer	group	education	intensity	from	one	year	

to	the	next	has	a	standard	deviation	of	0.07.	Not	surprisingly,	 the	standard	deviation	of	this	change	 is	

around	3	times	higher	(0.14	versus	0.05)	for	workers	that	change	peer	groups	(Movers)	than	for	workers	

who	remain	in	their	original	peer	groups	(Stayers).	Nevertheless,	almost	all	workers	experience	at	least	

some	change	 in	their	peer	groups	throughout	the	sample	period.	The	share	of	workers	 in	peer	groups	

with	worker	turnover	is	90	percent.			The	average	share	of	workers	replaced	by	turnover	is	computed	as	

the	number	of	workers	who	join	or	leave	a	peer	group,	times	0.5	to	avoid	double	counting	and	divided	

by	 the	peer	group	 size.	This	amounts	 to	20	percent,	which	 indicates	 that	every	 fifth	worker	 in	a	peer	

group	is	replaced	every	year.				

We	 furthermore	 find	 that	28	percent	of	workers	 in	 the	dataset	are	employed	 in	a	peer	group	

where	at	least	one	co-worker	has	a	MA-level	education	(i.e.	𝐸𝐸$%&*# > 0),	and	40	percent	of	workers	do	
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Our	 main	 independent	 variable	 of	 interest	 is	 the	 education	 intensity	 of	 the	 peer	 group.	 Let	

indicator,	𝐸𝐸#$%&,	equal	1	if	individual	𝑖𝑖	in	occupation	𝑜𝑜	employed	in	workplace	𝑗𝑗	in	year	𝑡𝑡	has	completed	

an	education	at	a	MA-level	or	above	and	zero	otherwise.	To	examine	the	 levels	of	education	spillover	

and	to	 inform	policy,	we	also	experiment	with	alternative	definitions	of	𝐸𝐸#$%&	based	on	 lower	 levels	of	

education.	We	 construct	 education	 intensity	 as	 average	peer	 group	education,	𝐸𝐸$%&*#,		 defined	as	 the	

simple	mean	over	workers’	own	education	𝐸𝐸#$%&	within	the	peer	group	o-j	in	year	t,	but	excluding	worker	

𝑖𝑖.	Therefore	0 ≤ 𝐸𝐸$%&*# ≤ 1	measures	the	share	of	workers	within	a	peer	group	that	have	a	degree,	not	

including	worker	i’s	level	of	education.		

We	also	 refer	 to	𝐸𝐸$%&*# 	 as	 the	Average	Peer	Group	Education	 (APGE),	and	Table	1	 shows	 that	

APGE	has	a	standard	deviation	of	0.17.	The	change	in	this	peer	group	education	intensity	from	one	year	

to	the	next	has	a	standard	deviation	of	0.07.	Not	surprisingly,	 the	standard	deviation	of	this	change	 is	

around	3	times	higher	(0.14	versus	0.05)	for	workers	that	change	peer	groups	(Movers)	than	for	workers	

who	remain	in	their	original	peer	groups	(Stayers).	Nevertheless,	almost	all	workers	experience	at	least	

some	change	 in	their	peer	groups	throughout	the	sample	period.	The	share	of	workers	 in	peer	groups	

with	worker	turnover	is	90	percent.			The	average	share	of	workers	replaced	by	turnover	is	computed	as	

the	number	of	workers	who	join	or	leave	a	peer	group,	times	0.5	to	avoid	double	counting	and	divided	

by	 the	peer	group	 size.	This	amounts	 to	20	percent,	which	 indicates	 that	every	 fifth	worker	 in	a	peer	

group	is	replaced	every	year.				

We	 furthermore	 find	 that	28	percent	of	workers	 in	 the	dataset	are	employed	 in	a	peer	group	

where	at	least	one	co-worker	has	a	MA-level	education	(i.e.	𝐸𝐸$%&*# > 0),	and	40	percent	of	workers	do	
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Our	 main	 independent	 variable	 of	 interest	 is	 the	 education	 intensity	 of	 the	 peer	 group.	 Let	

indicator,	𝐸𝐸#$%&,	equal	1	if	individual	𝑖𝑖	in	occupation	𝑜𝑜	employed	in	workplace	𝑗𝑗	in	year	𝑡𝑡	has	completed	

an	education	at	a	MA-level	or	above	and	zero	otherwise.	To	examine	the	 levels	of	education	spillover	

and	to	 inform	policy,	we	also	experiment	with	alternative	definitions	of	𝐸𝐸#$%&	based	on	 lower	 levels	of	

education.	We	 construct	 education	 intensity	 as	 average	peer	 group	education,	𝐸𝐸$%&*#,		 defined	as	 the	

simple	mean	over	workers’	own	education	𝐸𝐸#$%&	within	the	peer	group	o-j	in	year	t,	but	excluding	worker	

𝑖𝑖.	Therefore	0 ≤ 𝐸𝐸$%&*# ≤ 1	measures	the	share	of	workers	within	a	peer	group	that	have	a	degree,	not	
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to	the	next	has	a	standard	deviation	of	0.07.	Not	surprisingly,	 the	standard	deviation	of	this	change	 is	

around	3	times	higher	(0.14	versus	0.05)	for	workers	that	change	peer	groups	(Movers)	than	for	workers	

who	remain	in	their	original	peer	groups	(Stayers).	Nevertheless,	almost	all	workers	experience	at	least	

some	change	 in	their	peer	groups	throughout	the	sample	period.	The	share	of	workers	 in	peer	groups	

with	worker	turnover	is	90	percent.			The	average	share	of	workers	replaced	by	turnover	is	computed	as	

the	number	of	workers	who	join	or	leave	a	peer	group,	times	0.5	to	avoid	double	counting	and	divided	

by	 the	peer	group	 size.	This	amounts	 to	20	percent,	which	 indicates	 that	every	 fifth	worker	 in	a	peer	

group	is	replaced	every	year.				

