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The	 question	 of	 how	 causal	 effects	 are	 transmitted	 is	
fascinating	 and	 inevitably	 arises	 whenever	 experiments	
are	presented.	Social	scientists	cannot	be	faulted	for	tak-
ing	a	lively	interest	in	“mediation,”	the	process	by	which	
causal	influences	are	transmitted.	However,	social	scien-
tists	frequently	underestimate	the	difficulty	of	establish-
ing	causal	pathways	in	a	rigorous	empirical	manner.	We	
argue	that	the	statistical	methods	currently	used	to	study	
mediation	 are	 flawed	 and	 that	 even	 sophisticated	 ex-	
p	erimental	designs	cannot	speak	to	questions	of	media-
tion	without	the	aid	of	strong	assumptions.	The	study	
of	 mediation	 is	 more	 demanding	 than	 most	 social	
scientists	suppose	and	requires	not	one	experimental	
study	but	rather	an	extensive	program	of	experimental	
research.

Keywords:	 mediation;	 causal	 mechanisms;	 causal	
inference;	experiments

An	academic	phenomenon	 that	occurs	with	
astonishing	regularity	may	be	observed	when-

ever	experimental	researchers	present	evidence	
of	 a	 causal	 effect.	 Inevitably,	 someone	 in	 the	
audience	asks	what	mediating	 factor	or	 factors	
explain	this	effect.	The	stronger	the	experimen-
tal	 effect,	 the	 greater	 the	 audience’s	 interest	
in	 mediators.	 When	 confronted	 with	 experi-
menters	who	fail	to	offer	evidence	that	explains	
how	 their	 intervention’s	 effect	 is	 transmitted,	
audiences	routinely	grumble	about	“black	box”	
experimentation.

One	can	scarcely	 fault	 scholars	 for	express-
ing	curiosity	about	the	mechanisms	by	which	an	
experimental	treatment	transmits	its	influence.	
After	all,	many	of	the	most	interesting	discover-
ies	in	science	have	to	do	with	identifying	medi-
ating	 factors	 in	 a	 causal	 chain.	 For	 example,	
the	 introduction	of	 limes	 into	 the	diet	of	 sea-
farers	in	the	eighteenth	century	dramatically	re-	
duced	 the	 incidence	 of	 scurvy,	 and	 eventually	
twentieth-century	 scientists	 figured	 out	 that	
the	 key	 mediating	 ingredient	 was	 vitamin	 C.	
Equip	ped	with	knowledge	about	why	an	experi-
mental	 treatment	 works,	 scientists	 may	 devise	
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other,	possibly	more	efficient	ways	of	achieving	the	same	effect.	Modern	seafar-
ers	can	prevent	scurvy	with	limes	or	simply	with	vitamin	C	tablets.

Arresting	 examples	 of	 mediators	 abound	 in	 the	 physical	 and	 life	 sciences.	
Indeed,	not	only	do	scientists	know	that	vitamin	C	mediates	the	causal	relation-
ship	between	limes	and	scurvy,	they	also	understand	the	biochemical	process	by	
which	vitamin	C	counteracts	the	onset	of	scurvy.	In	other	words,	mediators	them-
selves	 have	 mediators.	 Physical	 and	 life	 scientists	 continually	 seek	 to	 pinpoint	
ever	more	specific	explanatory	agents.

Social	scientists,	too,	are	eager	to	pinpoint	causal	mechanisms;	but,	unfor-
tunately,	 well-established	 claims	 about	 mediation	 remain	 relatively	 rare	 in	 the	
social	 sciences.	We	use	 the	phrase	“well-established”	 to	denote	claims	that	are	
backed	 up	 with	 compelling	 scientific	 evidence,	 not	 just	 claims	 that	 are	 widely	
believed	 because	 they	 appeal	 to	 widely	 held	 presuppositions.	 The	 notion	 that	
there	 is	 a	 dearth	 of	 compelling	 examples	 of	 mediation	 is	 doubtless	 a	 minority	
viewpoint.	As	Bullock	and	Ha	(forthcoming)	point	out	in	their	recent	review	of	
the	mediation	literature	in	political	science,	confident	claims	about	this	or	that	
mediating	variable	abound	in	social	science	journal	articles	and	literature	reviews.	
Recent	 years	have	 in	 fact	 seen	growing	enthusiasm	 for	 regression	models	 that	
purport	to	establish	claims	about	mediation;	Malhotra	and	Krosnick	(2007),	for	
example,	argue	forcefully	that	this	form	of	regression	analysis	ought	to	become	
more	prominent	in	studies	of	electoral	politics.

