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Preface

Scale	development	is	a	rapidly	evolving	field	with	new	approaches	emerging	and
gaining	greater	traction.	These	changes	have	arisen	from	a	variety	of	sources,
including	large-scale	efforts	to	provide	more	standardized	measurement	tools
across	a	wide	range	of	contexts.	On	one	hand,	these	changes	are	exciting	and
important.	On	the	other,	they	make	the	revision	of	this	text	substantially	more
challenging.	As	with	past	editions,	my	goal	is	to	present	complex	information	in
a	way	that	will	be	accessible	to	a	range	of	scholars.	At	the	same	time,	with	each
revision,	I	have	endeavored	to	update	the	material	to	reflect	current	trends	in	the
field.	Those	two	objectives	at	times	are	diametrically	opposed,	as	some	of	the
newest	developments	involve	advanced	and	somewhat	specialized	concepts	and
methodologies.	I	have	sought	to	resolve	this	dilemma	by	providing	context	for
new	advancements	and	by	explicitly	differentiating	between	narrowly	and	more
broadly	circumscribed	measurement	activities	and	the	technical	approaches	that
may	suit	each.	Of	course,	I	have	confined	my	discussion	of	these	issues	to	the
scope	and	intention	of	a	text	that	serves	as	an	overview	to	psychometric
approaches	rather	than	a	comprehensive	review.

The	end	result	has	been	that	every	chapter	has	new	material	added	to	it.	In
Chapter	1,	Overview,	my	review	of	the	history	of	measurement	now	includes	a
summary	of	how	mental	illnesses	have	been	classified	from	ancient	times	to	the
present,	with	an	emphasis	on	more	recent	activities.	That	discussion	reveals	both
opportunities	lost	and	others	taken.

In	Chapter	2,	Understanding	the	Latent	Variable,	I	have	added	a	section	that
addresses	more	directly	the	implications	of	choosing	the	causal	model	that
relates	items	to	their	latent	variables.	I	have	observed	that	this	important	and
seemingly	obvious	consideration	is	often	overlooked.	Some	models	linking
variables	to	their	indicators	are	more	conducive	to	straightforward	measurement
approaches	than	others.	Accordingly,	I	believe	this	point	warranted	additional
emphasis.

Changes	in	Chapter	3,	Reliability,	exemplify	the	rapid	evolution	of	thinking	in
some	areas	of	measurement.	A	substantial	body	of	work	has	appeared	in	recent
years	questioning	the	use	of	Cronbach’s	coefficient	alpha.	Although	I	alluded	to
these	newer	perspectives	in	the	previous	edition,	I	felt	a	need	to	expand	upon



that	discussion	in	the	present	volume.	This	includes	highlighting	some	of	the
criticisms	and	the	circumstances	in	which	they	apply,	as	well	as	discussing	more
fully	some	of	the	alternatives	to	alpha,	such	as	omega,	that	have	gained	greater
recognition.	I	have	endeavored	to	keep	this	discussion	primarily	conceptual
rather	than	mathematical	and,	instead	of	devoting	pages	to	computational	nuts
and	bolts,	have	pointed	readers	to	sources	that	will	assist	them	in	using	tools
such	as	omega	should	they	choose	to	do	so.	I	have	also	added	a	discussion	on	the
reliability	of	change	scores	computed	as	a	difference	between	two	scores	from	a
single	measure	administered	more	than	once.	I	conceptually	summarize	what	a
change-score	reliability	is,	highlight	the	circumstances	when	its	use	is
problematic,	and	suggest	analytic	approaches	that	afford	some	protection	against
attenuated	reliability	arising	from	using	raw	change	scores.

In	Chapter	4,	Validity,	I	have	substantially	expanded	my	treatment	of	content
validity.	I	emphasize	the	importance	of	maintaining	a	close	tie	between	the
variable	of	interest	and	the	measure	used	to	quantify	it.	I	also	discuss	the
potential	pitfalls	of	conceptualizing	a	variable	too	broadly.

In	Chapter	5,	Guidelines	in	Scale	Development,	I	have	given	a	few	issues	either
greater	emphasis	or	provided	somewhat	more	detail.	I	have	also	tried	to	link	the
practical	issues	on	which	this	chapter	focuses	to	some	of	the	conceptual	issues
raised	in	other	chapters.

In	Chapter	6,	Factor	Analysis,	I	again	faced	the	dilemma	of	balancing	substantial
new	activities	in	the	field	with	keeping	things	accessible	and	reader-friendly.	In
the	end,	I	chose	to	add	a	new	section	on	the	bifactor	model.	I	did	so	because	it
seems	to	be	coming	into	wider	use	for	assessing	complex	variables	comprising
both	more	general	and	more	specific	aspects.	My	coverage	is	not	aimed	at
making	readers	capable	analysts	but	of	understanding	why	they	may	encounter
this	model	(and	the	conceptually	similar	hierarchical	factor	model)	in	their
reading.	Especially	in	approaches	based	in	item	response	theory,	bifactor	models
can	serve	a	specific	purpose	(helping	to	establish	unidimensionality)	that	I	felt
deserved	some	explanation.

Chapter	7	again	provides	An	Overview	of	Item	Response	Theory.	As	
I	did	with	Chapter	6,	I	faced	a	decision	regarding	what	to	include,	wanting	to
add	a	bit	more	detail	while	maintaining	the	overall	tone	of	the	book.	I	chose	to
introduce	a	new	discussion	of	theta,	that	is,	the	strength	of	the	attribute	that	is
being	assessed,	and	its	role	in	computerized	adaptive	testing	(CAT).	Not	only	is



CAT	becoming	more	widespread	but,	in	some	respects,	it	serves	as	a	concise
means	for	summarizing	some	of	the	differences	between	IRT	and	classical
approaches	to	measurement.

Chapter	8	again	discusses	Measurement	in	the	Broader	Context.	As	I	thought
about	many	of	the	changes	in	measurement	approaches	that	have	occurred	since
the	appearance	of	the	first	edition	of	this	book,	I	was	struck	by	the	fact	that	many
of	them	have	come	about	as	a	result	of	large-scale	measurement	efforts.	Those
efforts	are	worthwhile	and	important	but	are	probably	not	the	type	of
measurement	in	which	most	researchers	will	engage.	Therefore,	I	felt	that	it
would	be	useful	to	contrast	“small	measurement”	from	“big	measurement.”	In
doing	so,	I	emphasize	that	both	are	capable	of	providing	meaningful	information
and	that	each	has	its	own	advantages	and	disadvantages.	I	also	emphasize	that
keeping	those	differences	in	mind	from	the	outset	of	a	measurement	project	will
often	increase	the	likelihood	of	success	and	can	also	make	the	task	considerably
easier	in	various	ways.

I	have	also	added	additional	exercises	at	the	ends	of	the	chapters.	I	hope	that
these	will	help	readers	assess	their	understanding	of	the	material	and	also
stimulate	discussion	of	important	issues.

I	have	retained	the	features	that	readers	have	found	most	helpful	in	the	earlier
editions.	This	means	that	the	focus	remains	primarily	on	concepts	rather	than
computation.	As	in	earlier	editions,	the	limited	space	I	devote	to	formulas	should
help	readers	see	beyond	the	Greek	letters	and	symbols	to	understand	what
concepts	those	formulas	express.	Whenever	possible,	I	use	analogies	to	explain
relationships	among	concepts,	a	stylistic	approach	that	past	readers	have	told	me
was	helpful.	So,	while	more	advanced	material	has	been	added	in	the	interest	of
keeping	readers	abreast	of	new	trends	in	measurement,	I	have	done	my	best	to
maintain	the	accessibility	and	reader-friendliness	of	the	previous	editions.

Acknowledgments
SAGE	Publishing	wishes	to	acknowledge	the	valuable	contributions	of	the
following	reviewers:	Jorie	Colbert-Gertz,	Johns	Hopkins	School	of	Education;
Stephen	W.	Dittmore,	University	of	Arkansas;	Gary	D.	Ellis,	Texas	A&M
University;	Justin	H.	Gross,	University	of	Massachusetts	Amherst;	Benjamin	D.
Hill,	University	of	South	Alabama;	and	Joseph	C.	Kush,	Duquesne	University.



About	the	Author

Prior	to	retiring	in	2012,	Robert	F.	DeVellis	was	professor	in	the	Department	of
Health	Behavior	(Gillings	School	of	Global	Public	Health)	at	the	University	of
North	Carolina	at	Chapel	Hill.	Dr.	DeVellis	has	more	than	35	years	of	experience
in	the	measurement	of	psychological	and	social	variables.	He	has	been	an	active
member	of	the	Patient-Reported	Outcomes	Measurement	Information	System
(PROMIS)	consortium,	a	multisite	National	Institutes	of	Health	(NIH)	Roadmap
initiative	directed	at	identifying,	modifying,	testing,	and	disseminating	outcome
measures	for	use	by	NIH	investigators.	His	role	in	PROMIS	was	as	network-
wide	domain	chair	for	Social	Outcomes.	He	has	served	on	the	Board	of	Directors
for	the	American	Psychological	Association’s	Division	of	Health	Psychology
(38),	on	the	Arthritis	Foundation’s	Clinical/Outcomes/Therapeutics	Research
Study	Section,	and	on	the	Advisory	Board	of	the	Veterans	Affairs	Measurement
Excellence	Initiative.	He	is	the	recipient	of	the	2005	Distinguished	Scholar
Award	from	the	Association	of	Rheumatology	Health	Professionals	and	is	an
associate	editor	of	Arthritis	Care	and	Research.	In	addition,	he	has	served	as
guest	editor,	guest	associate	editor,	or	reviewer	for	more	than	two	dozen	other
journals.	He	has	served	as	principal	investigator	or	co-investigator	since	the
early	1980s	on	a	series	of	research	projects	funded	by	the	federal	government
and	private	foundations.	He	remains	intellectually	active	in	his	editorial	role	and
as	a	consultant	on	a	variety	of	projects.



1	Overview

Measurement	is	of	vital	concern	across	a	broad	range	of	social	research	contexts.
For	example,	consider	the	following	hypothetical	situations:

1.	 A	health	psychologist	faces	a	common	dilemma:	The	measurement	scale
she	needs	apparently	does	not	exist.	Her	study	requires	that	she	have	a
measure	that	can	differentiate	between	what	individuals	want	to	happen	and
what	they	expect	to	happen	when	they	see	a	physician.	Her	research	shows
that	previous	studies	used	scales	that	inadvertently	confounded	these	two
ideas.	No	existing	scales	appear	to	make	this	distinction	in	precisely	the
way	that	she	would	like.	Although	she	could	fabricate	a	few	questions	that
seem	to	tap	the	distinction	between	what	one	wants	and	expects,	she
worries	that	“made-up”	items	might	not	be	reliable	or	valid	indicators	of
these	concepts.

2.	 An	epidemiologist	is	unsure	how	to	proceed.	He	is	performing	secondary
analyses	on	a	large	data	set	based	on	a	national	health	survey.	He	would	like
to	examine	the	relationship	between	certain	aspects	of	perceived
psychological	stress	and	health	status.	Although	no	set	of	items	intended	as
a	stress	measure	was	included	in	the	original	survey,	several	items
originally	intended	to	measure	other	variables	appear	to	tap	content	related
to	stress.	It	might	be	possible	to	pool	these	items	into	a	reliable	and	valid
measure	of	psychological	stress.	However,	if	the	pooled	items	constitute	a
poor	measure	of	stress,	the	investigator	might	reach	erroneous	conclusions.

3.	 A	marketing	team	is	frustrated	in	its	attempts	to	plan	a	campaign	for	a	new
line	of	high-priced	infant	toys.	Focus	groups	have	suggested	that	parents’
purchasing	decisions	are	strongly	influenced	by	the	apparent	educational
relevance	of	toys	of	this	sort.	The	team	suspects	that	parents	who	have	high
educational	and	career	aspirations	for	their	infants	will	be	more	attracted	to
this	new	line	of	toys.	Therefore,	the	team	would	like	to	assess	these
aspirations	among	a	large	and	geographically	dispersed	sample	of	parents.
Additional	focus	groups	are	judged	to	be	too	cumbersome	for	reaching	a
sufficiently	large	sample	of	consumers.

In	each	of	these	situations,	people	interested	in	some	substantive	area	have	come
head	to	head	with	a	measurement	problem.	None	of	these	researchers	is
interested	primarily	in	measurement	per	se.	However,	each	must	find	a	way	to



quantify	a	particular	phenomenon	before	tackling	the	main	research	objective.	In
each	case,	“off-the-shelf”	measurement	tools	are	either	inappropriate	or
unavailable.	All	the	researchers	recognize	that	adopting	haphazard	measurement
approaches	runs	the	risk	of	yielding	inaccurate	data.	Developing	their	own
measurement	instruments	seems	to	be	the	only	remaining	option.

Many	social	science	researchers	have	encountered	similar	problems.	One	all-too-
common	response	to	these	types	of	problems	is	reliance	on	existing	instruments
of	questionable	suitability.	Another	is	to	assume	that	newly	developed
questionnaire	items	that	“look	right”	will	do	an	adequate	measurement	job.
Uneasiness	or	unfamiliarity	with	methods	for	developing	reliable	and	valid
instruments	and	the	inaccessibility	of	practical	information	on	this	topic	are
common	excuses	for	weak	measurement	strategies.	Attempts	at	acquiring	scale
development	skills	may	lead	a	researcher	either	to	arcane	sources	intended
primarily	for	measurement	specialists	or	to	information	too	general	to	be	useful.
This	volume	is	intended	as	an	alternative	to	those	choices.