We	 furthermore	 find	 that	28	percent	of	workers	 in	 the	dataset	are	employed	 in	a	peer	group	
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Our	 main	 independent	 variable	 of	 interest	 is	 the	 education	 intensity	 of	 the	 peer	 group.	 Let	

indicator,	𝐸𝐸#$%&,	equal	1	if	individual	𝑖𝑖	in	occupation	𝑜𝑜	employed	in	workplace	𝑗𝑗	in	year	𝑡𝑡	has	completed	

an	education	at	a	MA-level	or	above	and	zero	otherwise.	To	examine	the	 levels	of	education	spillover	

and	to	 inform	policy,	we	also	experiment	with	alternative	definitions	of	𝐸𝐸#$%&	based	on	 lower	 levels	of	

education.	We	 construct	 education	 intensity	 as	 average	peer	 group	education,	𝐸𝐸$%&*#,		 defined	as	 the	

simple	mean	over	workers’	own	education	𝐸𝐸#$%&	within	the	peer	group	o-j	in	year	t,	but	excluding	worker	

𝑖𝑖.	Therefore	0 ≤ 𝐸𝐸$%&*# ≤ 1	measures	the	share	of	workers	within	a	peer	group	that	have	a	degree,	not	

including	worker	i’s	level	of	education.		

We	also	 refer	 to	𝐸𝐸$%&*# 	 as	 the	Average	Peer	Group	Education	 (APGE),	and	Table	1	 shows	 that	

APGE	has	a	standard	deviation	of	0.17.	The	change	in	this	peer	group	education	intensity	from	one	year	
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who	remain	in	their	original	peer	groups	(Stayers).	Nevertheless,	almost	all	workers	experience	at	least	
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the	number	of	workers	who	join	or	leave	a	peer	group,	times	0.5	to	avoid	double	counting	and	divided	

by	 the	peer	group	 size.	This	amounts	 to	20	percent,	which	 indicates	 that	every	 fifth	worker	 in	a	peer	

group	is	replaced	every	year.				

We	 furthermore	 find	 that	28	percent	of	workers	 in	 the	dataset	are	employed	 in	a	peer	group	
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at	any	time	in	the	years	we	observe	them	work	in	such	a	peer	group.	Amongst	workers	we	observe	in	

two	consecutive	years,	32	percent	experience	a	change	in	𝐸𝐸$%&*# 	from	t-1	to	t.		

Our	 main	 identification	 strategy	 will	 account	 for	 unobserved	 variables	 with	 fixed	 effects.	

However,	individual	specific	characteristics	that	change	over	time	cannot	be	conditioned	out	with	such	

an	approach.	Therefore,	we	augment	our	dataset	with	workers’	age	and	work	experience	to	proxy	for	all	

worker	characteristics	that	change	over	time	and	predict	wages.				

Our	dependent	variable	of	 interest	 is	 the	 log	hourly	wage,	 ln	(𝑤𝑤#$%&).	Wages	are	calculated	as	

total	 annual	 labor	 income	 adjusted	 for	 pension	 contributions	 divided	 by	 annual	 hours	 worked.	 To	

minimize	 the	effect	of	extreme	observations	 in	 the	wage	distribution,	we	censor	 these	at	 the	1st	and	

99th	percentile	of	 the	 full	distribution	of	wages	 for	all	years	1995-2008	after	 they	are	deflated	by	 the	

yearly	 CPI.	 An	 alternative	 to	 this	 approach	 is	 to	 estimate	 a	 median	 regression.	 The	 median	 is	 more	

robust	 with	 respect	 to	 extreme	 observations,	 however,	 as	 the	median	 is	 non-linear,	 identification	 of	

fixed	effect	paned	data	model	 is	 challenging.	 Therefore,	 a	quantile	approach	potentially	 sacrifices	 the	

main	identification	advantage	of	our	data.			

Let	 𝛼𝛼#,	 𝛾𝛾$&,	 𝜇𝜇%,	 be	 worker,	 occupation-year,	 workplace-year	 and	 occupation-workplace	 fixed	

effects.		Putting	all	the	pieces	from	the	data	together,	our	most	basic	empirical	model	of	interest	relates	

log	wages	to	age,	experience,	peer	measures	and	all	fixed	effects.		

ln 𝑤𝑤#$%& = 𝛼𝛼# + 𝛽𝛽<𝐸𝐸$%&*# + 𝛽𝛽=𝐴𝐴𝐴𝐴𝐴𝐴#$%& + 𝛽𝛽A𝐴𝐴𝐴𝐴𝐴𝐴#$%&
= 		

																	
+𝛽𝛽B𝐸𝐸𝐸𝐸𝐸𝐸𝐴𝐴𝐸𝐸𝐸𝐸𝐴𝐴𝐸𝐸𝐸𝐸𝐴𝐴#$%& + 𝛽𝛽

H
𝐸𝐸𝐸𝐸𝐸𝐸𝐴𝐴𝐸𝐸𝐸𝐸𝐴𝐴𝐸𝐸𝐸𝐸𝐴𝐴#$%&

= + 𝛾𝛾$& + 𝜇𝜇% + 𝑢𝑢#$%&	(1)	

Under	 the	 well-known	 identification	 assumption	 related	 to	 the	 regression	 disturbance,	 𝑢𝑢#$%&,	 pooled	

OLS,	 including	 indicator	 variables	 to	account	 for	 fixed	effects,	 consistently	 identifies	 the	 coefficient	of	

interest.		