Despite	their	growing	popularity,	these	regression	models	rest	on	naïve	assu-
mptions.	The	point	of	this	article	is	to	puncture	the	widely	held	view	that	it	is	a	
relatively	simple	matter	to	establish	the	mechanism	by	which	causality	is	transmit-
ted.	 This	 means	 puncturing	 the	 faith	 that	 has	 been	 placed	 in	 commonly	 used	
statistical	methods	of	establishing	mediation.

Fortunately,	the	algebraic	groundwork	for	our	argument	may	be	found	in	the	
statistical	literature	on	mediation	that	is	largely	unknown	to	social	scientists.	(See,	
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e.g.,	 Holland	 1988;	 Jo	 2008;	 Sobel	 2008;	 for	 a	 less	 technical	 overview	 of	 key	
issues,	see	Bullock,	Green,	and	Ha	2009.)	We	will	largely	dispense	with	equations	
and	try	to	state	intuitively	what	others	have	stated	formally.	Our	aim	is	to	con-
vince	the	reader	of	three	things:

1.	 Conventional	regression	approaches	to	the	study	of	mediation	rely	on	strong	and	often	
implausible	assumptions,	even	when	applied	to	data	in	which	a	causal	factor	has	been	
manipulated	experimentally.

2.	 The	 natural	 progression	 of	 an	 experimental	 agenda	 makes	 it	 impractical	 to	 examine	
mediators	until	a	causal	relationship	is	firmly	established.

3.	 Even	 when	 causal	 relationships	 are	 firmly	 established,	 demonstrating	 the	 mediating	
pathways	is	far	more	difficult—practically	and	conceptually—than	is	usually	supposed.

Our	 argument	 is	 not	 that	 the	 search	 for	 mediators	 is	 pointless	 or	 impossible.	
Establishing	the	mediating	pathways	by	which	an	effect	is	transmitted	can	be	
of	enormous	theoretical	and	practical	value,	as	the	vitamin	C	example	illustrates.	
Rather,	we	take	issue	with	the	impatience	that	social	scientists	often	express	with	
experimental	studies	that	fail	to	explain	why	an	effect	obtains.	As	one	begins	to	
appreciate	 the	 complexity	 of	 mediation	 analysis,	 it	 becomes	 apparent	 why	 the	
experimental	investigation	of	mediators	is	slow	work.	Just	as	it	took	more	than	a	
century	to	discover	why	limes	cure	scurvy,	it	may	take	decades	to	figure	out	the	
mechanisms	that	account	for	the	causal	relationships	observed	in	social	science.

Conventional	Approaches	to	the	Study		
of	Mediation	Are	Prone	to	Bias

Perhaps	the	most	startling	fact	about	the	statistical	investigation	of	mediation	
in	 the	social	 sciences	 is	how	frequently	 it	 is	attempted.	Although	path	analysis	
goes	back	several	decades,	mediation	analyses	surged	in	popularity	in	the	1980s	
with	the	publication	of	Baron	and	Kenny	(1986),	which	now	ranks	as	the	most	
frequently	cited	article	ever	 to	appear	 in	 the	Journal of Personality and Social 
Psychology.	The	 framework	described	by	Baron	and	Kenny	 involves	a	 series	of	
regressions.	First,	one	regresses	the	outcome	(Y)	on	the	independent	variable	(X).	
Upon	finding	an	effect	to	be	explained,	one	proposes	a	possible	mediating	variable	
(M)	and	regresses	it	on	X.	If	X	appears	to	cause	M,	 the	final	step	is	to	examine	
whether	the	effect	of	X	becomes	negligible	when	Y	is	regressed	on	both	M	and	X.	
If	M	predicts	Y and	X	does	not,	the	implication	is	that	X	transmits	its	influence	
through	M.