General	Perspectives	on	Measurement
Measurement	is	a	fundamental	activity	of	science.	We	acquire	knowledge	about
people,	objects,	events,	and	processes	by	observing	them.	Making	sense	of	these
observations	frequently	requires	that	we	quantify	them	(i.e.,	that	we	measure	the
things	in	which	we	have	a	scientific	interest).	The	process	of	measurement	and
the	broader	scientific	questions	it	serves	interact	with	each	other;	the	boundaries
between	them	are	often	imperceptible.	This	happens,	for	example,	when	a	new
entity	is	detected	or	refined	in	the	course	of	measurement	or	when	the	reasoning
involved	in	determining	how	to	quantify	a	phenomenon	of	interest	sheds	new
light	on	the	phenomenon	itself.	For	example,	Smith,	Earp,	and	DeVellis	(1995)
investigated	women’s	perceptions	of	battering.	An	a	priori	conceptual	model
based	on	theoretical	analysis	suggested	six	distinct	components	to	these
perceptions.	Empirical	work	aimed	at	developing	a	scale	to	measure	these
perceptions	indicated	that,	among	both	battered	and	nonbattered	women,	a	much
simpler	conceptualization	prevailed:	A	single	concept	thoroughly	explained	how
study	participants	responded	to	37	of	40	items	administered.	This	finding
suggests	that	what	researchers	saw	as	a	complex	constellation	of	variables	was
actually	perceived	by	women	living	in	the	community	as	a	single,	broader
phenomenon.	Thus,	in	the	course	of	devising	a	means	of	measuring	women’s
perceptions	about	battering,	we	discovered	something	new	about	the	structure	of



those	perceptions.

Duncan	(1984)	argues	that	the	roots	of	measurement	lie	in	social	processes	and
that	these	processes	and	their	measurement	actually	precede	science:	“All
measurement…	is	social	measurement.	Physical	measures	are	made	for	social
purposes”	(p.	35).	In	reference	to	the	earliest	formal	social	measurement
processes,	such	as	voting,	census	taking,	and	systems	of	job	advancement,
Duncan	notes	that	“their	origins	seem	to	represent	attempts	to	meet	everyday
human	needs,	not	merely	experiments	undertaken	to	satisfy	scientific	curiosity.”
He	goes	on	to	say	that	similar	processes

can	be	drawn	in	the	history	of	physics:	the	measurement	of	length	or
distance,	area,	volume,	weight	and	time	was	achieved	by	ancient	peoples	in
the	course	of	solving	practical,	social	problems;	and	physical	science	was
built	on	the	foundations	of	those	achievements.	(p.	106)

Whatever	the	initial	motives,	each	area	of	science	develops	its	own	set	of
measurement	procedures.	Physics,	for	example,	has	developed	specialized
methods	and	equipment	for	detecting	subatomic	particles.	Within	the
behavioral/social	sciences,	psychometrics	has	evolved	as	the	subspecialty
concerned	with	measuring	psychological	and	social	phenomena.	Typically,	the
measurement	procedure	used	is	the	questionnaire	and	the	variables	of	interest	are
part	of	a	broader	theoretical	framework.

Historical	Origins	of	Measurement	in	Social	Science

Early	Examples
Common	sense	and	the	historical	record	support	Duncan’s	claim	that	social
necessity	led	to	the	development	of	measurement	before	science	emerged.	No
doubt,	some	form	of	measurement	has	been	a	part	of	our	species’	repertoire	since
prehistoric	times.	The	earliest	humans	must	have	evaluated	objects,	possessions,
and	opponents	on	the	basis	of	characteristics	such	as	size.	Duncan	(1984)	cites
biblical	references	to	concerns	with	measurement	(e.g.,	“A	false	balance	is	an
abomination	to	the	Lord,	but	a	just	weight	is	a	delight,”	Proverbs	11:1)	and	notes
that	the	writings	of	Aristotle	refer	to	officials	charged	with	checking	weights	and



measures.	Anastasi	(1968)	notes	that	the	Socratic	method	employed	in	ancient
Greece	involved	probing	for	understanding	in	a	manner	that	might	be	regarded
as	knowledge	testing.	In	his	1964	essay,	P.	H.	DuBois	(reprinted	in	Barnette,
1976)	describes	the	use	of	civil	service	testing	as	early	as	2200	B.C.	in	China.
Wright	(1999)	cites	other	examples	of	the	importance	ascribed	in	antiquity	to
accurate	measurement,	including	the	“weight	of	seven”	on	which	7th-century
Muslim	taxation	was	based.	He	also	notes	that	some	have	linked	the	French
Revolution,	in	part,	to	peasants	being	fed	up	with	unfair	measurement	practices.

The	notion	that	measurement	can	entail	error	and	that	certain	steps	might	be
taken	to	reduce	that	error	is	a	more	recent	insight.	Buchwald	(2006),	in	his
review	of	measurement	discrepancies	and	their	impact	on	knowledge,	notes	that,
while	still	in	his	twenties	during	the	late	1660s	and	early	1670s,	Isaac	Newton
was	apparently	the	first	to	use	an	average	of	multiple	observations.	His	intent
was	to	produce	a	more	accurate	measurement	when	his	observations	of
astronomical	phenomena	yielded	discrepant	values.	Interestingly,	he	did	not
document	the	use	of	averages	in	his	initial	reports	but	concealed	his	reliance	on
them	for	decades.	This	concealment	may	have	stemmed	less	from	a	lack	of
integrity	than	from	a	limited	understanding	of	error	and	its	role	in	measurement.
Commenting	on	another	astronomer’s	similar	disdain	for	discrepant
observations,	Alder	(2002)	argues	that	even	in	the	late	1700s,	concealment	of
discrepancies	in	observation	“were	not	only	common,	they	were	considered	a
savant’s	prerogative.	It	was	error	that	was	seen	as	a	moral	failing”	(p.	301).
Buchwald	(2006)	makes	a	similar	observation:

[17th-	and	early	18th-century	scientists’]	way	of	working	regarded
differences	not	as	the	inevitable	byproducts	of	the	measuring	process	itself,
but	as	evidence	of	failed	or	inadequate	skill.	Error	in	measurement	was
potentially	little	different	from	faulty	behavior	of	any	kind:	it	could	have
moral	consequences,	and	it	had	to	be	managed	in	appropriate	ways.	(p.	566)

Astronomers	were	not	the	only	scientists	making	systematic	observations	of
natural	phenomena	in	the	late	1600s	and	early	1700s.	In	the	1660s,	John	Graunt
was	compiling	birth	and	death	rates	from	christening	and	burial	records	in
Hampshire,	England.	Graunt	used	an	averaging	procedure	(though	not	the	one	in
common	use	today)	to	summarize	his	findings.	According	to	Buchwald	(2006),
Graunt’s	motivation	for	this	averaging	was	to	capture	an	ephemeral	“true”	value.



The	notion	was	that	the	ratio	of	births	to	deaths	obeyed	some	law	of	nature	but
that	unpredictable	events	that	might	occur	in	any	given	year	would	mask	that
fundamental	truth.	This	view	of	observation	as	an	imperfect	window	into
nature’s	truths	suggests	a	growing	sophistication	in	how	measurement	was
viewed:	In	addition	to	the	observer’s	limitations,	other	factors	could	also	corrupt
empirically	gathered	information,	and	some	adjustments	of	those	values	might
more	accurately	reveal	the	true	nature	of	the	phenomenon	of	interest.

Despite	these	early	insights,	it	was	a	century	after	Newton’s	first	use	of	the
average	before	scientists	more	widely	recognized	that	all	measurements	were
prone	to	error	and	that	an	average	would	minimize	such	error	(Buchwald,	2006).
According	to	physicist	and	author	Leonard	Mlodinow	(2008),	in	the	late	18th
and	early	19th	centuries,	developments	in	astronomy	and	physics	forced
scientists	to	approach	random	error	more	systematically,	which	led	to	the
emergence	of	mathematical	statistics.	By	1777,	Daniel	Bernoulli	(nephew	of	the
more	famous	Jakob	Bernoulli)	compared	the	distributions	of	values	obtained
from	astronomical	observations	to	the	path	of	an	archer’s	arrows,	clumping
around	a	central	point	with	progressively	fewer	at	increasingly	greater	distances
from	that	center.	Although	the	theoretical	treatment	that	accompanied	that
observation	was	wrong	in	certain	respects,	it	marks	the	beginning	of	a	formal
analysis	of	error	in	measurement	(Mlodinow,	2008).	Buchwald	(2006)	argues
that	a	fundamental	shortcoming	of	18th-century	interpretations	of	measurement
error	was	a	failure	to	distinguish	between	random	and	systematic	error.	Not	until
the	dawning	of	the	next	century	would	a	more	incisive	understanding	of
randomness	emerge.	With	this	growing	understanding	of	randomness	came
advances	in	measurement;	and,	as	measurement	advanced,	so	did	science.

Emergence	of	Statistical	Methods	and	the	Role	of
Mental	Testing
Nunnally’s	(1978)	perspective	supports	the	view	that	a	more	sophisticated
understanding	of	randomness,	probability	and	statistics,	was	necessary	for
measurement	to	flourish.	He	argues	that,	although	systematic	observations	may
have	been	going	on,	the	absence	of	more	formal	statistical	methods	hindered	the
development	of	a	science	of	measuring	human	abilities	until	the	latter	half	of	the
19th	century.	The	eventual	development	of	suitable	statistical	methods	in	the
19th	century	was	set	in	motion	by	Darwin’s	work	on	evolution	and	his
observation	and	measurement	of	systematic	variation	across	species.	Darwin’s



cousin,	Sir	Francis	Galton,	extended	the	systematic	observation	of	differences	to
humans.	A	chief	concern	of	Galton	was	the	inheritance	of	anatomical	and
intellectual	traits.	Karl	Pearson,	regarded	by	many	as	the	“founder	of	statistics”
(e.g.,	Allen	&	Yen,	1979,	p.	3),	was	a	junior	colleague	of	Galton’s.	Pearson
developed	the	mathematical	tools—including	the	Product-Moment	Correlation
Coefficient	bearing	his	name—needed	to	systematically	examine	relationships
among	variables.	Scientists	could	then	quantify	the	extent	to	which	measurable
characteristics	were	interrelated.	Charles	Spearman	continued	in	the	tradition	of
his	predecessors	and	set	the	stage	for	the	subsequent	development	and
popularization	of	factor	analysis	in	the	early	20th	century.	It	is	noteworthy	that
many	of	the	early	contributors	to	formal	measurement	(including	Alfred	Binet,
who	developed	tests	of	mental	ability	in	France	in	the	early	1900s)	shared	an
interest	in	intellectual	abilities.	Hence,	much	of	the	early	work	in	psychometrics
was	applied	to	“mental	testing.”

The	Role	of	Psychophysics
Another	historical	root	of	modern	psychometrics	arose	from	psychophysics.	As
we	have	seen,	measurement	problems	were	common	in	astronomy	and	other
physical	sciences	and	were	a	source	of	concern	for	Sir	Isaac	Newton	(Buchwald,
2006).	Psychophysics	exists	at	the	juncture	of	psychology	and	physics	and
concerns	the	linkages	between	the	physical	properties	of	stimuli	and	how	they
are	perceived	by	humans.	Attempts	to	apply	the	measurement	procedures	of
physics	to	the	study	of	sensations	led	to	a	protracted	debate	regarding	the	nature
of	measurement.	Narens	and	Luce	(1986)	have	summarized	the	issues.	They
note	that	in	the	late	19th	century,	Helmholtz	observed	that	physical	attributes,
such	as	length	and	mass,	possessed	the	same	intrinsic	mathematical	structure	as
did	positive	real	numbers.	For	example,	units	of	length	or	mass	could	be	ordered
and	added	as	could	ordinary	numbers.	In	the	early	1900s,	the	debate	continued.
The	Commission	of	the	British	Association	for	the	Advancement	of	Science
regarded	fundamental	measurement	of	psychological	variables	to	be	impossible
because	of	the	problems	inherent	in	ordering	or	adding	sensory	perceptions.	S.	S.
Stevens	argued	that	strict	additivity,	as	would	apply	to	length	or	mass,	was	not
necessary	and	pointed	out	that	individuals	could	make	fairly	consistent	ratio
judgments	of	sound	intensity.	For	example,	they	could	judge	one	sound	to	be
twice	or	half	as	loud	as	another.	He	argued	that	this	ratio	property	enabled	the
data	from	such	measurements	to	be	subjected	to	mathematical	manipulation.
Stevens	is	credited	with	classifying	measurements	into	nominal,	ordinal,



interval,	and	ratio	scales.	Loudness	judgments,	he	argued,	conformed	to	a	ratio
scale	(Duncan,	1984).	At	about	the	time	that	Stevens	was	presenting	his
arguments	on	the	legitimacy	of	scaling	psychophysical	measures,	L.	L.
Thurstone	was	developing	the	mathematical	foundations	of	factor	analysis
(Nunnally,	1978).	Thurstone’s	interests	spanned	both	psychophysics	and	mental
abilities.	According	to	Duncan	(1984),	Stevens	credited	Thurstone	with	applying
psychophysical	methods	to	the	scaling	of	social	stimuli.	Thus,	his	work
represents	a	convergence	of	what	had	been	separate	historical	roots.

Later	Developments	in	Measurement

Evolution	of	Basic	Concepts
As	influential	as	Stevens	has	been,	his	conceptualization	of	measurement	is	by
no	means	the	final	word.	He	defined	measurement	as	the	“assignment	of
numerals	to	objects	or	events	according	to	rules”	(Duncan,	1984).	Duncan
challenged	this	definition	as

incomplete	in	the	same	way	that	“playing	the	piano	is	striking	the	keys	of
the	instrument	according	to	some	pattern”	is	incomplete.	Measurement	is
not	only	the	assignment	of	numerals,	etc.	It	is	also	the	assignment	of
numerals	in	such	a	way	as	to	correspond	to	different	degrees	of	a	quality…
or	property	of	some	object	or	event.	(p.	126)

Narens	and	Luce	(1986)	also	identified	limitations	in	Stevens’s	original
conceptualization	of	measurement	and	illustrated	a	number	of	subsequent
refinements.	However,	their	work	underscores	a	basic	point	made	by	Stevens:
Measurement	models	other	than	the	type	endorsed	by	the	Commission	(of	the
British	Association	for	the	Advancement	of	Science)	exist,	and	these	lead	to
measurement	methods	applicable	to	the	nonphysical	as	well	as	physical	sciences.
In	essence,	this	work	on	the	fundamental	properties	of	measures	has	established
the	scientific	legitimacy	of	the	types	of	measurement	procedures	used	in	the
social	sciences.