 from 
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	 The	main	parameter	of	 interest	 is	𝛽𝛽<,	 the	 reduced-form	spillover	effect	of	 coworkers’	average	

level	 of	 education.	 We	 expect	 𝛽𝛽< > 0.	 The	 idea	 that	 interaction	 at	 the	 workplace	 may	 increase	

productivity	 has	 been	 around	 for	 a	 long	 time	 (Marhsall,	 1890).	 Lucas	 (1988)	 discusses	 the	 creative	

process	 and	 learning	 from	 each	 other	 as	 a	 potential	mechanism	 for	 spillover	 effects.	 Several	 authors	

discuss	the	ability	to	learn	and	how	early	education	may	determine	the	ability	to	learn	later	on	(Niehaus,	

2012;	Heckman	and	Carneiro,	2003).	Combined,	this	implies	that	the	creative	process	combined	with	the	

ability	to	participate	and	absorb	this	process	affects	entrepreneurial	productivity	at	the	workplace	and	

affect	everybody’s	wages.	Testing	for	specific	mechanisms	is	difficult	due	to	the	obvious	issue	that	these	

mechanisms	 are	 not	 directly	 observable.	 However,	 in	 their	most	 general	 form,	 empirical	models	 that	

examine	 spillover	 effects	may	 include	 endogenous	 spillovers	 determined	 by	 peer-group	 achievement	

measured	 based	 on	 the	 dependent	 variable,	 or,	 in	 our	 case,	 wages	 (Manski,	 1993).	 Identification	 of	

endogenous	peer	effects	requires	valid	instruments	that	we	do	not	have	available.	Instead	we	estimate	

the	reduced	form	model	(1)	and	let	𝛽𝛽<	capture	all	education	related	peer	effects,	as	in	Andersen	(2016).	

In	addition	 to	 taking	 care	of	 sorting	 into	workplaces,	 the	 individual	 fixed	effect	 in	𝛼𝛼# 	 also	 captures	all	

private	returns	of	own	education.	

Assuming	that	matching	of	workers	with	firms	is	random	conditional	on	the	fixed	effects,	several	

sources	of	variation	identify	peer	effects.	In	particular,	workers	can	benefit	from	peer	effects	by	moving	

to	 different	 workplaces	 and	 occupations,	 in	 addition	 to	 more	 educated	 workers	 joining	 their	 work	

environment.	 We	 sequentially	 introduce	 more	 rigorous	 fixed	 effects	 to	 account	 for	 endogenous	

selection.	 We	 first	 extend	 our	 model	 with	 workplace-occupation	 fixed	 effects.	 This	 accounts	 for	 the	

concern	that	more	productive	work	environments	may	be	able	to	attract	a	more	educated	work	force.	

Extending	the	model	with	workplace-year	effects	accounts	for	the	concern	that	workplaces	with	greater	

growth	 potential	 pay	 higher	wages	 and	 attract	more	 educated	workers.	 Augmenting	 the	model	 with	

worker-workplace	specific	effects	accounts	for	the	concern	that	specific	worker-workplace	interactions	
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workplace	may	increase	productivity	has	been	around	for	a	long	time	(Marhsall,	
1890).	Lucas	(1988)	discusses	the	creative	process	and	learning	from	each	other	as	
a	potential	mechanism	for	spillover	effects.	Several	authors	discuss	the	ability	to	
learn	and	how	early	education	may	determine	the	ability	to	learn	later	on	(Niehaus,	
2012;	Heckman	and	Carneiro,	2003).	Combined,	this	implies	that	the	creative	pro-
cess	combined	with	the	ability	to	participate	and	absorb	this	process	affects	entre-
preneurial	productivity	at	the	workplace	and	affect	everybody’s	wages.	Testing	for	
specific	mechanisms	is	difficult	due	to	the	obvious	issue	that	these	mechanisms	are	
not	directly	observable.	However,	in	their	most	general	form,	empirical	models	that	
examine	spillover	effects	may	include	endogenous	spillovers	determined	by	peer-
group	achievement	measured	based	on	the	dependent	variable,	or,	in	our	case,	wag-
es	(Manski,	1993).	Identification	of 	endogenous	peer	effects	requires	valid	instru-
ments	that	we	do	not	have	available.	Instead	we	estimate	the	reduced	form	model	
(1)	and	let
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and	attract	more	educated	workers.	Augmenting	the	model	with	worker-workplace	
specific	effects	accounts	for	the	concern	that	specific	worker-workplace	interactions	
determine	selection.	At	this	level	of 	variation,	peer	effects	and	all	other	effects	are	
identified	off	variation	within	workplace-worker	combinations.	This	eliminates	the	
possibility	that	workers	switch	across	workplaces	to	take	advantage	of 	peer	effects,	
but	workers	still	may	switch	occupations	within	a	given	workplace	to	increase	wages.

Workers	switch	jobs	for	many	reasons.	These	include	wage	opportunities	due	to	
productivity	differences,	personal	reasons,	geographic	preferences	etc.	In	addition,	
workers	may	have	preferences	for	a	friendly	work	environment,	social	interaction,	
and	coworkers	that	think	alike	due	to	their	social	and	education	background.	Our	
empirical	models	accounts	for	all	of 	these	with	fixed	effects.	At	the	most	rigorous	
level, the model even accounts for unobserved interactions based on unobserved 
workplace	and	worker	characteristics.	Consequently,	our	identification	approach	is	
to date the most rigorous approach compared to the literature .   