This	type	of	analysis	rests	on	a	number	of	strong	assumptions.	The	most	con-
tentious	assumption	is	the	requirement	that	M	be	independent	of	unmeasured	
factors	that	affect	Y.	Let’s	consider	what	this	assumption	means	in	practice	for	an	
experiment	in	which	X	is	manipulated	randomly.	(Applying	this	analysis	to	obser-
vational	data	in	which	X	is	not	randomized	jeopardizes	the	premise	of	the	inves-
tigation	of	mediators,	namely,	that	X	 in	fact	exerts	a	causal	 influence	on	Y.	We	
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consider	 experimental	 applications,	 as	 these	 in	 theory	have	 a	better	 chance	of	
success.)	Suppose	one	were	interested	in	explaining	why	voter	mobilization	activ-
ity	(X)	affects	electoral	participation	(Y),	and	imagine	that	mobilization	activity	
were	varied	randomly	so	that	there	is	no	concern	about	whether	the	causal	rela-
tionship	between	X	and	Y	is	real.	One	could	posit	a	mediating	pathway	whereby	
get-out-the-vote	campaigns	enhance	interest	in	political	affairs	(M),	which	in	turn	
increases	one’s	propensity	to	vote.

The	problem	with	establishing	this	claim	empirically	is	that	there	may	be	other	
mediators,	each	of	which	is	correlated	with	interest	in	politics.	For	this	example,	
a	short	list	of	additional	mediators	might	include	cognitive	skills,	feelings	of	inter-
nal	efficacy,	social	ties	to	people	who	are	politically	engaged,	and	so	forth.	Unless	
one	 measures	 and	 controls	 for	 each	 of	 these	 alternative	 mediators,	 one	 risks	
attributing	to	political	interest	mediating	effects	that	in	fact	flow	through	some	
other	intervening	factor.	Of	course,	as	a	practical	matter,	it	is	impossible	to	mea-
sure	all	of	 the	possibly	confounding	mediating	variables.	Putting	measurement	
aside,	it	is	rare	that	a	researcher	will	be	able	to	think	of	all	of	the	confounding	
mediators.

When	applied	to	data	in	which	M	is	observed	but	not	manipulated	randomly,	
this	kind	of	mediation	analysis	amounts	to	an	ill-defined	procedure	with	no	clear	
stopping	rule	or	method	for	detecting	bias.	Uncertain	about	the	causal	pathways	
and	perhaps	even	the	direction	of	causality,	researchers	tend	to	consider	a	variety	
of	mediators,	sometimes	one	at	a	time	or	in	different	combinations.	From	these	
analyses,	a	conclusion	emerges	about	the	successfulness	with	which	one	or	more	
mediators	explain	the	bivariate	relationship	between	X	and	Y.

This	 type	of	analysis	 is	vulnerable	 to	 two	 important	critiques.	The	first	con-
cerns	omitted	variables.	If	M	is	positively	correlated	with	unobserved	causes	of	
Y,	its	effect	on	Y	may	be	exaggerated	while	the	effect	of	X	on	Y	is	underestimated.	
That	pattern	of	biases	will	tend	to	make	the	mediation	analysis	 look	more	suc-
cessful	than	it	really	is.	This	kind	of	bias	seems	to	be	quite	common,	for	one	of	
the	ways	in	which	researchers	look	for	mediators	is	to	consider	variables	that	are	
correlated	with	Y.	One	reason	that	M	may	be	correlated	with	Y	is	that	they	both	
are	correlated	with	unobserved	confounders.

A	second	line	of	critique	is	that	M is	poorly	measured,	which	may	lead	to	an	
underestimate	of	M’s	effect	and	the	mistaken	conclusion	that	factors	other	than	
M	account	for	the	relationship	between	X	and	Y.	When	several	of	the	mediators	
are	correlated	and	mismeasured,	biases	can	be	unpredictable	in	sign	and	magni-
tude.	The	use	of	structural	equation	modeling	with	latent	variables	is	often	hailed	
as	 a	 way	 to	 address	 the	 dubious	 assumptions	 underlying	 mediation	 analysis.	
Structural	equation	modeling	is	a	step	in	the	right	direction	insofar	as	it	addresses	
the	problem	of	measurement	error,	but	structural	equation	models	typically	do	
nothing	to	address	the	problem	of	omitted	variables.