Evolution	of	Mental	Testing



Although,	traditionally,	mental	testing	(or	ability	testing,	as	it	is	now	more
commonly	known)	has	been	an	active	area	of	psychometrics,	it	is	not	a	primary
focus	of	this	volume.	Nonetheless,	it	bears	mention	as	a	source	of	significant
contributions	to	measurement	theory	and	methods.	A	landmark	publication,
Statistical	Theories	of	Mental	Test	Scores,	by	Frederic	M.	Lord	and	Melvin	R.
Novick,	first	appeared	in	1968	and	has	recently	been	reissued	(Lord	&	Novick,
2008).	This	volume	grew	out	of	the	rich	intellectual	activities	of	the
Psychometric	Research	Group	of	the	Educational	Testing	Service,	where	Lord
and	Novick	were	based.	This	impressive	text	summarized	much	of	what	was
known	in	the	area	of	ability	testing	at	the	time	and	was	among	the	first	cogent
descriptions	of	what	has	become	known	as	item	response	theory.	The	latter
approach	was	especially	well	suited	to	an	area	as	broad	as	mental	testing.	Many
of	the	advances	in	that	branch	of	psychometrics	are	less	common,	and	perhaps
less	easily	applied,	when	the	goal	is	to	measure	characteristics	other	than	mental
abilities.	Over	time,	the	applicability	of	these	methods	to	measurement	contexts
other	than	ability	assessment	has	become	more	apparent,	and	we	will	discuss
them	in	a	later	chapter.	Primarily,	however,	I	will	emphasize	the	“classical”
methods	that	largely	have	dominated	the	measurement	of	social	and
psychological	phenomena	other	than	abilities.	These	methods	are	generally	more
tractable	for	nonspecialists	and	can	yield	excellent	results.

Assessment	of	Mental	Illness
The	evolution	of	descriptions	of	mental	illness	has	a	separate	history	that
provides	a	useful	case	study	in	how	the	lack	of	a	guiding	measurement	model
can	complicate	assessment.	Over	the	centuries,	society’s	ability	to	recognize
different	types	of	mental	illness	has	evolved	from	completely	unsystematic
observation	toward	efforts	to	understand	relationships	among	symptoms,	causes,
and	treatments	that	are	compatible	with	more	formal	measurement.	It	has	been	a
challenging	journey.

Early	Roman,	Greek,	and	Egyptian	writings	equated	what	we	now	recognize	as
symptoms	of	mental	illness	with	demonic	possession	or	other	supernatural
circumstances	(e.g.,	PBS,	2002).	By	400	BC,	the	Greek	physician	Hippocrates
was	trying	to	understand	mental	conditions	as	arising	from	the	physiological
processes	that	were	the	primary	focus	of	his	scholarly	work	(PBS,	2002).	His
efforts	may	have	been	among	the	earliest	to	think	of	the	overt	indicators	of
mental	illness	in	terms	of	their	latent	causes.	However,	even	at	that	stage	and



well	beyond,	mental	illnesses	were	described	phenomenologically;	that	is,	the
manifestations	associated	with	mental	illness	were	merely	catalogued
descriptively	rather	than	understood	as	endpoints	in	a	sequence	with	one	or	more
clear,	underlying	causes.

Fairly	crude	methods	of	categorization	continued	for	more	than	a	millennium.
Tartakovsky	(2011)	has	summarized	how	mental	illness	was	categorized	for	U.S.
Census	purposes	as	early	as	the	mid-1800s.	In	the	1840	census,	a	single
category,	“idiocy/insanity,”	indicated	the	presence	of	a	mental	problem.	By
1880,	the	census	classification	scheme	had	expanded	to	the	following	categories:
mania,	melancholia,	monomania,	paresis,	dementia,	dipsomania,	and	epilepsy.
These	are	essentially	descriptions	of	abnormal	states	or	behaviors	(e.g.,
persistent	sadness,	excessive	drinking,	muscle	weakness,	or	convulsions)	rather
than	etiological	classifications.

Early	in	the	1880s,	German	psychiatrist	Emil	Kraepelin	began	to	differentiate
more	systematically	among	mental	disorders.	A	student	of	Wilhelm	Wundt,	who
is	credited	as	the	founder	of	experimental	psychology,	Kraepelin	was	also	a
physician	(Eysenck,	1968).	Thus	he	brought	two	different	perspectives	to	his
classifications	of	mental	illness.	In	1883,	he	published	Compendium	der
Psychiatric	(Kraepelin,	1883),	a	seminal	text	arguing	for	a	more	scientific
classification	of	psychiatric	illnesses	and	differentiating	between	dementia
praecox	and	manic	depressive	psychosis.	But,	again,	despite	his	efforts	to	invoke
explanations	for	these	illnesses,	his	early	diagnostic	categories	primarily	are
summary	descriptions	of	manifest	symptoms	that	tend	to	co-occur,	rather	than
cogent	etiological	explanations	(Decker,	2007).	Although	Kraepelin	advanced
the	scientific	approach	to	understanding	mental	illness,	the	tools	at	his	disposal
were	primitive,	and	in	the	end,	his	nosological	categories	were	still	largely
descriptive.	Decker	(2007)	assesses	his	legacy	as	follows:	“To	sum	up:	by
today’s	research	standards,	Kraepelin’s	record-keeping	and	deductions	would
raise	questions	about	preconceived	notions	and	observer	bias.	The	scientific
shortcomings	can	be	seen	in	Kraepelin’s	own	description	of	his	methods.	For	all
his	brilliance	in	categorical	formulations,	his	legacy	is	balanced	on	shaky
empirical	foundations”	(p.	341).

In	the	mid-20th	century,	American	psychiatry	tried	to	impose	greater	order	on
the	assessment	of	mental	illness.	By	the	time	of	the	appearance	of	the	Diagnostic
and	Statistical	Manual	of	Mental	Disorders	(DSM;	American	Psychiatric
Association	[APA],	1952),	the	prevailing	categorization	systems	attempted	to



classify	mental	illnesses	based	on	both	their	manifestations	and	their	etiologies,
as	in	the	case	of	acute	brain	trauma	or	alcoholism.	However,	more	subtle	notions
of	etiologies	for	conditions	not	linked	to	an	obvious	exogenous	cause	were	not
yet	well	developed	and	psychodynamic	causes	were	often	assumed.	The	term
applied	to	such	conditions	was	reactions,	presumably	to	psychic	stressors	of
unspecified	origins.	Again,	the	categorizations	primarily	were	descriptions	of
manifest	symptoms.	Although	DSM’s	system	of	classification	represented	clear
progress	beyond	earlier	systems,	it	still	fell	short	of	conforming	to	standards	of
modern	measurement.	Even	four	decades	later,	when	DSM-IV	(American
Psychiatric	Association,	2000)	appeared,	there	was	considerable	dissatisfaction
with	the	classification	system.	Psychologist	Paul	Meehl	(1999)	noted	that	the
problem	was	not	necessarily	with	the	use	of	categories	(some	hard	and	fast,
belong	or	don’t	belong,	categories	probably	did	exist,	he	argued)	but	the	absence
of	a	clear	rationale	for	assigning	people	to	them.	To	quote	Meehl	(1999),	“For
that	minority	of	DSM	rubrics	that	do	denote	real	taxonic	entities,	the	procedure
for	identifying	them	and	the	criteria	for	applying	them	lack	an	adequate
scientific	basis”	(p.	166).

The	prelude	to	and	eventual	appearance	of	DSM-V	in	2013	(American
Psychiatric	Association,	2013)	created	an	opportunity	for	the	reexamination	of
mental	health	classification.	Some	feel	that	the	team	working	on	the	revision
failed	to	capitalize	fully	on	that	opportunity.	As	noted,	a	feature	of	mental	health
classification	historically	is	that	it	has	sought	to	categorize	rather	than	scale.
That	is,	the	goal	has	been	to	describe	the	presence	or	absence	rather	than	the
degree	of	a	particular	condition.	Experience	suggests	that,	even	for	conditions,
such	as	schizophrenia,	that	Meehl	(1999)	was	willing	to	recognize	as	“taxonic”
(i.e.,	being	discrete	disorders	either	present	or	absent),	there	is	a	continuum	of
impairment	rather	than	an	all-or-none	state.	Yet	a	reliance	on	categorization
rather	than	scaling	persists.	In	many	cases,	this	has	involved	arbitrary	thresholds
for	signs	and	symptoms,	such	that	crossing	some	imaginary	line	of	severity
constituted	the	presence	of	a	condition	whereas	falling	just	short	of	that	line	did
not.	Also,	classifications	have	been	based	almost	exclusively	on	observations	of
manifest	symptoms	rather	than	assessments	of	key	signifiers	of	the	conditions,
such	as	the	presence	of	causal	pathogens,	a	genetic	marker,	or	an	abnormal	state
of	internal	chemistry	that	may	be	a	basis	for	assigning	a	physical	diagnosis.
When	work	began	(outside	of	public	view)	on	DSM-V,	many	hoped	it	would	be
a	bolder	revision	than	the	earlier	editions	and	would	apply	more	modern
assessment	approaches.	In	2005,	after	plans	for	a	revised	DSM	(which	would
become	DSM-V)	were	announced,	the	mental	health	scientific	community	began



to	voice	its	concerns.	A	special	issue	of	the	Journal	of	Abnormal	Psychology,	for
example,	focused	on	the	importance	and	utility	of	a	reconceptualization	of
psychopathology	based	on	identifying	fundamental	dimensions,	such	as
disordered	thought,	affect,	and	behavior,	that	give	rise	to	specific	mental	health
problems	(Kreuger,	Watson,	&	Barlow,	2005).	Kreuger	et	al.	(2005)	argued	that
this	approach	could	address	two	fundamental	empirical	shortcomings	of
category-based	classification	systems:	the	wide	prevalence	of	comorbidity	(i.e.,
individual	symptom	clusters	fitting	multiple	diagnoses)	and	the	extreme
heterogeneity	within	diagnoses	(i.e.,	individuals	assigned	the	same	diagnosis
sharing	few,	or	perhaps	no,	symptoms).	Researchers,	theoreticians,	and	even
philosophers	(e.g.,	Aragona,	2009)	pressed	for	a	reconceptualization	of	the
diagnosis	of	mental	illness	that	was	more	in	line	with	empirical	work	such	as
modern	measurement	approaches.	Despite	these	efforts,	however,	the	American
Psychiatric	Association	issued	DSM-V	in	a	form	that	retained	the	basic
categorization	system	used	in	earlier	editions.	This	prompted	Thomas	Insel,
Director	of	the	National	Institute	of	Mental	Health	(NIMH),	to	issue	a	statement
on	his	blog	(Insel,	2013)	saying	that	NIMH	would	no	longer	structure	its
research	efforts	around	DSM	categories	and	was	undertaking	a	10-year	effort,	the
Research	Domain	Criteria	(RDoC)	project,	to	reconceptualize	mental	illness.
Insel	(2013)	characterized	this	effort	by	saying	that	“RDoC	is	a	framework	for
collecting	the	data	needed	for	a	new	nosology.	But	it	is	critical	to	realize	that	we
cannot	succeed	if	we	use	DSM	categories	as	the	‘gold	standard.’”	The	following
month	Insel	issued	a	joint	press	release	with	the	then–president	elect	of	the
American	Psychiatric	Association,	Jeffrey	A.	Lieberman.	In	that	release,	they
observed	the	following:

Today,	the	American	Psychiatric	Association’s	(APA)	Diagnostic	and
Statistical	Manual	of	Mental	Disorders	(DSM),	along	with	the	International
Classification	of	Diseases	(ICD)	represents	the	best	information	currently
available	for	clinical	diagnosis	of	mental	disorders….

Yet,	what	may	be	realistically	feasible	today	for	practitioners	is	no	longer
sufficient	for	researchers.	Looking	forward,	laying	the	groundwork	for	a
future	diagnostic	system	that	more	directly	reflects	modern	brain	science
will	require	openness	to	rethinking	traditional	categories.	It	is	increasingly
evident	that	mental	illness	will	be	best	understood	as	disorders	of	brain
structure	and	function	that	implicate	specific	domains	of	cognition,
emotion,	and	behavior.	This	is	the	focus	of	the	NIMH’s	Research	Domain



Criteria	(RDoC)	project.	(Insel	&	Lieberman,	2013)

In	October	2015,	Insel	resigned	his	post	at	NIMH	(Insel,	2015)	to	accept	a
position	at	the	Life	Sciences	division	of	Alphabet,	the	umbrella	company	formed
as	part	of	Google’s	structural	reorganization.	One	of	the	factors	Insel	mentioned
as	influencing	his	decision	was	his	hope	of	bringing	a	more	organized	approach
to	mental	health	classification.	As	he	stated	in	an	interview	for	MIT	Technology
Review,	his	move	to	Alphabet,	in	part,	represented	his	“trying	to	figure	out	a
better	way	to	bring	data	analytics	to	psychiatry.	The	diagnostic	system	we	have
is	entirely	symptom	based	and	fairly	subjective”	(Regalado,	2015).	Many	hope
the	work	Insel	does	at	Alphabet	will	promote	a	modernization	of	psychiatric
assessment	to	make	it	more	compatible	with	modern	measurement	standards.