For	interpretation	of 	magnitudes	it	is	important	that	we	keep	in	mind	that	we	
measure	peer	groups	as	a	share	between	zero	and	one.	Therefore,	because	the	de-
pendent variable is in logs,
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groups	 as	 a	 share	 between	 zero	 and	one.	 Therefore,	 because	 the	dependent	 variable	 is	 in	 logs,	𝛽𝛽<	 is	

approximately	equal	to	the	percentage	change	in	wages	when	𝐸𝐸$%&*# 	increases	by	one	percentage	point.		

It	 is	 difficult	 to	 predict	 how	 estimates	 based	 on	 our	 identification	 approach	 compare	 to	 the	 existing	

literature,	 because	 it	 solves	 multiple	 competing	 biases.	 For	 example,	 omitting	 unobserved	 individual	

ability	 results	 in	 positive	 bias	 if	 high	 ability	 people	 make	 higher	 wages	 and	 like	 to	 sort	 with	 more	

educated	 people.	Moretti	 (2004c)	 provides	 a	 framework	 that	 shows	 that	 heterogeneity	 across	 firms,	

workers	and	regions	 leads	to	a	potential	bias	of	OLS	estimates	that	 is	difficult	to	sign.	 	Specifying	peer	

groups	at	a	narrower	level	may	lead	to	greater	estimates	because	we	would	expect	that	averaging	over	

potentially	irrelevant	peers	in	broader	firm-level	definitions	attenuates	spillover	estimates.	On	the	other	

hand,	at	a	broader	definition	average	education	 levels	may	be	correlated	with	broader	agglomeration	

forces,	leading	to	positive	omitted	variable	bias.			
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Our	standard	definition	of 	peer	effects	follows	the	literature,	but	it	implicitly	im-
poses	non-linearity.	Compare	a	peer	group	of 	10	workers	with	a	peer	group	of 	
100	workers	where	in	both	cases	50	%	of 	the	workers	have	higher	level	university	
education.	Switching	one	worker’s	education	in	the	small	peer	group	raises	average	
education	from	0.5	to	0.6,	or	by	10	percentage	points.	In	the	large	peer	group	the	
same experiment raises average education only by 1 percentage point . Multiplied 
into	the	same	coefficient,
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coefficient,	 𝛽𝛽<,	 our	 standard	 definition	 of	 peer	 effects	 implies	 smaller	 wage	 changes	 in	 large	 peer-

groups.	We	will	examine	this	in	our	robustness	checks.			

	

3.	Results					

Table	2	presents	baseline	estimation	results.	𝐸𝐸$%&*#	reports	the	main	coefficient	of	interest,	the	average	

peer	group	effect	of	education	attainment	on	workers’	wages.	All	standard	errors	are	clustered	at	the	

firm-year	level.3	

	 As	expected,	across	all	 columns	an	 increase	 in	education	attainment	by	 the	peer	group	 raises	

wages.	 However,	 across	 the	 columns	 as	 we	 introduce	more	 stringent	 fixed	 effects	 the	 size	 drops	 by	

almost	 an	 order	 of	magnitude.	 Column	 (A)	 controls	 for	 the	 possibility	 that	workers	 in	 relatively	well-

paying	workplaces	could	be	employed	in	peer	groups	with	more	productive	workers.	It	does	not	capture	

that	 some	 workplaces	 might	 compensate	 certain	 occupations	 better	 than	 average,	 which	 potentially	

could	attract	better	employees	to	these	occupations.	Therefore,	moving	from	column	A	to	column	B	we	

account	 for	 occupation-workplace	 unobserved	 productivity	 differences.	 Moving	 to	 column	 C	 we	

augment	the	specification	with	workplace-year	fixed	effects,	to	take	care	of	shocks	that	affect	workplace	

																																																													
3	We	also	experimented	with	clustering	at	the	firm	level	and	conclusions	remained	the	same.		

,	our	standard	definition	of 	peer	effects	implies	smaller	
wage	changes	in	large	peer-groups.	We	will	examine	this	in	our	robustness	checks.		
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As	expected,	across	all	columns	an	increase	in	education	attainment	by	the	peer	
group	raises	wages.	However,	across	the	columns	as	we	introduce	more	stringent	
fixed	effects	the	size	drops	by	almost	an	order	of 	magnitude.	Column	(A)	controls	
for	the	possibility	that	workers	in	relatively	well-paying	workplaces	could	be	em-
ployed	in	peer	groups	with	more	productive	workers.	It	does	not	capture	that	some	
workplaces	might	compensate	certain	occupations	better	than	average,	which	
potentially could attract better employees to these occupations . Therefore, moving 
from	column	A	to	column	B	we	account	for	occupation-workplace	unobserved	pro-
ductivity	differences.	Moving	to	column	C	we	augment	the	specification	with	work-
place-year	fixed	effects,	to	take	care	of 	shocks	that	affect	workplace	performance	
and	at	the	same	time	attract	a	more	educated	workforce.	Such	shocks	could	be	new	
technology	or	increasing	demand	from	export	markets.	

For	each	worker	a	change	in	APGE	can	happen	for	several	reasons.	First,	the	work-
place	can	hire	more	educated	workers	in	the	worker’s	peer	group	or	educated	work-
ers	may	leave	the	workplace.	In	the	same	way	low	educated	workers	can	enter	and	
leave	the	workplace	and	peer	group.	Second,	the	worker	can	change	workplace	and	
in	this	way	become	a	member	of 	a	new	peer	group.	In	model	(C)	both	types	of 	var-
iation	identify	spillover	effects.	To	shed	light	on	which	effect	is	more	important,	col-
umn	(D)	extends	the	model	to	isolate	the	first	type	of 	variation,	i.e.	we	only	let	var-
iation	in	the	education	intensity	in	the	peer	group	at	the	workplace	determine	the	
spillover.	We	do	so	by	including	worker-workplace	fixed	effects.	Here	we	still	find	
positive	peer	effects,	but	the	magnitude	of 	the	coefficient	is	almost	half 	of 	what	we	
found	in	model	(C).	This	indicated	that	both	types	of 	data	variation	are	important	
to	identify	the	magnitude	of 	the	spillover	effect.	As	we	are	not	specifically	interested	
in	one	type	of 	variation	over	another,	we	include	the	model	specification	of 	model	
(C)	in	the	following	results.	