Given	the	strong	requirements	in	terms	of	model	specification	and	measure-
ment,	the	enterprise	of	“opening	the	black	box”	or	“exploring	causal	pathways”	
using	endogenous	mediators	is	little	more	than	a	rhetorical	exercise.	We	are	at	a	
loss	to	pro	duce	even	a	single	example	in	political	science	in	which	this	kind	of	
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mediation	analysis	has	convincingly	demonstrated	how	a	causal	effect	is	transmit-
ted	from	X	to	Y.	What	we	have	instead	is	a	long	list	of	examples	in	which	media-
tion	is	proved	with	the	aid	of	very	strong	and	untested	assumptions.	The	question	
is	 whether	 the	 situation	 improves	 as	 we	 move	 from	 observational	 designs	 to	
experimental	designs,	where	both	X	and	M	are	manipulated	randomly.

Experimental	Studies	of	Mediation		
Are	Difficult	to	Design	and	Execute

In	principle,	experiments	are	the	gold	standard	for	estimating	causal	param-
eters,	and	so	one	naturally	turns	to	experiments	to	assess	hypotheses	about	medi-
ation.	 Experiments	 can	 play	 a	 useful	 role	 in	 the	 study	 of	 mediators.	 If	 one	 is	
interested	in	whether	M	mediates	the	effects	of	X	on	Y,	 it	makes	sense	to	ran-
domly	manipulate	M	 in	order	to	see	whether	 it	 indeed	affects	Y.	It	also	seems	
sensible	to	manipulate	X	in	order	to	gauge	whether	Y	changes	as	a	result.	If	one	
is	 prepared	 to	 assume	 that	 the	 causal	 effects	 of	 X	 and	 M	 are	 the	 same	 across	
subjects,	this	kind	of	“double	experiment”	can	be	quite	informative.	Finding	that	
M	affects	Y	suggests	that	M	may	be	among	the	mediators	of	X.	And	finding	that	
X	affects	M	further	suggests	that	M	may	transmit	X’s	influence	to	Y.

Two	 complications	 make	 this	 type	 of	 experimental	 investigation	 challenging.	
First,	as	a	practical	matter,	it	is	seldom	easy	to	design	an	experiment	to	manipulate	
M.	Or,	 to	put	 it	more	precisely,	 it	 is	 seldom	easy	 to	design	 an	experiment	 that	
manipulates	only	M	and	not	some	other	M'	that	might	also	mediate	the	effect	of	
X.	To	return	to	the	mobilization	and	voting	example,	suppose	a	researcher	sought	
to	 assess	 the	 mediating	 effects	 of	 political	 interest.	 Producing	 an	 increase	 in	
political	interest	is	no	mean	feat,	and	the	task	becomes	especially	challenging	if	
one	 strives	 to	 generate	 interest	 in	 politics	 without	 inadvertently	 producing	 a	
change	in	political	efficacy	or	political	knowledge	or	any	of	the	attitudinal	corre-
lates	that	might	also	mediate	the	effects	of	campaign	contact.	Note	that	this	prob-
lem	 of	 experimental	 design	 is	 analogous	 to	 an	 identification	 problem	 in	 a	
simultaneous	equations	system.	The	more	mediators	one	seeks	to	assess,	the	more	
elaborate	one’s	experimental	design	must	be,	with	multiple	interventions	designed	
to	influence	different	mediators	to	different	degrees.