Broadening	the	Domain	of	Psychometrics
Duncan	(1984)	notes	that	the	impact	of	psychometrics	in	the	social	sciences	has
transcended	its	origins	in	the	measurement	of	sensations	and	intellectual
abilities.	Psychometrics	clearly	has	emerged	as	a	methodological	paradigm	in	its
own	right.	Duncan	supports	this	argument	with	three	examples	of	the	impact	of
psychometrics:	(1)	the	widespread	use	of	psychometric	definitions	of	reliability
and	validity,	(2)	the	popularity	of	factor	analysis	in	social	science	research,	and
(3)	the	adoption	of	psychometric	methods	for	developing	scales	measuring	an
array	of	variables	far	broader	than	those	with	which	psychometrics	was	initially
concerned	(p.	203).	The	applicability	of	psychometric	concepts	and	methods	to
the	measurement	of	diverse	psychological	and	social	phenomena	will	occupy	our
attention	for	the	remainder	of	this	volume.

The	Role	of	Measurement	in	the	Social	Sciences

The	Relationship	of	Theory	to	Measurement
The	phenomena	we	try	to	measure	in	social	science	research	often	derive	from
theory.	Consequently,	theory	plays	a	key	role	in	how	we	conceptualize	our
measurement	problems.	In	fact,	Lord	and	Novick	(2008)	ascribe	theoretical
issues	an	important	role	in	the	development	of	measurement	theory.
Theoreticians	were	concerned	that	estimates	of	relationships	between	constructs



of	interest	were	generally	obtained	by	correlating	indicators	of	those	constructs.
Because	those	indicators	contained	error,	the	resultant	correlations	were	an
underestimate	of	the	actual	relationship	between	the	constructs.	This	motivated
the	development	of	methods	of	adjusting	correlations	for	error-induced
attenuation	and	stimulated	the	development	of	measurement	theory	as	a	distinct
area	of	concentration	(p.	69).

Of	course,	many	areas	of	science	measure	things	derived	from	theory.	Until	a
subatomic	particle	is	confirmed	through	measurement,	it	too	is	merely	a
theoretical	construct.	However,	theory	in	psychology	and	other	social	sciences	is
different	from	theory	in	the	physical	sciences.	Social	scientists	tend	to	rely	on
numerous	theoretical	models	that	concern	rather	narrowly	circumscribed
phenomena,	whereas	theories	in	the	physical	sciences	are	fewer	in	number	and
more	comprehensive	in	scope.	Festinger’s	(1954)	social	comparison	theory,	for
example,	focuses	on	a	rather	narrow	range	of	human	experience:	the	way	people
evaluate	their	own	abilities	or	opinions	by	comparing	themselves	with	others.	In
contrast,	physicists	continue	to	work	toward	a	grand	unified	field	theory	that	will
embrace	all	the	fundamental	forces	of	nature	within	a	single	conceptual
framework.	Also,	the	social	sciences	are	less	mature	than	the	physical	sciences,
and	their	theories	are	evolving	more	rapidly.	Measuring	elusive,	intangible
phenomena	derived	from	multiple,	evolving	theories	poses	a	clear	challenge	to
social	science	researchers.	Therefore,	it	is	especially	important	to	be	mindful	of
measurement	procedures	and	to	fully	recognize	their	strengths	and	shortcomings.

The	more	researchers	know	about	the	phenomena	in	which	they	are	interested,
the	abstract	relationships	that	exist	among	hypothetical	constructs,	and	the
quantitative	tools	available	to	them,	the	better	equipped	they	are	to	develop
reliable,	valid,	and	usable	scales.	Detailed	knowledge	of	the	specific
phenomenon	of	interest	is	probably	the	most	important	of	these	considerations.
For	example,	social	comparison	theory	has	many	aspects	that	may	imply
different	measurement	strategies.	One	research	question	might	require
operationalizing	social	comparisons	as	relative	preference	for	information	about
higher-	or	lower-status	others,	while	another	might	dictate	ratings	of	self	relative
to	the	“typical	person”	on	various	dimensions.	Different	measures	capturing
distinct	aspects	of	the	same	general	phenomenon	(e.g.,	social	comparison)	thus
may	not	yield	convergent	results	(DeVellis	et	al.,	1990).	In	essence,	the	measures
are	assessing	different	variables	despite	the	use	of	a	common	variable	name	in
their	descriptions.	Consequently,	developing	a	measure	that	is	optimally	suited	to
the	research	question	requires	understanding	the	subtleties	of	the	theory.



Different	variables	call	for	different	assessment	strategies.	Number	of	tokens
taken	from	a	container,	for	example,	can	be	observed	directly.	Many—arguably,
most—of	the	variables	of	interest	to	social	and	behavioral	scientists	are	not
directly	observable;	beliefs,	motivational	states,	expectancies,	needs,	emotions,
and	social	role	perceptions	are	but	a	few	examples.	Certain	variables	cannot	be
directly	observed	but	can	be	determined	by	research	procedures	other	than
questionnaires.	For	example,	although	cognitive	researchers	cannot	directly
observe	how	individuals	organize	information	about	gender	into	their	self
schemas,	they	may	be	able	to	use	recall	procedures	to	make	inferences	about
how	individuals	structure	their	thoughts	about	self	and	gender.	There	are	many
instances,	however,	in	which	it	is	impossible	or	impractical	to	assess	social
science	variables	with	any	method	other	than	a	paper-and-pencil	measurement
scale.	This	is	often,	but	not	always,	the	case	when	we	are	interested	in	measuring
theoretical	constructs.	Thus,	an	investigator	interested	in	measuring	androgyny
may	find	it	far	easier	to	do	so	by	means	of	a	carefully	developed	questionnaire
than	by	some	alternative	procedure.

Theoretical	and	Atheoretical	Measures
At	this	point,	we	should	acknowledge	that	although	this	book	focuses	on
measures	of	theoretical	constructs,	not	all	paper-and-pencil	assessments	need	be
theoretical.	Sex	and	age,	for	example,	can	be	ascertained	from	self-report	by
means	of	a	questionnaire.	Depending	on	the	research	question,	these	two
variables	can	be	components	of	a	theoretical	model	or	simply	part	of	a
description	of	a	study’s	participants.	Some	contexts	in	which	people	are	asked	to
respond	to	a	list	of	questions	using	a	paper-and-pencil	format,	such	as	an
assessment	of	hospital	patient	meal	preferences,	have	no	theoretical	foundation.
In	other	cases,	a	study	may	begin	atheoretically	but	result	in	the	formulation	of
theory.	For	example,	a	market	researcher	might	ask	parents	to	list	the	types	of
toys	they	have	bought	for	their	children.	Subsequently,	the	researcher	might
explore	these	listings	for	patterns	of	relationships.	Based	on	the	observed
patterns	of	toy	purchases,	the	researcher	may	develop	a	model	of	purchasing
behavior.	Public	opinion	questionnaires	are	another	example	of	relatively
atheoretical	measurement.	Asking	people	which	brand	of	soap	they	use	or	for
whom	they	intend	to	vote	seldom	involves	any	attempt	to	tap	an	underlying
theoretical	construct.	Rather,	the	interest	is	in	the	subject’s	response	per	se,	not	in
some	characteristic	of	the	person	it	is	presumed	to	reflect.



Distinguishing	between	theoretical	and	atheoretical	measurement	situations	can
be	difficult	at	times.	For	example,	seeking	a	voter’s	preference	in	presidential
candidates	as	a	means	of	predicting	the	outcome	of	an	election	amounts	to
asking	a	respondent	to	report	his	or	her	behavioral	intention.	An	investigator
may	ask	people	how	they	plan	to	vote	not	out	of	an	interest	in	voter	decision-
making	processes	but	merely	to	anticipate	the	eventual	election	results.	If,	on	the
other	hand,	the	same	question	is	asked	in	the	context	of	examining	how	attitudes
toward	specific	issues	affect	candidate	preference,	a	well-elaborated	theory	may
underlie	the	research.	The	information	about	voting	is	not	intended	in	this	case	to
reveal	how	the	respondent	will	vote	but	to	shed	light	on	individual
characteristics.	In	these	two	instances	the	relevance	or	irrelevance	of	the	measure
to	theory	is	a	matter	of	the	investigator’s	intent,	not	the	procedures	used.	Readers
interested	in	learning	more	about	constructing	survey	questionnaires	that	are	not
primarily	concerned	with	measuring	hypothetical	constructs	are	referred	to
Converse	and	Presser	(1986);	Czaja	and	Blair	(1996);	Dillman	(2007);	Fink
(1995);	Fowler	(2009);	and	Weisberg,	Krosnick,	and	Bowen	(1996).

Measurement	Scales
Measurement	instruments	that	are	collections	of	items	combined	into	a
composite	score	and	intended	to	reveal	levels	of	theoretical	variables	not	readily
observable	by	direct	means	are	often	referred	to	as	scales.	We	develop	scales
when	we	want	to	measure	phenomena	that	we	believe	to	exist	because	of	our
theoretical	understanding	of	the	world	but	that	we	cannot	assess	directly.	For
example,	we	may	invoke	depression	or	anxiety	as	explanations	for	behaviors	we
observe.	Most	theoreticians	would	agree	that	depression	or	anxiety	is	not
equivalent	to	the	behavior	we	see	but	underlies	it.	Our	theories	suggest	that	these
phenomena	exist	and	that	they	influence	behavior	but	that	they	are	intangible.
Sometimes,	it	may	be	appropriate	to	infer	their	existence	from	their	behavioral
consequences.	However,	at	other	times,	we	may	not	have	access	to	behavioral
information	(as	when	we	are	restricted	to	mail	survey	methodologies),	may	not
be	sure	how	to	interpret	available	samples	of	behavior	(as	when	a	person
remains	passive	in	the	face	of	an	event	that	most	others	would	react	to	strongly),
or	may	be	unwilling	to	assume	that	behavior	is	isomorphic	with	the	underlying
construct	of	interest	(as	when	we	suspect	that	crying	is	the	result	of	joy	rather
than	sadness).	In	instances	when	we	cannot	rely	on	behavior	as	an	indication	of	a
phenomenon,	it	may	be	more	useful	to	assess	the	construct	by	means	of	a
carefully	constructed	and	validated	scale.



Even	among	theoretically	derived	variables,	there	is	an	implicit	continuum
ranging	from	relatively	concrete	and	accessible	to	relatively	abstract	and
inaccessible	phenomena.	Not	all	will	require	multi-item	scales.	Age	and	gender
certainly	have	relevance	to	many	theories	but	rarely	require	a	multi-item	scale
for	accurate	assessment.	People	know	their	age	and	gender.	These	variables,	for
the	most	part,	are	linked	to	concrete,	relatively	unambiguous	characteristics
(e.g.,	morphology)	or	events	(e.g.,	date	of	birth).	Unless	some	special
circumstance	such	as	a	neurological	impairment	is	present,	respondents	can
retrieve	information	about	their	age	and	gender	from	memory	quite	easily.	They
can	respond	with	a	high	degree	of	accuracy	to	a	single	question	assessing	a
variable	such	as	these.	Ethnicity	arguably	is	more	complex	and	abstract	than	age
or	gender.	It	typically	involves	a	combination	of	physical,	cultural,	and	historical
factors.	As	a	result,	it	is	less	tangible—more	of	a	social	construction—than	age
or	gender.	Although	the	mechanisms	involved	in	defining	one’s	ethnicity	may	be
complex	and	unfold	over	an	extended	period	of	time,	most	individuals	have
arrived	at	a	personal	definition	and	can	report	their	ethnicity	with	little	reflection
or	introspection.	Thus,	a	single	variable	may	suffice	for	assessing	ethnicity	under
most	circumstances.	(This	may	change,	however,	as	our	society	becomes
progressively	more	multiethnic	and	as	individuals	define	their	personal	ethnicity
in	terms	of	multiple	ethnic	groups	reflecting	their	ancestry.)	Many	other
theoretical	variables,	however,	require	a	respondent	to	reconstruct,	interpret,
judge,	compare,	or	evaluate	less	accessible	information.	For	example,	measuring
how	married	people	believe	their	lives	would	be	different	if	they	had	chosen	a
different	spouse	probably	would	require	substantial	mental	effort,	and	one	item
may	not	capture	the	complexity	of	the	phenomenon	of	interest.	Under	conditions
such	as	these,	a	scale	may	be	a	more	appropriate	assessment	tool.	Multiple	items
may	capture	the	essence	of	such	a	variable	with	a	degree	of	precision	that	a
single	item	could	not	attain.	It	is	precisely	this	type	of	variable—one	that	is	not
directly	observable	and	that	involves	thought	on	the	part	of	the	respondent—that
is	most	appropriately	assessed	by	means	of	a	scale.

A	scale	should	be	contrasted	to	other	types	of	multi-item	measures	that	yield	a
composite	score.	The	distinctions	among	these	different	types	of	item
composites	are	of	both	theoretical	and	practical	importance,	as	later	chapters	will
reveal.	As	the	terms	are	used	in	this	volume,	a	scale	consists	of	what	Bollen
(1989,	pp.	64–65;	see	also	Loehlin,	1998,	pp.	200–202)	refers	to	as	“effect
indicators”—that	is,	items	whose	values	are	caused	by	an	underlying	construct
(or	latent	variable,	as	we	shall	refer	to	it	in	the	next	chapter).	A	measure	of
depression	often	conforms	to	the	characteristics	of	a	scale,	with	the	responses	to



individual	items	sharing	a	common	cause—namely,	the	affective	state	of	the
respondent.	Thus,	how	someone	responds	to	items	such	as	“I	feel	sad”	and	“My
life	is	joyless”	probably	is	largely	determined	by	that	person’s	feelings	at	the
time.	I	will	use	the	term	index,	on	the	other	hand,	to	describe	sets	of	items	that
are	cause	indicators—that	is,	items	that	determine	the	level	of	a	construct.	A
measure	of	presidential	candidate	appeal,	for	example,	might	fit	the
characteristics	of	an	index.	The	items	might	assess	a	candidate’s	geographical
residence,	family	size,	physical	attractiveness,	ability	to	inspire	campaign
workers,	and	potential	financial	resources.	Although	these	characteristics
probably	do	not	share	any	common	cause,	they	might	all	share	an	effect—
increasing	the	likelihood	of	a	successful	presidential	campaign.	The	items	are
not	the	result	of	any	one	thing,	but	they	determine	the	same	outcome.	A	more
general	term	for	a	collection	of	items	that	one	might	aggregate	into	a	composite
score	is	emergent	variable	(e.g.,	Cohen,	Cohen,	Teresi,	Marchi,	&	Velez,	1990),
which	includes	collections	of	entities	that	share	certain	characteristics	and	can	be
grouped	under	a	common	category	heading.	Grouping	them	together,	however,
does	not	necessarily	imply	any	causal	linkage.	Sentences	beginning	with	a	word
having	fewer	than	five	letters,	for	example,	can	easily	be	categorized	together
although	they	share	neither	a	common	cause	nor	a	common	effect.	An	emergent
variable	“pops	up”	merely	because	someone	or	something	(such	as	a	data
analytic	program)	perceives	some	type	of	similarity	among	the	items	in	question.