Changes in the education intensity of  peer groups may, as described above, happen 
due	to	a	variety	of 	reasons.	Another	type	of 	change	may	happen	if 	workers	change	
their	education	level	from	one	year	to	another.	Only	very	few	workers	obtain	a	MA	

3				We	also	experimented	with	clustering	at	the	firm	level	and	conclusions	remained	the	same.	
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while	in	employment,	but	to	investigate	if 	it	is	important	for	our	results,	we	define	
APGE	only	based	on	workers	that	enter	or	leave	the	peer	groups.	For	workers	who	
change	their	education	status	during	a	peer	group	spell,	we	keep	constant	their	ed-
ucation, using the initial level they had upon entry into the peer group . This model 
thereby	avoids	the	so-called	reflection	problem	(Manski,	1993),	as	APGE	in	the	
peer	group	is	fully	pre-determined.	We	find	that	results	in	model	(D)	are	very	simi-
lar	to	model	(C),	and	see	this	as	the	main	result	of 	interest	in	Table	2.	In	the	follow-
ing	analyses,	we	base	APGE	on	the	specification	applied	in	model	(E).	

We	draw	several	conclusions.	First,	even	with	a	rigorous	set	of 	fixed	effects,	the	
results	provide	evidence	for	positive	education	spillover	effects.	Second,	accounting	
for	unobserved	worker,	workplace,	occupation	characteristics,	and	interactions	of 	
these unobserved omitted variables is important in order to identify the magnitude 
of 	the	spillover	effects.	

Table 2: Peer Group Effects on Log Wages

(A) (B) (C) (D) (E)

0.0161*** 0.0098*** 0.0049*** 0.0028* 0.0042***
(0.0011) (0.0013) (0.0012) (0.0013) (0.0012)

Age 0.0447*** 0.0417*** 0.0416*** 0.0358*** 0.0416***
(0.0005) (0.0005) (0.0005) (0.0006) (0.0005)

Age2 -0.0006*** -0.0005*** -0.0005*** -0.0004*** -0.0005***
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

Experience 0.0312*** 0.0295*** 0.0291*** 0.0034*** 0.0291***
(0.0003) (0.0003) (0.0003) (0.0007) (0.0003)

Experience2 -0.0004*** -0.0004*** -0.0004*** -0.0003*** -0.0004***
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

Worker FE √ √ √ √ √
Occupation-Year FE √ √ √ √ √
Workplace FE √ — — — —
Occupation-Workplace FE — √ √ √ √
Workplace-Year FE — — √ √ √
Worker-Workplace FE — — — √ —

R2 0.835 0.847 0.855 0.901 0.855
N 8,034,749 8,010,477 7,995,383 7,112,673 7,995,383

Notes: Dependent variable is log(hourly wage). Average peer group education for individual i is calculated as  the share of peer group members with 
education at minimum a MA-level (excluding worker i). The sample holds workers in fulltime employment in all private sector firms except those in 
agriculture or mining, years 1995-2008. Observations with wages above or below the top and bottom 1 %- percentiles in the full distribution are 
dropped. Occupations that are not found in Statistics Denmark’s documentation and occupations in public administration and agriculture are not 
included. In columns (A)-(C) and (E), workers who obtain a MA-level education while in the sample are dropped, and in column (D) workers who 
obtain MA-education within a workplace spell are dropped. N varies across models as more singleton-observations are dropped when more fixed 
effects are included. Robust standard errors clustered at firm-year level are reported in parenthesis. *: p<0.1, **: p<0.05, ***: p<0.01

Source: Calculations based on administrative data from Statistics Denmark.
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(0.0011) (0.0013) (0.0012) (0.0013) (0.0012)

Age 0.0447*** 0.0417*** 0.0416*** 0.0358*** 0.0416***
(0.0005) (0.0005) (0.0005) (0.0006) (0.0005)

Age2 -0.0006*** -0.0005*** -0.0005*** -0.0004*** -0.0005***
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

Experience 0.0312*** 0.0295*** 0.0291*** 0.0034*** 0.0291***
(0.0003) (0.0003) (0.0003) (0.0007) (0.0003)

Experience2 -0.0004*** -0.0004*** -0.0004*** -0.0003*** -0.0004***
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

Worker	FE √ √ √ √ √
Occupation-Year	FE √ √ √ √ √
Workplace	FE √ — — — —
Occupation-Workplace	FE — √ √ √ √
Workplace-Year	FE — — √ √ √
Worker-Workplace	FE — — — √ —

R2 0.835 0.847 0.855 0.901 0.855
N	 8,034,749 8,010,477 7,995,383 7,112,673 7,995,383

Source:	 Calculations	based	on	administrative	data	from	Statistics	Denmark.