Recent	 textbooks	 that	discuss	mediation	 too	often	skip	over	 the	problem	of	
multiple	mediators	or	send	mixed	messages	about	the	difficulty	of	manipulating	
and	measuring	the	mediators.	For	example,	MacKinnon	(2008)	notes	in	passing	
(p.	66)	that	mediation	models	are	sensitive	to	omitted	variables	bias	but	devotes	
his	analysis	of	single-	and	multiple-mediator	systems	to	the	technical	questions	of	
how	to	compute	the	estimates	and	their	standard	errors.	His	proof	of	the	unbi-
asedness	of	the	regression	approach	(pp.	86-89)	blithely	assumes	that	M	is	unre-
lated	to	unmeasured	causes	of	Y.	Threats	 to	 inference	are	revisited	more	than	
250	pages	later,	after	MacKinnon	explicates	a	number	of	techniques	and	empiri-
cal	examples	that	presuppose	strong	modeling	assumptions.
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A	second	and	related	complication	arises	when	we	relax	the	assumption	that	
the	causal	effects	of	X	and	M	are	the	same	for	all	subjects.	The	key	idea	is	that	we	
can	identify	only	the	causal	effect	of	the	randomly induced	variation	in	these	vari-
ables.	Suppose,	for	example,	that	we	were	to	induce	heightened	political	interest	
by	means	of	a	multimedia	presentation	about	the	important	ways	in	which	elec-
tions	 shape	 political	 outcomes.	 Some	 subjects	 might	 become	 more	 politically	
interested,	but	others	might	be	unaffected.	Whatever	downstream	consequences	
of	political	interest	on	political	participation	we	observe	would	reflect	the	change	
in	behavior	among	those	who	were	affected	by	the	presentation.	The	subset	of	the	
population	that	is	moved	by	one	presentation	might	not	be	the	same	subset	that	
is	 moved	 by	 another,	 and	 different	 subgroups	 might	 transmit	 their	 newfound	
political	 interest	 into	 participation	 in	 different	 ways.	 Tempting	 as	 it	 is	 to	 draw	
broad	conclusions	about	mediation	based	on	a	single	intervention,	those	conclu-
sions	really	hold	for	only	a	subset	of	the	population.	The	possibility	of	different	
treatment	 effects	 for	 different	 subgroups	 is	 in	 principle	 an	 empirical	 question.	
With	 enough	 experimental	 interventions,	 a	 researcher	 can	 gauge	 the	 extent	 to	
which	the	effects	of	M	on	Y	or	X	on	M	or	X	on	Y	vary	according	to	the	way	in	which	
X	and	M	are	manipulated,	but	conducting	an	array	of	experiments	is	a	formidable	
undertaking.	It	is	a	far	cry	from	the	run-some-regressions	advice	that	comes	from	
those	in	the	thrall	of	the	Baron-Kenny	method.

For	Those	Still	Not	Discouraged,	It	Gets	Worse

The	previous	section	raised	the	nettlesome	possibility	that	treatment	effects	
may	 differ	 across	 subjects.	 Scholars	 working	 on	 mediation	 sometimes	 call	 this	
phenomenon	“moderated”	mediation	in	the	sense	that	the	causal	paths	vary	in	
strength	across	 subjects	 (Muller,	 Judd,	and	Yzerbyt	2005).	Usually,	however,	
when	empirical	researchers	 talk	about	moderated	mediation,	 they	are	quick	to	
assume	that	variation	in	effect	size	can	be	modeled	as	a	function	of	observable	
factors.	There	is	nothing	wrong	with	trying	to	model	interactions	between	mea-
sured	variables,	but	the	problem	of	unobserved	variables	remains.	Unobserved	
sources	of	variation	in	effect	size	can	throw	off	any	attempt	to	draw	inferences	
about	mediation.

Consider	the	following	example.	Imagine	we	have	a	large	sample,	say,	10,000	
observations.	Suppose	that	for	the	odd-numbered	observations,	the	data	genera-
tion	process	looks	as	follows:

 Y	=	M	+	u, (1)

 M	=	X	+	e.	 (2)

In	other	words,	we	have	set	up	the	example	such	that	a	one-unit	change	in	M	
leads	to	a	one-unit	change	in	Y.	And	a	one-unit	change	in	X	leads	to	a	one-unit	
change	in	M.	In	this	example,	M	fully	mediates	the	effect	of	X	on	Y.	The	model	
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contains	two	unobserved	disturbance	terms,	u	and	e.	In	the	spirit	of	making	this	
example	mimic	an	ideal	experiment,	suppose	these	two	unobserved	factors	were	
independent	of	one	another	and	drawn	independently	for	each	observation.

The	data	generation	process	 for	 the	even-numbered	observations	 is	 similar,	
with	one	twist.	The	data	generation	process	for	u	and	e	is	the	same	as	above;	they	
are	independent	of	one	another	and	across	observations.	This	time,	however,	the	
slopes	are	different:

 Y	=	–M	+	u, (3)

 M	=	–X	+	e.	 (4)

The	total	effect	of	X	on	Y	is	1.0—the	product	of	its	negative	effect	on	M	and	M’s	
negative	effect	on	Y.	M	fully	mediates	the	effect	of	X.