All	Scales	Are	Not	Created	Equal
Regrettably,	not	all	item	composites	are	developed	carefully.	For	many,	assembly
may	be	a	more	appropriate	term	than	development.	Researchers	often	throw
together	or	dredge	up	items	and	assume	they	constitute	a	suitable	scale.	These
researchers	may	give	no	thought	to	whether	the	items	share	a	common	cause
(thus	constituting	a	scale),	share	a	common	consequence	(thus	constituting	an
index),	or	merely	are	examples	of	a	shared	superordinate	category	that	does	not
imply	either	a	common	causal	antecedent	or	consequence	(thus	constituting	an
emergent	variable).

A	researcher	not	only	may	fail	to	exploit	theory	in	developing	a	scale	but	also
may	reach	erroneous	conclusions	about	a	theory	by	misinterpreting	what	a	scale
measures.	An	unfortunate	but	distressingly	common	occurrence	is	the	conclusion
that	some	construct	is	unimportant	or	that	some	theory	is	inconsistent	based	on
the	performance	of	a	measure	that	may	not	reflect	the	variable	assumed	by	the



investigator.	Why	might	this	happen?	Rarely	in	research	do	we	directly	examine
relationships	among	variables.	As	noted	earlier,	many	interesting	variables	are
not	directly	observable,	a	fact	we	can	easily	forget.	More	often,	we	assess
relationships	among	proxies	(such	as	scales)	that	are	intended	to	represent	the
variables	of	interest.	The	observable	proxy	and	the	unobservable	variable	may
become	confused.	For	example,	variables	such	as	blood	pressure	and	body
temperature,	at	first	consideration,	appear	to	be	directly	observable,	but	what	we
actually	observe	are	proxies,	such	as	a	column	of	mercury.	Our	conclusions
about	the	variables	assume	that	the	observable	proxies	are	closely	linked	to	the
underlying	variables	they	are	intended	to	represent.	Such	is	the	case	for	a
thermometer;	we	describe	the	level	of	the	mercury	in	a	thermometer	as	“the
temperature”	even	though,	strictly	speaking,	it	is	merely	a	visible	manifestation
of	temperature	(i.e.,	thermal	energy).	In	this	case,	where	the	two	closely
correspond,	the	consequences	of	referring	to	the	measurement	(scale	value	that
the	mercury	attains)	as	the	variable	(amount	of	thermal	energy)	are	nearly
always	inconsequential.	When	the	relationship	between	the	variable	and	its
indicator	is	weaker	than	in	the	thermometer	example,	confusing	the	measure
with	the	phenomenon	it	is	intended	to	reveal	can	lead	to	erroneous	conclusions.
Consider	a	hypothetical	situation	in	which	an	investigator	wishes	to	perform	a
secondary	analysis	on	an	existing	data	set.	Let	us	assume	that	our	investigator	is
interested	in	the	role	of	social	support	on	subsequent	professional	attainment.
The	investigator	observes	that	the	available	data	set	contains	a	wealth	of
information	on	subjects’	professional	statuses	over	an	extended	period	of	time
and	that	subjects	were	asked	whether	they	were	married.	In	fact,	there	may	be
several	items,	collected	at	various	times,	that	pertain	to	marriage.	Let	us	further
assume	that,	in	the	absence	of	any	data	providing	a	more	detailed	assessment	of
social	support,	the	investigator	decides	to	sum	these	marriage	items	into	a
“scale”	and	to	use	this	as	a	measure	of	support.	Most	social	scientists	would
agree	that	equating	social	support	with	marital	status	is	not	justified.	The	latter
both	omits	important	aspects	of	social	support	(e.g.,	the	perceived	quality	of
support	received)	and	includes	potentially	irrelevant	factors	(e.g.,	status	as	a
child	too	young	to	have	married	versus	an	adult	of	an	age	suitable	for	marriage
at	the	time	of	measurement).	If	this	hypothetical	investigator	concluded,	on	the
basis	of	this	assessment	method,	that	social	support	played	no	role	in
professional	attainment,	that	conclusion	might	be	completely	wrong.	In	fact,	the
comparison	was	between	marital	status	and	professional	attainment	(or,	more
precisely,	indicators	of	these	variables).	Only	if	marriage	actually	indicated	level
of	support	would	the	conclusion	about	support	and	professional	attainment	be
valid.



Costs	of	Poor	Measurement
Even	if	a	poor	measure	is	the	only	one	available,	the	costs	of	using	it	may	be
greater	than	any	benefits	attained.	Situations	are	rare	in	the	social	sciences	in
which	an	immediate	decision	must	be	made	in	order	to	avoid	dire	consequences
and	one	has	no	other	choice	but	to	make	do	with	the	best	instruments	available.
Even	in	these	rare	instances,	however,	the	inherent	problems	of	using	poor
measures	to	assess	constructs	do	not	vanish.	Using	a	measure	that	does	not
assess	what	one	presumes	can	lead	to	wrong	decisions.	Does	this	mean	that	we
should	use	only	measurement	tools	that	have	undergone	rigorous	development
and	extensive	validation	testing?	Although	imperfect	measurement	may	be	better
than	no	measurement	at	all	in	some	situations,	we	should	recognize	when	our
measurement	procedures	are	flawed	and	temper	our	conclusions	accordingly.

Often,	an	investigator	will	consider	measurement	as	secondary	to	more
important	scientific	issues	that	motivate	a	study	and,	thus,	the	researcher	will
attempt	to	economize	by	skimping	on	measurement.	However,	adequate
measures	are	a	necessary	condition	for	valid	research.	Investigators	should	strive
for	an	isomorphism	between	the	theoretical	constructs	in	which	they	have	an
interest	and	the	methods	of	measurement	they	use	to	operationalize	them.	Poor
measurement	imposes	an	absolute	limit	on	the	validity	of	the	conclusions	one
can	reach.	For	an	investigator	who	prefers	to	pay	as	little	attention	to
measurement	and	as	much	to	substantive	issues	as	possible,	an	appropriate
strategy	might	be	to	get	the	measurement	part	of	the	investigation	correct	from
the	very	beginning	so	that	it	can	be	taken	more	or	less	for	granted	thereafter.

A	researcher	also	can	falsely	economize	by	using	scales	that	are	too	brief	in	the
hope	of	reducing	the	burden	on	respondents.	Choosing	a	questionnaire	that	is	too
brief	to	be	reliable	is	a	bad	idea	no	matter	how	much	respondents	prefer	its
brevity.	A	reliable	questionnaire	that	is	completed	by	half	of	the	respondents
yields	more	information	than	an	unreliable	questionnaire	completed	by	all
respondents.	If	you	cannot	determine	what	the	data	mean,	the	amount	of
information	collected	is	irrelevant.	Consequently,	completing	“convenient”
questionnaires	that	cannot	yield	meaningful	information	is	a	poorer	use	of
respondents’	time	and	effort	than	completing	a	somewhat	longer	version	that
produces	valid	data.	Thus,	using	inadequately	brief	assessment	methods	may
have	ethical	as	well	as	scientific	implications.



Summary	and	Preview
This	chapter	stresses	that	measurement	is	a	fundamental	activity	in	all	branches
of	science,	including	the	behavioral	and	social	sciences.	Psychometrics,	the
specialty	area	of	the	social	sciences	that	is	concerned	with	measuring	social	and
psychological	phenomena,	has	historical	antecedents	extending	back	to	ancient
times.	In	the	social	sciences,	theory	plays	a	vital	role	in	the	development	of
measurement	scales,	which	are	collections	of	items	that	reveal	the	level	of	an
underlying	theoretical	variable.	However,	not	all	collections	of	items	constitute
scales	in	this	sense.	Developing	scales	may	be	more	demanding	than	selecting
items	casually;	however,	the	costs	of	using	casually	constructed	measures
usually	greatly	outweigh	the	benefits.

The	following	chapters	cover	the	rationale	and	methods	of	scale	development	in
greater	detail.	Chapter	2	explores	the	latent	variable,	the	underlying	construct
that	a	scale	attempts	to	quantify,	and	presents	the	theoretical	bases	for	the
methods	described	in	later	chapters.	Chapter	3	provides	a	conceptual	foundation
for	understanding	reliability	and	the	logic	underlying	the	reliability	coefficient.
Chapter	4	reviews	validity,	while	Chapter	5	is	a	practical	guide	to	the	steps
involved	in	scale	development.	Chapter	6	introduces	factor	analytic	concepts	and
describes	their	use	in	scale	development.	Chapter	7	is	a	conceptual	overview	of
an	alternative	approach	to	scale	development—item	response	theory.	Finally,
Chapter	8	briefly	discusses	how	scales	fit	into	the	broader	research	process.

Exercises
1.	 What	are	the	key	differences	between	a	scale	and	an	index	as	I	have

described	them?
2.	 Two	professions	that	have	long	histories	of	assessment	are	education

(through	the	development	and	use	of	standardized	ability	tests)	and
psychiatry	(through	the	specification	and	application	of	standardized
diagnostic	criteria).	What	are	some	of	the	key	differences	between	how
these	two	fields	of	inquiry	have	approached	assessment?



2	Understanding	the	Latent	Variable

This	chapter	presents	a	conceptual	schema	for	understanding	the	relationship
between	measures	and	the	constructs	they	represent,	though	it	is	not	the	only
framework	available.	Item	response	theory	is	an	alternative	measurement
perspective	that	we	will	examine	in	Chapter	7.	Because	of	its	relative	conceptual
and	computational	accessibility	and	wide	usage,	I	emphasize	the	classical
measurement	model,	which	assumes	that	individual	items	are	comparable
indicators	of	the	underlying	construct.

Constructs	Versus	Measures
Typically,	researchers	are	interested	in	constructs	rather	than	items	or	scales	per
se.	For	example,	a	market	researcher	measuring	parents’	aspirations	for	their
children	would	be	more	interested	in	intangible	parental	sentiments	and	hopes
about	what	their	children	will	accomplish	than	in	where	those	parents	place
marks	on	a	questionnaire.	However,	recording	responses	to	a	questionnaire	may,
in	many	cases,	be	the	best	method	of	assessing	those	sentiments	and	hopes.
Scale	items	are	usually	a	means	to	the	end	of	construct	assessment.	In	other
words,	they	are	necessary	because	many	constructs	cannot	be	assessed	directly.
In	a	sense,	measures	are	proxies	for	variables	that	we	cannot	directly	observe.
By	assessing	the	relationships	between	measures,	we	indirectly	infer	the
relationships	between	constructs.	In	Figure	2.1,	for	example,	although	our
primary	interest	is	the	relationship	between	Variables	A	and	B,	we	estimate	that
relationship	on	the	basis	of	the	connection	between	measures	corresponding	to
those	variables.

Figure	2.1	Relationships	between	instruments	correspond	with	relationships
between	latent	variables	only	when	each	measure	corresponds	to	its	latent
variable



The	underlying	phenomenon	or	construct	that	a	scale	is	intended	to	reflect	is
often	called	the	latent	variable.	Exactly	what	is	a	latent	variable?	Its	name
reveals	two	chief	features.	Consider	the	example	of	parents’	aspirations	for
children’s	achievement.	First,	it	is	latent	rather	than	manifest.	Parents’
aspirations	for	their	children’s	achievement	are	not	directly	observable.	In
addition,	the	construct	is	variable	rather	than	constant—that	is,	some	aspect	of	it,
such	as	its	strength	or	magnitude,	changes.	Parents’	aspirations	for	their
children’s	achievement	may	vary	according	to	time	(e.g.,	during	the	child’s
infancy	versus	adolescence),	place	(e.g.,	on	an	athletic	field	versus	a	classroom),
people	(e.g.,	parents	whose	own	backgrounds	or	careers	differ),	or	any
combination	of	these	and	other	dimensions.	The	latent	variable	is	the	actual
phenomenon	that	is	of	interest—in	this	case,	child	achievement	aspirations.

Another	noteworthy	aspect	of	the	latent	variable	is	that	it	is	typically	a
characteristic	of	the	individual	who	is	the	source	of	data.	Thus,	in	our	present
example,	parental	aspirations	are	a	characteristic	of	the	parents	and	not	of	the
children.	Accordingly,	we	assess	it	by	collecting	data	about	the	parents’	beliefs
from	the	parents	themselves.	While	there	may	be	circumstances	in	which	some
form	of	proxy	reporting	(e.g.,	asking	parents	to	report	some	characteristic	of
their	children)	is	appropriate,	in	general,	we	will	ask	respondents	to	self-report
information	pertaining	to	themselves.	When	this	is	not	the	case,	as	in	a	study
involving	parents	describing	the	aspirations	their	children	have	for	themselves,
care	must	be	taken	in	interpreting	the	resulting	information.	Arguably,	in	this
hypothetical	instance,	the	latent	variable	might	more	accurately	be	described	as



parents’	perceptions	of	their	children’s	aspirations	than	as	children’s	aspirations
per	se.	Likewise,	if	we	ask	a	group	of	shoppers	to	evaluate	characteristics	of	a
particular	store,	we	are	assessing	shoppers’	perceptions	rather	than	aspects	of	the
store	itself	(which	might	be	more	easily	assessed	by	direct	observation).	How
important	the	distinction	is	between	assessing	the	perceptions	of	a	respondent
with	regard	to	some	external	stimulus	(e.g.,	perceptions	of	the	store),	as	opposed
to	characteristics	of	the	external	stimulus	(e.g.,	the	store	itself),	will	depend	on
the	specific	circumstances	and	goals	of	the	assessment;	however,	in	all	cases,	it
is	important	to	be	mindful	of	the	distinction	and	to	make	appropriate
interpretations	of	the	resultant	data.