Notes: 	Dependent	variable	is	log (hourly	wage).	Average	peer	group	education	for	individual	 i 	is	calculated	as		the	share	
of	peer	group	members	with	education	at	minimum	a	MA-level	(excluding	worker	 i ).	The	sample	holds	workers	in	fulltime	
employment	in	all 	private	sector	firms	except	those	in	agriculture	or	mining,	years	1995-2008.	Observations	with	wages	
above	or	below	the	top	and	bottom	1	%-	percentiles	in	the	full 	distribution	are	dropped.	Occupations	that	are	not	found	in	
Statistics	Denmark's	documentation	and	occupations	in	public	administration	and	agriculture	are	not	included.	In	
columns	(A)-(C)	and	(E),	workers	who	obtain	a	MA-level	education	while	in	the	sample	are	dropped,	and	in	column	(D)	
workers	who	obtain	MA-education	within	a	workplace	spell	are	dropped.	N	varies	across	models	as	more	singleton-
observations	are	dropped	when	more	fixed	effects	are	included.	Robust	standard	errors	clustered	at	firm-year	level	are	
reported	in	parenthesis.	*:	p<0.1,	**:	p<0.05,	***:	p<0.01

iojtE
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Across	the	columns	the	coefficient	change	a	lot	and	it	is	worth	understanding	where	
these	differences	are	coming	from.	In	particular,	the	identifying	sample	changes	
significantly	across	the	specifications.	The	reason	is	that	we	drop	singleton	obser-
vations to limit the sample to actual identifying observations based on the more 
rigorous	sets	of 	fixed	effects.	Therefore,	we	estimate	models	(A)	to	(C)	on	the	most	
restrictive	sample	in	column	(D).	The	coefficients	are	similar	as	what	we	report	in	
Table	2.	We	conclude	that	it	is	the	introduction	of 	the	fixed	effects	that	is	important	
for	identification	of 	magnitudes	and	not	sampling.	Results	are	available	upon	re-
quest.

It	is	difficult	to	compare	results	to	the	literature	because	of 	the	vast	differences	in	
data	and	research	designs.		For	the	sake	of 	illustration,	Moretti	(2004b)	focuses	on	
local	labor	market	spillovers,	employs	instrumental	variables	and	estimates	that	a	
1	percentage	point	increase	in	college	educated	workers	raises	wages	between	0.6	
and	1.2	percent.		Our	estimates	are	smaller	than	his.	Our	most	parsimonious	model	
estimates	an	effect	of 	0.016	percent	while	our	preferred	model	implies	a	spillover	
effect	of 	0.0042	percent.	Again	imagine	a	peer	group	of 	10	and	switch	one	cowork-
er	to	hold	an	advanced	degree.	At	average	annual	wages	of 	$	48,3524 this implies 
an	additional	$	20.	At	the	high	end,	the	estimates	suggest	an	additional	$	77.	There	
are	two	potential	explanations	for	these	differences	in	magnitudes.	First,	we	cap-
ture	only	spillovers	at	the	workplace	whereas	Moretti	captures	spillover	effects	at	a	
broader	level.	Second,	we	account	for	a	rigorous	set	of 	unobserved	heterogeneity	
using	fixed	effects.

Finally,	age	and	experience	have	a	positive	effect	on	wages	as	we	would	expect	in	
our	parsimonious	specifications.	These	effects	become	less	clear	in	the	more	rigor-
ous	models.	A	potential	reason	is	that	once	we	account	for	many	fixed	effects,	age	
and	experience	are	identified	from	correlated	variation.	Focusing	on	column	(E),	a	
worker	with	one	year	of 	work	experience	improves	her	wages	by	about	0.29	percent	
from	an	additional	year	of 	work	experience.	The	difference	to	the	peer	effect	is	that	
while	returns	to	experience	are	private,	the	social	returns	to	college	educated	work-
ers	are	spread	across	all	co-workers.	

In	Table	3	we	examine	heterogeneity	in	peer	effects	for	workers	based	on	education	
level	and	different	definitions	of 	peer	groups	based	on	educational	level	and	edu-
cation	specializations.	We	focus	on	model	(E)	from	Table	2	and	account	for	worker,	

4				2008	average	annual	wage	in	Denmark	in	$US,	2016	constant	prices.	Source:	https://stats.oecd.org/Index.
aspx?DataSetCode=AV_AN_WAGE.	
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occupation-year,	occupation-workplace,	and	workplace-year	heterogeneity.	This	
considers	the	tradeoffs	in	employing	identifying	variation	while	being	rigorous	with	
unobserved heterogeneity . 

Table 3. Subgroups and Alternative Education Variables

(1) (2) (3) (4)
Sample or APGE definition

Workers without MA 0.0045**
(0.0015)

APGE: BA or above 0.0027**
(0.0012)

APGE: Vocational or above 0.0014**
(0.0006)

STEM 0.0024
(0.0018)

Humanities 0.0005
(0.0030)

Social Sciences 0.0068***
(0.0019)

R2 0.843 0.855 0.877 0.855
N 7,552,379 7,117,986 7,368,424 8,007,183
Notes: Dependent variable is log(hourly wage). All models are specified as in column (E) of table 2, and include i, ot, oj, and jt fixed effects. In column 
(1), the sample only includes workers with less than MA-level education. Columns (2)-(4) are estimated on the full sample, but differ in the way APGE 
is calculated. In column (4) three dummies for APGE are included in the model based field of study. Controls for age and experience (both squared) 
are also included, but not reported. Robust standard errors clustered at firm-year level are reported in parenthesis. *: p<0.1, **: p<0.05, ***: p<0.01

Source: Calculations based on administrative data from Statistics Denmark.

Model	(1)	of 	Table	3	examines	the	effect	of 	our	baseline	definition	of 	peer	groups	
but	excluding	all	observations	of 	workers	with	higher	levels	of 	education,	MA	or	
above.	The	spillover	effect	is	similar	to	the	estimates	in	Table	2.	This	implies	that	
spillover	effects	are	experienced	by	a	large	part	of 	the	sample	characterized	by	low-
er	levels	of 	education.	This	is	relevant	from	a	policy	point	of 	view	because	it	im-
plies	that	lower	levels	of 	education	and	a	large	part	of 	the	working	population	ben-
efit	from	cross-subsidization	of 	higher-level	education.	We	also	estimated	this	model	
on	the	sample	of 	workers	with	higher	level	education.	Coefficient	magnitudes	are	
similar,	but	not	statistically	different	from	zero.	