What	happens	when	we	analyze	all	10,000	observations	without	regard	to	the	
fact	that	half	of	the	data	are	generated	by	the	“odd”	model	and	half	by	the	“even”	
model?	In	short,	we	get	misleading	results.	The	total	effect	of	X	on	Y	is	found	to	
be	1.0,	suggesting	that	there	is	a	relationship	in	need	of	explanation.	However,	
the	regression	of	M	on	X	suggests	that	X	has	no	effect	on	M.	And	the	regression	
of Y	on	both	M	and	X	indicates	that	X	has	an	effect	of	1.0	while	M	has	an	effect	
of	0.	The	implication	is	that	M	plays	no	role	in	transmitting	X’s	influence	to	Y,	but	
we	know	from	the	model	that	this	is	false.

This	 doubtless	 seems	 like	 an	 extreme	 example.	 In	 practice,	 we	 would	 not	
expect	an	unobserved	factor	to	partition	our	sample	in	half,	such	that	each	half	is	
subject	to	equal	and	opposite	parameters.	What	is	troubling	about	this	example,	
however,	 is	 that	 one	 can	 come	 up	 with	 a	 range	 of	 different	 results	 simply	 by	
varying	the	proportion	of	people	in	the	sample	who	are	subject	to	each	of	the	
data	generation	processes.	For	example,	if	one-fifth	of	the	sample	is	generated	
by	equations	(1)	and	(2)	and	four-fifths	is	generated	by	equations	(3)	and	(4),	a	
Baron-Kenny	 analysis	 will	 indicate	 that	 approximately	 half	 of	 X’s	 influence	 re-
mains	unmediated,	which	is	still	incorrect.

The	bottom	line	is	that	when	subjects	are	governed	by	different	causal	laws,	
analyses	that	presuppose	that	the	same	parameters	apply	to	all	observations	may	
yield	biased	results.	Experimental	design	is	helpful	insofar	as	it	helps	avoid	some	
of	the	most	common	sources	of	bias,	such	as	correlation	between	M	and	u.	But	a	
single	experiment	is	unlikely	to	settle	the	question	of	heterogeneous	treatment	
effects.	In	order	to	ascertain	whether	different	subjects	transmit	the	causal	influ-
ence	of	X	in	different	ways,	multiple	experiments—maybe	decades’	worth—will	
be	necessary.

Conclusion

Experimenters	have	good	 reason	 to	be	 cautious	when	encouraged	 to	divert	
attention	and	 resources	 to	 the	 investigation	of	 causal	mechanisms.	First,	black	
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box	experimentation	as	it	currently	stands	has	a	lot	going	for	it.	One	can	learn	a	
great	deal	of	theoretical	and	practical	value	simply	by	manipulating	variables	and	
gauging	 their	effects	on	outcomes,	 regardless	of	 the	causal	pathways	by	which	
these	effects	are	transmitted.	Introducing	limes	into	the	diet	of	seafarers	was	an	
enormous	breakthrough	even	if	no	one	at	the	time	had	the	vaguest	understand-
ing	of	vitamins	or	cell	biology.	Social	science	would	be	far	more	advanced	than	it	
is	today	if	researchers	had	a	wealth	of	experimental	evidence	showing	the	efficacy	
of	various	educational,	political,	or	economic	interventions—even	if	uncertainty	
remained	about	why	these	interventions	work.

Second,	the	rush	to	study	mechanisms	presupposes	that	experiments	have	to	
date	established	these	basic	causal	relationships	in	need	of	explanation.	This	is	far	
from	the	case,	even	in	relatively	well-developed	experimental	subfields.	Critics	of	
“mere”	black	box	experimentation	fail	to	realize	that	nailing	down	an	experimen-
tal	effect	with	precision	takes	a	great	deal	of	sustained	effort.	For	any	researcher	
working	 in	 the	 early	 phases	 of	 an	 experimental	 research	 program,	 devoting	
resources	to	the	manipulation	of	mediators	(and	investigation	of	subgroup	differ-
ences	in	causal	effects)	is	a	gamble,	as	there	is	no	guarantee	that	the	experimen-
tal	 intervention	 will	 produce	 a	 substantively	 interesting	 average	 effect	 on	 the	
outcome.	Few	experimental	programs	in	social	science	are	sufficiently	advanced	
to	warrant	this	kind	of	gamble.