Although	we	cannot	observe	or	quantify	it	directly,	the	latent	variable
presumably	takes	on	a	specific	value	under	some	specified	set	of	conditions.	A
scale	developed	to	measure	a	latent	variable	is	intended	to	estimate	its	actual
magnitude	at	the	time	and	place	of	measurement	for	each	thing	measured.	This
unobservable	actual	magnitude	is	the	true	score.

Latent	Variable	as	the	Presumed	Cause	of	Item	Values
The	notion	of	a	latent	variable	implies	a	certain	relationship	between	it	and	the
items	that	tap	it.	The	latent	variable	is	regarded	as	a	cause	of	the	item	score—
that	is,	the	strength	or	quantity	of	the	latent	variable	(i.e.,	the	value	of	its	true
score)	is	presumed	to	cause	an	item	(or	set	of	items)	to	take	on	a	certain	value.

An	example	may	reinforce	this	point:	The	following	are	hypothetical	items	for
assessing	parents’	aspirations	for	children’s	achievement:

1.	 My	child’s	achievements	determine	my	own	success.
2.	 I	will	do	almost	anything	to	ensure	my	child’s	success.
3.	 No	sacrifice	is	too	great	if	it	helps	my	child	achieve	success.
4.	 My	child’s	accomplishments	are	more	important	to	me	than	just	about

anything	else	I	can	think	of.

If	parents	were	given	an	opportunity	to	express	how	strongly	they	agree	with
each	of	these	items,	their	underlying	aspirations	for	childhood	achievement
should	influence	their	responses.	In	other	words,	each	item	should	give	an
indication	of	how	strong	the	latent	variable	(aspirations	for	children’s
achievement)	is.	The	score	obtained	on	the	item	is	caused	by	the	strength	or
quantity	of	the	latent	variable	for	that	person	at	that	particular	time.



A	causal	relationship	between	a	latent	variable	and	a	measure	implies	certain
empirical	relationships.	For	example,	if	an	item	value	is	caused	by	a	latent
variable,	then	there	should	be	a	correlation	between	that	value	and	the	true	score
of	the	latent	variable.	As	a	consequence	of	each	of	the	indicators	correlating	with
the	latent	variable,	they	should	also	correlate	with	each	other.	Because	we	cannot
directly	assess	the	true	score,	we	cannot	compute	a	correlation	between	it	and	the
item.	However,	when	we	examine	a	set	of	items	that	are	presumably	caused	by
the	same	latent	variable,	we	can	examine	their	relationships	to	one	another.	So,	if
we	had	several	items	like	the	ones	above	measuring	parental	aspirations	for	child
achievement,	we	could	look	directly	at	how	they	correlated	with	one	another,
invoke	the	latent	variable	as	the	basis	for	the	correlations	among	items,	and	use
that	information	to	infer	how	highly	each	item	was	correlated	with	the	latent
variable.	Shortly,	I	will	explain	how	all	this	can	be	learned	from	correlations
among	items.	First,	however,	I	will	introduce	some	diagrammatic	procedures	to
help	make	this	explanation	more	clear.

Path	Diagrams
Coverage	of	this	topic	will	be	limited	to	a	brief	review	of	issues	pertinent	to
scale	development.	For	greater	depth,	consult	Asher	(1983)	or	Loehlin	(1998).

Diagrammatic	Conventions
Path	diagrams	are	a	method	for	depicting	causal	relationships	among	variables.
Although	they	can	be	used	in	conjunction	with	path	analysis,	which	is	a	data
analytic	method,	path	diagrams	have	more	general	utility	as	a	means	of
specifying	how	a	set	of	variables	are	interrelated.	These	diagrams	adhere	to
certain	conventions.	A	straight	arrow	drawn	from	one	variable	label	to	another
indicates	that	the	two	are	causally	related	and	that	the	direction	of	causality	is	as
indicated	by	the	arrow.	Thus	X	→	Y	indicates	explicitly	that	X	is	the	cause	of	Y.
Often,	associational	paths	are	identified	by	labels,	such	as	the	letter	a	in	Figure
2.2.

Figure	2.2	The	causal	pathway	from	X	to	Y

The	absence	of	an	arrow	also	has	an	explicit	meaning—namely,	that	two
variables	are	unrelated.	Thus,	A	→	B	→	C	D	→	E	specifies	that	A	causes	B,	B



causes	C,	C	and	D	are	unrelated,	and	D	causes	E.

Another	convention	of	path	diagrams	is	the	method	of	representing	error,	which
is	usually	depicted	as	an	additional	causal	variable.	This	error	term	is	a	residual,
representing	all	sources	of	variation	not	accounted	for	by	other	causes	explicitly
depicted	in	the	diagram.

Because	this	error	term	is	a	residual,	it	represents	the	discrepancy	between	the
actual	value	of	Y	and	what	we	would	predict	Y	to	be	based	on	knowledge	of	X
and	Z	(in	this	case;	see	Figure	2.3).	Sometimes,	the	error	term	is	assumed	and,
thus,	not	included	in	the	diagram.

Figure	2.3	Two	variables	plus	error	determine	Y

Path	Diagrams	in	Scale	Development
Path	diagrams	can	help	us	see	how	scale	items	are	causally	related	to	a	latent
variable.	They	can	also	help	us	understand	how	certain	relationships	among
items	imply	certain	relationships	between	items	and	the	latent	variable.	We	begin
by	examining	a	simple	computational	rule	for	path	diagrams.	Let	us	look	at	the
simple	path	diagram	in	Figure	2.4.

Figure	2.4	A	path	diagram	with	path	coefficients,	which	can	be	used	to	compute
correlations	between	variables



The	numbers	along	the	paths	are	standardized	path	coefficients.	Each	one
expresses	the	strength	of	the	causal	relationship	between	the	variables	joined	by
the	arrow.	The	fact	that	the	coefficients	are	standardized	means	that	they	all	use
the	same	scale	to	quantify	the	causal	relationships.	In	this	diagram,	Y	is	a	cause
of	X1	through	X5.	A	useful	relationship	exists	between	the	values	of	path
coefficients	and	the	correlations	between	the	Xs	(which	would	represent	items	in
the	case	of	a	scale-development–type	path	diagram).	For	diagrams	like	this	one
having	only	one	common	origin	(Y	in	this	case),	the	correlation	between	any	two
Xs	is	equal	to	the	product	of	the	coefficients	for	the	arrows	forming	a	route,
through	Y,	between	the	X	variables	in	question.	For	example,	the	correlation
between	X1	and	X5	is	calculated	by	multiplying	the	two	standardized	path
coefficients	that	join	them	via	Y.	Thus,	r1,5	=	.6	×.1	=	.06.	Variables	X6	and	X7
also	share	Y	as	a	common	source,	but	the	route	connecting	them	is	longer.
However,	the	rule	still	applies.	Beginning	at	X7,	we	can	trace	back	to	Y	and	then
forward	again	to	X6	(or	in	the	other	direction,	from	X6	to	X7).	The	result	is	.3	×
.3	×	.4	×	.2	=	.0072.	Thus,	r6,	7	=	.0072.

This	relationship	between	path	coefficients	and	correlations	provides	a	basis	for
estimating	paths	between	a	latent	variable	and	the	items	that	it	influences.	Even
though	the	latent	variable	is	hypothetical	and	unmeasurable,	the	items	are	real
and	the	correlations	among	them	can	be	directly	computed.	By	using	these
correlations,	the	simple	rule	just	discussed,	and	some	assumptions	about	the
relationships	among	items	and	the	true	score,	we	can	come	up	with	estimates	for
the	paths	between	the	items	and	the	latent	variable.	We	can	begin	with	a	set	of
correlations	among	variables.	Then,	working	backward	from	the	relationship
among	paths	and	correlations,	we	can	determine	what	the	values	of	certain	paths
must	be	if	the	assumptions	are	correct.	Let	us	consider	the	example	in	Figure



2.5.

Figure	2.5	A	path	diagram	with	error	terms

This	diagram	is	similar	to	the	example	considered	earlier	in	Figure	2.4	except
that	there	are	no	path	values,	the	variables	X6	and	X7	have	been	dropped,	the
remaining	X	variables	represent	scale	items,	and	each	item	has	a	variable	(error)
other	than	Y	influencing	it.	These	e	variables	are	unique	in	the	case	of	each	item
and	represent	the	residual	variation	in	each	item	not	explained	by	Y.	This
diagram	indicates	that	all	the	items	are	influenced	by	Y.	In	addition,	each	is
influenced	by	a	unique	set	of	variables	other	than	Y	that	are	collectively	treated
as	error.

This	revised	diagram	represents	how	five	individual	items	are	related	to	a	single
latent	variable,	Y.	The	numerical	subscripts	given	to	the	es	and	Xs	indicate	that
the	five	items	are	different	and	that	the	five	sources	of	error,	one	for	each	item,
are	also	different.	The	diagram	has	no	arrows	going	directly	from	one	X	to
another	X	or	going	from	an	e	to	another	e	or	from	an	e	to	an	X	other	than	the	one
with	which	it	is	associated.	These	aspects	of	the	diagram	represent	assumptions
that	will	be	discussed	later.

If	we	had	five	actual	items	that	a	group	of	people	had	completed,	we	would	have
item	scores	that	we	could	then	correlate	with	one	another.	The	rule	examined
earlier	allowed	the	computations	of	correlations	from	path	coefficients.	With	the
addition	of	some	assumptions,	it	also	lets	us	compute	path	coefficients	from
correlations—that	is,	correlations	computed	from	actual	items	can	be	used	to
determine	how	each	item	relates	to	the	latent	variable.	If,	for	example,	X1	and
X4	have	a	correlation	of	.49,	then	we	know	that	the	product	of	the	values	for	the
path	leading	from	Y	to	X1	and	the	path	leading	from	Y	to	X4	is	equal	to	.49.	We
know	this	because	our	rule	established	that	the	correlation	of	two	variables



equals	the	product	of	the	path	coefficients	along	the	route	that	joins	them.	If	we
also	assume	that	the	two	path	values	are	equal,	then	they	both	must	be	.701.

Further	Elaboration	of	the	Measurement	Model

Classical	Measurement	Assumptions
The	classical	measurement	model—which	asserts	that	an	observed	score,	X,
results	from	the	summation	of	a	true	score,	T,	plus	error,	e—starts	with	common
assumptions	about	items	and	their	relationships	to	the	latent	variable	and	sources
of	error:

1.	 The	amount	of	error	associated	with	individual	items	varies	randomly.	The
error	associated	with	individual	items	has	a	mean	of	zero	when	aggregated
across	a	large	number	of	people.	Thus,	items’	means	tend	to	be	unaffected
by	error	when	a	large	number	of	respondents	complete	the	items.

2.	 One	item’s	error	term	is	not	correlated	with	another	item’s	error	term;	the
only	routes	linking	items	always	pass	through	the	latent	variable,	never
through	any	error	term.

3.	 Error	terms	are	not	correlated	with	the	true	score	of	the	latent	variable.	Note
that	the	paths	emanating	from	the	latent	variable	do	not	extend	outward	to
the	error	terms.	The	arrow	between	an	item	and	its	error	term	aims	the	other
way.

The	first	two	assumptions	above	are	common	statistical	assumptions	that
underlie	many	analytic	procedures.	The	third	amounts	to	defining	“error”	as	the
residual	remaining	after	considering	all	the	relationships	between	a	set	of
predictors	and	an	outcome	or,	in	this	case,	a	set	of	items	and	their	latent	variable.

Parallel	Tests
Classical	measurement	theory,	in	its	most	orthodox	form,	is	based	on	the
assumption	of	parallel	tests.	The	term	parallel	tests	stems	from	the	fact	that	one
can	view	each	individual	item	as	a	“test”	for	the	value	of	the	latent	variable.	For
our	purposes,	referring	to	parallel	items	would	be	more	accurate.	However,	I	will
defer	to	convention	and	use	the	traditional	name.



A	virtue	of	the	parallel	tests	model	is	that	its	assumptions	make	it	quite	easy	to
reach	useful	conclusions	about	how	individual	items	relate	to	the	latent	variable
based	on	our	observations	of	how	the	items	relate	to	one	another.	Earlier,	I
suggested	that,	with	knowledge	of	the	correlations	among	items	and	with	certain
assumptions,	one	could	make	inferences	about	the	paths	leading	from	a	causal
variable	to	an	item.	As	will	be	shown	in	the	next	chapter,	being	able	to	assign	a
numerical	value	to	the	relationships	between	the	latent	variable	and	the	items
themselves	is	quite	important.	Thus,	in	this	section,	I	will	examine	in	some	detail
how	the	assumptions	of	parallel	tests	lead	to	certain	conclusions	that	make	this
possible.

The	rationale	underlying	the	model	of	parallel	tests	is	that	each	item	of	a	scale	is
precisely	as	good	a	measure	of	the	latent	variable	as	any	other	of	the	scale	items.
The	individual	items	are	thus	strictly	parallel,	which	is	to	say	that	each	item’s
relationship	to	the	latent	variable	is	presumed	identical	to	every	other	item’s
relationship	to	that	variable	and	the	amount	of	error	present	in	each	item	is	also
presumed	to	be	identical.	Diagrammatically,	this	model	can	be	represented	as
shown	in	Figure	2.6.