For	Table	3	column	(2)	we	estimate	over	all	workers,	but	change	the	peer	group	
definition	to	measure	the	average	number	of 	workers	with	BA	education	or	above.	
Similarly,	in	model	(3)	we	define	the	peer	group	as	the	average	number	of 	workers	
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with	vocational	training	or	above.	Peer	effects	for	both	definitions	are	lower	than	for	
the	baseline	definition	applied	in	Table	2.	This	suggests	that	it	is	especially	higher	
levels	of 	education	that	create	spillover	effects.	In	model	(4)	we	generate	the	peer	
group	variable	by	three	different	education	fields,	STEM	(”Science,	Technology,	
Engineering	and	Math”),	Humanities,	and	Social	Sciences,	grouped	according	to	
Kvalitetsudvalget	(2015).	We	include	all	three	in	the	specification.	Results	show	that	
only	Social	Science	education	generates	peer	effects.	STEM	education	also	has	a	
large	coefficient	but	is	statistically	insignificant.	The	data	do	not	identify	significant	
peer	effects	for	the	humanities.	The	conclusion	is	that	humanities	do	not	deliver	
positive	spillover	effects	in	the	private	sector,	but	we	must	be	cautious	with	interpre-
tation.	The	share	of 	workers	with	higher	level	education	in	the	humanities	is	small	
compared	to	STEM	and	Social	Sciences,	0.005	versus	0.03	and	0.02.	Therefore,	
it	may	be	that	workers	with	degrees	in	the	humanities	select	to	work	in	the	public	
sector	and	potentially	do	generate	spillover	effects	that	we	do	not	observe.	

Table 4. Peer Groups by Skill Levels

APGE x I(Skill level 1) 0.003
(0.0033)

APGE x I(Skill level 2) 0.002
(0.0021)

APGE x I(Skill level 3) 0.0061***
(0.0020)

APGE x I(Skill level 4) 0.0082*
(0.0042)

APGE x I(Skill level 5) 0.0135
(0.0155)

APGE x I(Skill level 7) -0.0023
(0.0140)

APGE x I(Skill level 8) 0.012
(0.0153)

APGE x I(Skill level 9) -0.0091
(0.0104)

R2 0.855
N 7,995,383

Notes: Dependent variable is log(hourly wage). Results are based on the same sample as column (E) of table 2, and include i, ot, oj, and jt fixed effects. 
Skill levels are based on 1-digit DISCO-classifications, descending in skill levels from 1 to 9. Controls for age and experience (both squared) are also 
included, but not reported. Robust standard errors clustered at firm-year level are reported in parenthesis. *: p<0.1, **: p<0.05, ***: p<0.01. 
Source: Calculations based on administrative data from Statistics Denmark.
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In	Table	4	we	differentiate	each	worker’s	peer	group	by	skill	level.	We	distinguish	a	
worker’s	peer	group	according	to	eight	skill	levels	based	on	the	skill	level	of 	the	oc-
cupation	according	to	the	DISCO-classification.5	Note	that	skill	level	6	is	excluded	
because	we	do	not	observe	workers	with	this	skill	level.	There	are	several	interest-
ing	takeaways.	Top-middle	skill	levels	have	the	greatest	spillover	effects.	However,	
taking	into	account	standard	errors,	magnitudes	are	comparable	to	the	pooled	
estimates	in	Table	2.	Similar	to	Cornelissen	et	al.	(2017)	we	also	experiment	with	
separating	workers	based	on	routines	of 	their	job.	We	could	not	identify	meaningful	
systematic	differences	based	on	this	distinction.		The	same	holds	for	distinctions	
based on industry codes . 

Table	5	examines	nonlinearity	in	peer	group	effects	and	workplace	size.	This	is	
important	for	interpretation	of 	peer	effects	and	provides	robustness	with	respect	
to	peer	group	definitions.	We	generate	three	indicators	for	peer	group	size.	I(PG	
size≤10)	equals	one	if 	the	peer	group	contains	less	than	10	people	and	zero	oth-
erwise.	Similarly	we	generate	an	indicator	for	intermediate	peer	group	sizes	I(PG	
size11-100)	and	large	peer	groups	I(PG	size>100).	We	then	interact	these	indicators	
with	our	baseline	definition	of 	peer	groups	and	include	it	in	models	(C)	in	Table	2	
instead	of 	APGE.	This	is	akin	to	a	spline	regression	that	allows	APGE	to	have	dif-
ferent	effects	across	peer-group	size	categories.	Column	(1)	Table	5	shows	that	peer	
effects	are	similar	for	peer	groups	between	2	and	100	employees.	But	the	effect	is	
considerably	larger	for	peer	groups	with	more	than	100	employees.	Similar	patterns	
emerge	when	we	estimate	a	more	rigorous	model	as	in	column	(2),	where	we	repeat	
the	specification	from	column	(1),	but	also	include	indicators	to	test	for	structural	
wage	differences	across	peer	group	sizes.	These	indicators	are	not	significant,	likely	
because	all	the	other	fixed	effects	already	combine	to	absorb	many	of 	such	differ-
ences.	As	a	consequence,	adding	these	indicators	only	has	small	effects	on	the	coef-
ficient	estimates,	but	the	coefficient	for	the	middle	peer	group	size	indicator	interac-
tion	turns	significant.	To	illustrate	the	effect	of 	this	non-linearity	found	in	column	
(2),	suppose	you	are	in	the	peer	group	of 	50	people	where	50	percent	of 	coworkers	
have	higher	education.	Switching	one	of 	your	coworkers	to	hold	an	advanced	de-
gree	raises	APGE	by	2	percentage	points.	Based	on	model	(2)	this	raises	wages	by	
0.01	percent	(0.005	x	0.02	x	100).	On	the	other	hand,	suppose	you	are	working	in	
a	group	of 	500.	Then	the	effect	of 	switching	a	peer’s	education	equals	about	0.003	
percent	(0.0158	x	0.002	x	100).	These	results	suggest	that	small	and	large	firms	can	
take	advantage	of 	peer	effects.	While	it	seems	intuitive	that	peer	effects	are	smaller	
in	larger	groups,	there	is	a	tradeoff.	Because	the	smaller	effect	in	larger	groups	af-