A	more	judicious	approach	at	this	juncture	in	the	development	of	social	sci-
ence	would	be	to	encourage	researchers	to	measure	as	many	outcomes	as	pos-
sible	 when	 conducting	 experiments.	 For	 example,	 consider	 the	 many	 studies	
that	have	sought	to	increase	voter	turnout	by	means	of	some	form	of	campaign	
contact,	 such	as	door-to-door	canvassing.	In	addition	to	assessing	whether	 the	
intervention	 increases	 turnout,	 one	 might	 also	 conduct	 a	 survey	 of	 random	
samples	of	the	treatment	and	control	groups	in	order	to	ascertain	whether	these	
groups	 differ	 in	 terms	 of	 interest	 in	 politics,	 feelings	 of	 civic	 responsibility,	
knowledge	about	where	and	how	to	vote,	and	so	forth.	With	many	mediators	and	
only	one	intervention,	this	kind	of	experiment	cannot	identify	which	of	the	many	
causal	pathways	transmit	the	effect	of	the	treatment,	but	if	certain	pathways	are	
unaffected	by	the	treatment,	one	may	begin	to	argue	that	they	do	not	explain	
why	 mobilization	 works.	 As	 noted	 above,	 this	 kind	 of	 analysis	 makes	 some	
important	assumptions	about	homogeneous	treatment	effects,	but	the	point	 is	
that	this	type	of	exploratory	investigation	may	provide	some	useful	clues	to	guide	
further	exp	erimental	investigation.

As	researchers	gradually	develop	intuitions	about	the	conditions	under	which	
effects	are	larger	or	smaller,	they	may	begin	to	experiment	with	variations	in	the	
treatment	in	an	effort	to	isolate	the	aspects	of	the	intervention	that	produce	the	
effect.	For	example,	after	a	series	of	pilot	studies	that	suggested	that	social	surveil-
lance	might	be	effective	in	increasing	voter	turnout,	Gerber,	Green,	and	Larimer	
(2008)	launched	a	study	in	which	subjects	were	presented	one	of	several	interven-
tions.	 One	 encouraged	 voting	 as	 a	 matter	 of	 civic	 duty;	 another	 indicated	 that	
researchers	would	be	monitoring	who	voted;	a	third	revealed	the	voting	behavior	
of	all	 the	people	 living	at	 the	 same	address;	and	a	 final	 treatment	 revealed	 the	
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voting	behavior	of	those	living	on	the	block.	This	study	stopped	short	of	mea-
suring	mediators	such	as	one’s	commitment	to	norms	of	civic	participation	or	
one’s	desire	 to	maintain	a	reputation	of	an	engaged	citizen;	nevertheless,	 the	
treatments	 were	 designed	 to	 activate	 mediators	 to	 varying	 degrees.	 One	 can	
easily	 imagine	 variations	 in	 this	 experimental	 design	 that	 would	 enable	 the	
researcher	to	differentiate	more	finely	between	mediators.	And	one	can	imagine	
introducing	 survey	measures	 to	 check	whether	 these	 inducements	produce	 an	
intervening	psychological	effect	consistent	with	the	posited	mediator.

So	long	as	the	limitations	of	this	exploratory	mode	of	investigation	are	clear,	
scientific	investigation	can	proceed	in	an	orderly	manner.	The	problem	is	that	so	
long	as	 social	 scientists	operate	with	a	mistaken	understanding	of	what	can	be	
expected	from	a	mediation	analysis,	they	will	flit	from	one	topic	to	another	with-
out	an	appropriate	sense	of	the	limits	of	what	has	been	learned	along	the	way.	
When	critics	make	pious	declarations	about	the	importance	of	opening	the	black	
box,	 one	 must	 recognize	 that	 in	 social	 sciences	 black	 boxes	 are	 rarely	 if	 ever	
opened.	Sometimes	they	are	declared	open	by	researchers	who	are	too	sanguine	
about	the	power	of	their	lock-picking	skills.	Such	declarations	give	the	impression	
that	the	work	is	easy	or	already	complete,	which	ironically	slows	the	painstaking	
process	by	which	real	progress	is	made.
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