Figure	2.6	A	diagram	of	a	parallel	tests	model,	in	which	all	pathways	from	the
latent	variable	(L)	to	the	items	(X1,	X2,	X3)	are	equal	in	value	to	one	another,	as
are	all	pathways	from	the	error	terms	to	the	items

This	model	adds	two	assumptions	to	those	listed	earlier:

1.	 The	amount	of	influence	from	the	latent	variable	to	each	item	is	assumed	to



be	the	same	for	all	items.
2.	 Each	item	is	assumed	to	have	the	same	amount	of	error	as	any	other	item,

meaning	that	the	influence	of	factors	other	than	the	latent	variable	is	equal
for	all	items.

These	added	assumptions	mean	that	the	correlations	of	each	item	with	the	true
score	are	identical.	Being	able	to	assert	that	these	correlations	are	equal	is
important	because	it	leads	to	a	means	of	determining	the	value	for	each	of	these
identical	correlations.	This,	in	turn,	leads	to	a	means	of	quantifying	reliability,
which	will	be	discussed	in	the	next	chapter.

Asserting	that	correlations	between	the	true	score	and	each	item	are	equal
requires	both	of	the	preceding	assumptions.	A	squared	correlation	is	the
proportion	of	variance	shared	between	two	variables.	So,	if	correlations	between
the	true	score	and	each	of	two	items	are	equal,	the	proportions	of	variance	shared
between	the	true	score	and	each	item	also	must	be	equal.	Assume	that	a	true
score	contributes	the	same	amount	of	variance	to	each	of	two	items.	This	amount
can	be	an	equal	proportion	of	total	variance	for	each	item	only	if	the	items	have
identical	total	variances.	In	order	for	the	total	variances	to	be	equal	for	the	two
items,	the	amount	of	variance	each	item	receives	from	sources	other	than	the	true
score	must	also	be	equal.	As	all	variation	sources	other	than	the	true	score	are
lumped	together	as	error,	this	means	that	the	two	items	must	have	equal	error
variances.	For	example,	if	X1	got	9	arbitrary	units	of	variation	from	its	true	score
and	1	from	error,	the	true	score	proportion	would	be	90%	of	total	variation.	If	X2
also	got	9	units	of	variation	from	the	true	score,	these	9	units	could	be	90%	of
the	total	only	if	the	total	variation	were	10.	The	total	could	equal	10	only	if	error
contributed	1	unit	to	X2	as	it	did	to	X1.	The	correlation	between	each	item	and
the	true	score	then	would	equal	the	square	root	of	the	proportion	of	each	item’s
variance	that	is	attributable	to	the	true	score,	or	roughly	.95	in	this	case.

Thus,	because	the	parallel	tests	model	assumes	that	the	amount	of	influence	from
the	latent	variable	is	the	same	for	each	item	and	that	the	amount	from	other
sources	(error)	is	the	same	for	each	item,	the	proportions	of	item	variance
attributable	to	the	latent	variable	and	to	error	are	equal	for	all	items.	This	also
means	that,	under	the	assumptions	of	parallel	tests,	standardized	path
coefficients	from	the	latent	variable	to	each	item	are	equal	for	all	items.	It	was
assuming	that	standardized	path	coefficients	were	equal	that	made	it	possible,	in
an	earlier	example,	to	compute	path	coefficients	from	correlations	between
items.	The	path	diagram	rule	relating	path	coefficients	to	correlations,	discussed



earlier,	should	help	us	understand	why	these	equalities	hold	when	one	accepts
the	preceding	assumptions.

The	assumptions	of	this	model	also	imply	that	correlations	among	items	are
identical	(e.g.,	the	correlation	between	X1	and	X2	is	identical	to	the	correlation
between	X1	and	X3	or	X2	and	X3).	How	do	we	arrive	at	this	conclusion	from	the
assumptions?	The	correlations	are	all	the	same	because	the	only	mechanism	to
account	for	the	correlation	between	any	two	items	is	the	route	through	the	latent
variable	that	links	those	items.	For	example,	X1	and	X2	are	linked	only	by	the
route	made	up	of	paths	a1	and	a2.	The	correlation	can	be	computed	by	tracing
the	route	joining	the	two	items	in	question	and	multiplying	the	path	values.	For
any	two	items,	this	entails	multiplying	two	paths	that	have	identical	values	(i.e.,
a1	=	a2	=	a3).	Correlations	computed	by	multiplying	equal	values	will,	of	course,
be	equal.

The	assumptions	also	imply	that	each	of	these	correlations	between	items	equals
the	square	of	any	path	from	the	latent	variable	to	an	individual	item.	How	do	we
reach	this	conclusion?	The	product	of	two	different	paths	(e.g.,	a1	and	a2)	is
identical	to	the	square	of	either	path	because	both	path	coefficients	are	identical.
If	a1	=	a2	=	a3	and	(a1	×	a2)	=	(a1	×	a3)	=	(a2	×	a3),	then	each	of	these	latter
products	must	also	equal	the	value	of	any	of	the	a	paths	multiplied	by	itself.
Looking	back	at	Figure	2.6	may	make	these	relationships	and	their	implications
clearer.

It	also	follows	from	the	assumptions	of	this	model	that	the	proportion	of	error
associated	with	each	item	is	the	complement	of	the	proportion	of	variance	that	is
related	to	the	latent	variable.	In	other	words,	any	effect	on	a	given	item	that	is
not	explained	by	the	latent	variable	must	be	explained	by	error.	Together,	these
two	effects	explain	100%	of	the	variation	in	any	given	item.	This	is	so	simply
because	the	error	term	(e)	is	defined	as	encompassing	all	sources	of	variation	in
the	item	other	than	the	latent	variable.

These	assumptions	support	at	least	one	other	conclusion:	Because	each	item	is
influenced	equally	by	the	latent	variable	and	each	error	term’s	influence	on	its
corresponding	item	is	also	equal,	the	items	all	have	equal	means	and	equal
variances.	If	the	only	two	sources	that	can	influence	the	mean	are	identical	for
all	items,	then	clearly	the	means	for	the	items	also	will	be	identical.	This
reasoning	also	holds	for	the	item	variances.



In	conclusion,	the	parallel	tests	model	assumes	the	following:

1.	 Random	error
2.	 Errors	not	correlated	with	one	another
3.	 Errors	not	correlated	with	true	score
4.	 Latent	variable	affects	all	items	equally
5.	 Amount	of	error	for	each	item	is	equal

These	assumptions	allow	us	to	reach	a	variety	of	interesting	conclusions.
Furthermore,	the	model	enables	us	to	make	inferences	about	the	latent	variable
based	on	the	items’	correlations	with	one	another.	However,	the	model
accomplishes	this	feat	by	setting	forth	fairly	stringent	assumptions.

Alternative	Models
As	it	happens,	all	the	narrowly	restrictive	assumptions	associated	with	strictly
parallel	tests	are	not	necessary	in	order	to	make	useful	inferences	about	the
relationship	of	true	scores	to	observed	scores.	A	model	based	on	what	are
technically	called	tau-equivalent	tests	makes	a	more	liberal	assumption—
namely,	that	the	amount	of	error	variance	associated	with	a	given	item	need	not
equal	the	error	variance	of	the	other	items	(e.g.,	Allen	&	Yen,	1979).	Tau-
equivalent	tests	still	require	identical	true	scores	for	items,	although	a	slight
loosening	of	that	assumption	defines	essentially	tau-equivalent	tests	(or,
occasionally,	randomly	parallel	tests).	Any	pair	of	items	adhering	to	essential	tau
equivalence	may	have	true	scores	that	differ	by	some	constant.	Of	course,	adding
a	constant	to	one	item	has	no	effect	on	any	correlation	involving	that	item,
because	correlations	are	standardized	expressions.	Consequently,	the	correlation
between	any	pair	of	items	or	between	an	item’s	true	score	and	the	item’s
obtained	score	is	not	affected	by	relaxing	the	assumptions	of	strict	tau
equivalence	to	those	of	essential	tau	equivalence.	So	what	we	have	said	thus	far
about	tau	equivalence	also	applies	to	essential	tau	equivalence.	In	either	of	these
cases,	the	standardized	values	of	the	paths	from	the	latent	variable	to	each	item
may	not	be	equal.	However,	the	unstandardized	values	of	the	path	from	the
latent	variable	to	each	item	(i.e.,	the	amount	as	opposed	to	proportion	of
influence	that	the	latent	variable	has	on	each	item)	are	still	presumed	to	be
identical	for	all	items.	This	means	that	items	are	parallel	with	respect	to	how
much	they	are	influenced	by	the	latent	variable	but	are	not	necessarily	influenced
to	exactly	the	same	extent	by	extraneous	factors	that	are	lumped	together	as



error.	Under	strictly	parallel	assumptions,	not	only	do	different	items	tap	the	true
score	to	the	same	degree;	their	error	components	are	also	the	same.	Tau
equivalency	(tau	is	the	Greek	equivalent	to	t,	as	in	true	score)	is	much	easier	to
live	with	because	it	does	not	impose	the	“equal	errors”	condition.	Because	errors
may	vary,	item	means	and	variances	may	also	vary.	The	more	liberal
assumptions	of	this	model	are	attractive	because	finding	equivalent	measures	of
equal	variance	is	rare.	This	model	allows	us	to	reach	many	of	the	same
conclusions	as	with	strictly	parallel	tests	but	with	less	restrictive	assumptions.
Readers	may	wish	to	compare	this	model	with	Nunnally	and	Bernstein’s	(1994)
discussion	of	the	domain	sampling	model.

Some	scale	developers	consider	even	the	essentially	tau-equivalent	model	too
restrictive.	After	all,	how	often	can	we	assume	that	each	item	is	influenced	by
the	latent	variable	to	the	same	degree?	Tests	developed	under	what	is	called	the
congeneric	model	(Jöreskog,	1971)	are	subject	to	an	even	more	relaxed	set	of
assumptions	(see	Carmines	&	McIver,	1981,	for	a	discussion	of	congeneric
tests).	This	model	assumes	(beyond	the	basic	measurement	assumptions)	merely
that	all	the	items	share	a	common	latent	variable.	They	need	not	bear	equally
strong	relationships	to	the	latent	variable,	and	their	error	variances	need	not	be
equal.	One	must	assume	only	that	each	item	reflects	the	true	score	to	some
degree.	Of	course,	the	more	strongly	each	item	correlates	with	the	true	score,	the
more	reliable	the	scale	will	be.

An	even	less	constrained	approach	is	the	general	factor	model,	which	allows
multiple	latent	variables	to	underlie	a	given	set	of	items.	Carmines	and	McIver
(1981),	Loehlin	(1998),	and	Long	(1983)	have	discussed	the	merits	of	this	type
of	very	general	model,	chief	among	them	being	its	improved	correspondence	to
real-world	data.	Structural	equation	modeling	approaches	often	incorporate
factor	analyses	into	their	measurement	models;	situations	in	which	multiple
latent	variables	underlie	a	set	of	indicators	exemplify	the	general	factor	model
(Loehlin,	1998).

The	congeneric	model	is	a	special	case	of	the	factor	model	(i.e.,	a	single-factor
case).	Likewise,	an	essentially	tau-equivalent	measure	is	a	special	case	of	a
congeneric	measure—one	for	which	the	relationships	of	items	to	their	latent
variable	are	assumed	to	be	equal.	Finally,	a	strictly	parallel	test	is	a	special	case
of	an	essentially	tau-equivalent	one,	adding	the	assumption	of	equal
relationships	between	each	item	and	its	associated	sources	of	error.



Another	measurement	strategy	should	be	mentioned.	This	strategy	is	item
response	theory	(IRT).	This	approach	has	been	used	primarily,	but	not
exclusively,	with	dichotomous-response	(e.g.,	correct	versus	incorrect)	items	in
developing	ability	tests.	IRT	assumes	that	each	individual	item	has	its	own
characteristic	sensitivity	to	the	latent	variable,	represented	by	an	item-
characteristic	curve—a	plot	of	the	relationship	between	the	value	of	the	latent
variable	(e.g.,	ability)	and	the	probability	of	a	certain	response	to	an	item	(e.g.,
answering	it	correctly).	Thus,	the	curve	reveals	how	much	ability	an	item
demands	to	be	answered	correctly.	We	will	consider	IRT	further	in	Chapter	7.

Except	for	that	consideration	of	IRT	in	Chapter	7	and	a	discussion	of	factor
analysis	in	Chapter	6,	we	will	focus	primarily	on	parallel	and	essentially	tau-
equivalent	models	for	several	reasons.	First,	they	exemplify	“classical”
measurement	theory.	Second,	discussing	the	mechanisms	by	which	other	models
operate	can	quickly	become	burdensome.	Finally,	classical	models	have	proven
very	useful	for	social	scientists	with	primary	interests	other	than	measurement
who,	nonetheless,	take	careful	measurement	seriously.	This	group	is	the	audience
for	whom	the	present	text	has	been	written.	For	these	individuals,	the	scale
development	procedures	that	follow	from	a	classical	model	generally	yield
satisfactory	scales.	Indeed,	to	my	knowledge	although	no	tally	is	readily
available,	I	suspect	that	(outside	ability	testing)	a	substantial	majority	of	the
well-known	and	highly	regarded	scales	used	in	social	science	research	were
developed	using	such	procedures.