5				This	corresponds	to	the	first	digit	in	the	DISCO	occupational	codes.
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fects	more	workers,	hiring	an	additional	highly	educated	worker	may	have	a	greater	
effect	on	total	productivity.	

Table 5. Nonlinearity in Peer Group and Workplace Size

(1) (2) (3)

APGE x I(PG size≤10) 0.0041*** 0.0039***
(0.0013) (0.0013)

APGE x I(PG size,11-100) 0.0038 0.0048**
(0.0023) (0.0024)

APGE x I(PG size>100) 0.0167*** 0.0158***
(0.0042) (0.0047)

I(PG size≤10) -0.0002
(0.0012)

I(PG size,11-100) -0.0009
(0.0011)

APGE x I(Workplace size≤50) 0.0051**
(0.0021)

APGE x I(Workplace size, 51-750) 0.0024*
(0.0014)

APGE x I(Workplace size>750) 0.0125***
(0.0036)

R2 0.855 0.855 0.855
N 7,995,383 7,995,383 7,995,383

Notes: Dependent variable is log(hourly wage). Results are based on the same sample as column (E) of table 2, and include i, ot, oj, and jt fixed 
effects.Controls for age and experience (both squared) are also included, but not reported. Robust standard errors clustered at firm-year level are 
reported in parenthesis. *: p<0.1,      **: p<0.05, ***: p<0.01
Source: Calculations based on administrative data from Statistics Denmark.

For	completeness	we	also	experimented	with	non-linear	specifications	such	as	in-
cluding	squared	peer	group	variables.	However,	squared	APGE	did	not	result	in	
significant	coefficient	estimates.		A	challenge	with	such	specifications	is	the	often	
high	collinearity	between	the	linear	and	squared	variable	of 	interest.				

Table	5	also	examines	non-linearity	in	workplace	size	in	column	(3),	which	similar	
to	columns	(1)	and	(2)	employs	spline	regressions.	Model	(3)	is	still	akin	to	models	C	
and	E	in	Table	2	and	accounts	for	worker,	occupation-year,	and	occupation-work-
place	heterogeneity	and	workplace	specific	time	effects.	Model	(3)	suggests	that	
spillover	effects	are	large	in	greater	workplaces	with	more	than	750	employees.	A	
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one	percent	increase	in	APGE	raises	average	wages	by	0.0125	percent	while	it	rais-
es	average	wages	at	firms	with	less	than	50	employees	by	only	0.0051	percent.	This	
is	possible,	because	a	one	percent	increase	in	APGE	at	large	workplaces	implies	
many	more	highly	educated	workers	than	at	small	workplaces.	On	the	other	hand	
it	is	counterintuitive,	as	we	would	expect	spillover	effects	to	be	greater	in	small	firms	
where	workers	likely	have	to	work	more	tightly	together	and	collaborate.	



2524

4 Conclusions

In	this	paper	we	examine	education	spillover	effects	for	Danish	workers	in	the	
private	sector.	We	take	advantage	of 	highly	detailed	matched	worker-firm	data	to	
extend	standard	identification	approaches	to	account	for	endogenous	selection	of 	
workers	with	firms	based	on	unobserved	variables.	Even	in	our	most	rigorous	spec-
ifications	we	find	evidence	that	workers	benefit	from	coworkers	with	higher	levels	
of 	education	joining	the	team.	From	a	policy	point	of 	view	this	implies	that	cross	
subsidizing	education	increases	productivity	for	all	workers.	We	focus	on	the	pri-
vate	sector	and	find	that	especially	higher	levels	of 	education	and	graduates	in	the	
sciences	and	social	sciences	deliver	positive	wage	spillover	effects.		

As	we	introduce	more	demanding	and	rigorous	empirical	models,	spillover	effects	
decrease	and	are	small	compared	to	the	existing	literature.	A	possible	reason	is	that	
accounting	for	high	dimensional	unobserved	variables	focuses	identification	on	a	
narrow	micro	channel	that	transmits	peer	effects	with	limited	levels	of 	data	varia-
tion.	To	reach	policy	conclusions	magnitudes	of 	policy	effects	are	important.	This	
suggests	future	research	that	evaluates	the	effect	of 	education	policy	potentially	tak-
ing	advantage	of 	quasi-random	experiments.

This	paper	has	its	focus	on	narrow	education	spillovers	from	workers	within	occu-
pations	in	workplaces.	There	may	of 	course	exist	spillover	effects	from	education	
across	occupations	within	a	workplace.	This	could	especially	be	the	case	in	smaller	
workplaces	where	interaction	between	different	occupations	is	very	likely	to	happen.	
In	the	presence	of 	such	spillovers,	our	results	under	estimate	the	full	spillover	effect	
from	educated	workers.
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