Choosing	a	Causal	Model
Choosing	the	causal	model	that	underpins	a	variable,	when	feasible,	can	be	an
important	aspect	of	measurement.	The	very	conceptualization	of	a	variable	can
sometimes	be	subtly	adapted	at	the	outset	of	a	research	project	to	make	its
eventual	measurement	more	manageable.	As	an	example,	consider	a	researcher
who	wants	to	assess	how	the	physical	work	environment	affects	employee
productivity.	One	approach	might	be	to	develop	a	long	list	of	environmental
factors	that	are	thought	to	influence	productivity—such	as	lighting,	sense	of
privacy,	or	access	to	a	computer—and	develop	an	instrument	that	has	workers
rate	the	extent	to	which	those	factors	are	present	in	a	given	workplace.	A
problem	with	this	approach	is	that	the	instrument	may	end	up	being	an	index
rather	than	a	scale	or	perhaps	a	hybrid	of	the	two.	That	is,	the	indicators	(e.g.,
good	lighting,	reasonable	privacy,	computer	access)	might	not	really	share	a



common	cause	but	rather	a	common	effect,	namely,	an	improvement	in	the	work
environment.	If,	instead,	the	investigator	considered	the	eventual	measurement
problem	early	on	in	the	research	process,	he	or	she	may	have	decided	to
conceptualize	the	variable	somewhat	differently.	For	example,	had	the
investigator	defined	the	variable	of	interest	as	employees’	perceptions	of	the
work	environment,	that	definition	may	have	led	to	a	more	tractable	set	of	items.
For	example,	employees	could	be	asked	to	endorse	items	such	as,	“My
workplace	environment	provides	the	basic	equipment	I	need	to	do	my	job
effectively.”	Here,	the	latent	variable	is	not	a	feature	of	the	environment	per	se
but	the	employees’	perceptions.	How	the	employees	perceive	the	environment	is
the	common	cause	driving	their	responses	to	individual	items.	I	find	it	easier	to
assume	that	an	employee	has	a	sense	of	the	work	environment	that	will	give	rise
to	answers	across	a	set	of	questions	about	its	adequacy	than	to	imagine	the
environment	itself	as	a	cause	of	employee	responses.	Moreover,	the
psychological	nature	of	employee	perceptions	may	actually	be	closer	to	what	the
investigator	considered	relevant	to	productivity	than	the	mere	presence	or
absence	of	specific	environmental	features.	That	is,	whether	a	given	worker
perceives	the	environment	as	conducive	to	productivity	may	be	a	more	relevant
variable	than	someone	else’s	judgment	regarding	the	adequacy	of	the	work
environment.	So,	conceptualizing	the	variable	of	interest	in	this	way	may	serve
the	underlying	research	question	well,	while	also	potentially	facilitating	the
eventual	measurement	of	the	variable.

Of	course,	if	the	variable	simply	does	not	lend	itself	to	a	causal
conceptualization	consistent	with	a	straightforward	measurement	strategy,	the
integrity	of	the	variable	of	interest	should	not	be	compromised.	Certain
approaches	may	help	the	investigator	work	around	the	limitations	inherent	in	the
variable	and	the	way	in	which	it	is	operationalized.	But	if	an	acceptable
alternative	conceptualization	of	the	variable	and	the	model	relating	it	to	its
indicators	can	be	simplified,	it	well	may	be	possible	to	develop	a	measurement
tool	that	meets	a	simpler	set	of	assumptions	and	thus	can	be	explored	using	less
complex	analytic	tools.	Having	the	tools	to	handle	the	more	complex	situations
is	certainly	a	good	thing,	but	avoiding	those	complexities	and	precluding	the
need	for	those	more	advanced	tools	may	be	even	better,	assuming	that	it	does
justice	to	the	construct.

Exercises



1.	 How	can	we	infer	the	relationship	between	the	latent	variable	and	two	items
related	to	it	based	on	the	correlations	between	the	two	items?

2.	 What	is	the	chief	difference	in	assumptions	between	the	parallel	tests	and
essentially	tau-equivalent	models?

3.	 Which	measurement	model	assumes,	beyond	the	basic	assumptions
common	to	all	measurement	approaches,	only	that	the	items	share	a
common	latent	variable?

4.	 Assume	an	essentially	tau-equivalent	model	with	true	score	T	and
indicators	A,	B,	and	C.	In	such	a	model,	any	two	indicators	(e.g.,	A	and	B)
that	share	a	common	true	score	must	have	a	covariance	identical	to	the
covariance	between	any	other	two	indicators	(e.g.,	B	and	C)	sharing	that
true	score.	However,	the	correlations	between	different	pairs	of	indicators
need	not	be	equal.	Explain	why	this	is	so.

Note
1.	Although	−.70	is	also	an	allowable	square	root	of.49,	deciding	between	the
positive	or	negative	root	is	typically	of	less	concern	than	one	would	think.	As
long	as	all	the	items	can	be	made	to	correlate	positively	with	one	another	(if
necessary,	by	reverse	scoring	certain	items,	as	discussed	in	Chapter	5),	then	the
signs	of	the	path	coefficients	from	the	latent	variable	to	the	individual	items	will
be	the	same	and	are	arbitrary.	Note,	however,	that	giving	positive	signs	to	these
paths	implies	that	the	items	indicate	more	of	the	construct,	whereas	negative
coefficients	would	imply	the	opposite.



3	Reliability

Reliability	is	a	fundamental	issue	in	psychological	measurement.	Its	importance
is	clear	once	its	meaning	is	fully	understood.	As	the	term	implies,	a	reliable
instrument	is	one	that	performs	in	consistent,	predictable	ways.	For	a	scale	to	be
reliable,	the	scores	it	yields	must	represent	some	true	state	of	the	variable	being
assessed.	In	practice,	this	implies	that	the	score	produced	by	the	instrument
should	not	change	unless	there	has	been	an	actual	change	in	the	variable	the
instrument	is	measuring	and,	thus,	that	any	observed	change	in	scores	can	be
attributed	to	actual	change	in	that	variable.	A	perfectly	reliable	scale	would	be	a
reflection	of	the	true	score	and	nothing	else.	This	will	seldom	be	achievable;
however,	we	can	gauge	how	closely	we	approximate	that	ideal.	The	more	the
score	we	obtain	from	a	scale	represents	the	true	score	of	the	variable	and	the	less
it	reflects	other	extraneous	factors,	the	more	reliable	our	scale	is.	Stated	more
formally,	scale	reliability	is	the	proportion	of	variance	attributable	to	the	true
score	of	the	latent	variable.	There	are	several	methods	for	computing	reliability,
but	all	share	this	fundamental	definition.

Although	alternative	methods	for	computing	reliability	may	appear	to	be
different,	the	common	underlying	definition	requires	that	they	be
computationally	equivalent	in	some	basic	and	important	way.	This	is	indeed	the
case.	All	these	methods	involve	estimating	the	variable’s	true	score	and
determining	what	proportion	of	the	obtained	scale	score	that	true	score
represents.	Our	basic	measurement	model,	described	in	Chapter	2,	suggests	that
an	observed	score	represents	the	summation	of	a	true	score	for	the	variable	being
assessed	plus	error	arising	from	extraneous	factors.	It	follows,	then,	that	we	can
estimate	the	true	score	for	the	variable	by	subtracting	variance	arising	from	error
from	the	total	variance	of	the	observed	score	obtained	from	a	particular	measure.
We	can	then	compute	reliability	as	a	ratio	of	the	estimated	true	score	to	the
observed	score.	Thus,

Methods	for	estimating	error	are	largely	what	differentiate	alternative	formulas
for	computing	reliability.	Different	methods	are	tailored	to	specific	types	of	data,



although	all	share	a	common	conceptual	foundation:	that	reliability	is	the
proportion	of	variance	in	an	observed	score	that	can	be	attributed	to	the	true
score	of	the	variable	being	assessed.

Methods	Based	on	the	Analysis	of	Variance
One	means	of	estimating	error	is	based	on	the	analysis	of	variance	(ANOVA).
This	data	analytic	approach	partitions	the	total	variance	observed	into	various
sources,	primarily	those	that	are	of	substantive	interest	(i.e.,	signal)	and	those
that	arise	from	some	error	source	(i.e.,	noise),	such	as	imperfections	in	sampling
participants	from	a	population.	Although	this	is	not	the	approach	on	which	we
will	focus	for	assessing	the	reliability	of	measurement	scales,	looking	at	it	in
condensed	form	underscores	the	continuity	across	definitions	of	and	approaches
to	reliability.

Thus,	by	way	of	a	cursory	review,	consider	a	very	simple	set	of	observations	that
involve	the	temperatures	of	eight	identical	objects,	four	of	which	are	in	direct
sunlight	and	four	of	which	are	in	the	shade.	(I	have	specified	a	small	number	of
observed	objects	in	this	example	for	simplicity.)	The	objects	are	identical	except
for	their	exposure	to	the	sun;	however,	the	thermometer	used	to	measure	their
temperatures	is	a	bit	suspect	and,	therefore,	is	a	potential	source	of	error	in	the
observed	temperatures.	We	could	assess	the	extent	of	that	error	by	recording	the
temperatures	of	all	eight	individual	objects	and	arranging	the	information	in
several	ways.	First,	we	could	summarize	information	about	the	objects	as	a
single	group	by	computing	an	overall	sum	of	squared	deviations	in	object
temperatures	from	the	overall	mean	for	all	the	objects.	This	value	would	be	the
total	sum	of	squares,	or	SST.	By	dividing	the	SST	by	the	degrees	of	freedom
associated	with	the	entire	sample	(i.e.,	N	−	1	=	8	−	1	=	7),	we	would	obtain	the
total	variance	for	the	objects’	temperatures.	The	following	steps	isolate
subcomponents	of	that	overall	variance.	We	could	proceed	to	estimate	the	extent
to	which	error	affected	those	scores	and,	thus,	was	a	subcomponent	of	the	total
variance.	In	the	ANOVA	framework,	this	is	accomplished	by	assessing	how
much	variation	occurs	under	identical	conditions.	In	this	case,	all	the	objects	in
the	sun	are	exposed	to	identical	conditions,	as	are	all	the	objects	in	the	shade.
Within	each	of	these	two	subgroups,	the	objects	themselves	are	presumed	to	be
identical	and	the	presence	or	absence	of	sunlight	is	identical.	So,	the	only	basis
for	differences	in	observed	temperatures	should	be	some	form	of	error.	Thus,	we
can	examine	the	variation	in	temperatures	of	objects	within	groups	to	compute



an	error	sum	of	squares	(SSE).	By	subtracting	this	SSE	from	SST,	we	can
compute	a	sum	of	squares	for	the	effect	of	sunlight.	This	last	sum	of	squares	is
essentially	the	sum	of	squares	for	the	true	score—that	is,	an	indication	of	the
amount	of	variation	in	object	temperatures	after	removing	the	effect	of
measurement	error.	We	can	then	compute	the	true	score	variance	from	this	sum
of	squares.	Finally,	by	computing	the	ratio	between	that	true	score	variance	and
the	total	variance,	we	arrive	at	the	proportion	of	total	variance	that	can	be
attributed	to	the	true	score	(i.e.,	the	effect	of	the	sun).	We	could	interpret	that
proportion	as	the	reliability	of	our	measurement	of	the	objects’	temperatures.

Note	that	if	all	the	objects	in	the	sun	had	identical	temperatures	and	all	the
objects	in	the	shade	had	identical,	presumably	lower,	temperatures,	the	error
variance	would	be	0.0.	Thus,	nothing	would	get	subtracted	from	the	observed
SST,	the	true	score	variance	and	total	variance	would	be	equal,	and	the	ratio
representing	the	reliability	of	measuring	object	temperatures	would	be	1.0.

I	have	referred	to	the	ratio	arising	from	the	ANOVA	example	described	above	as
a	reliability	coefficient,	which	is	correct.	More	generally,	however,	a	ratio
comparing	the	variance	arising	from	some	specific	source	in	an	ANOVA	design
with	the	total	variance	is	known	as	an	intraclass	correlation	coefficient,	or	ICC.
Depending	on	the	type	and	complexity	of	ANOVA	design,	there	can	be	several
types	of	ICC	that	will	have	various	interpretations,	not	all	of	which	are
equivalent	to	measurement	reliability.	Although	readers	may	not	be	as	familiar
with	the	ICC	as	they	are	with	other,	more	common	expressions	for	reliability,	we
will	see	that	the	logic	on	which	more	specialized	indicators	of	reliability	are
based	is	identical	to	the	logic	of	the	ICC—that	is,	both	the	ICC	and	other
methods	of	capturing	reliability	are	based	on	a	comparison	of	some	estimate	of
true	score	variance	with	total	variance.

Continuous	Versus	Dichotomous	Items
Although	items	may	have	a	variety	of	response	formats,	we	assume	in	this
chapter	that	item	responses	consist	of	multiple-value	response	options.
Dichotomous	items	(i.e.,	items	having	only	two	response	options,	such	as	“yes”
and	“no,”	or	those	having	multiple	response	options	that	can	be	classified	as
“right”	versus	“wrong”)	are	widely	used	in	ability	testing	and,	to	a	lesser	degree,
in	other	measurement	contexts.	Examples	of	dichotomous	items	include	the
following:



1.	 Zurich	is	the	capital	of	Switzerland.		True		False
2.	 What	is	the	value	of	pi?

(a)	1.41
(b)	3.14
(c)	2.78

Special	methods	for	computing	reliability	that	take	advantage	of	the
computational	simplicity	of	dichotomous	responses	have	been	developed.
General	measurement	texts	such	as	Nunnally	and	Bernstein’s	(1994)	cover	these
methods	in	some	detail.	The	logic	of	these	methods	for	assessing	reliability
largely	parallels	the	more	general	approach	that	applies	to	multipoint,	continuous
scale	items.	In	fact,	in	some	cases,	the	approach	to	assessing	reliability	for
multiresponse	items	is	an	extension	of	an	earlier	approach	developed	for
dichotomous-response	items.	In	the	interest	of	brevity,	this	chapter	will	make
only	passing	reference	to	reliability	assessment	methods	intended	for	scales
made	up	of	dichotomous	items.	Some	characteristics	of	this	type	of	scale	are
discussed	in	Chapter	5.

Internal	Consistency
Internal	consistency	reliability,	as	the	name	implies,	is	concerned	with	the
homogeneity	of	the	items	within	a	scale.	Scales	based	on	classical	measurement
models	are	intended	to	measure	a	single	phenomenon.	As	we	saw	in	the
preceding	chapter,	measurement	theory	suggests	that	the	relationships	among
items	are	logically	connected	to	the	relationships	of	items	to	the	latent	variable.
If	the	items	of	a	scale	have	a	strong	relationship	to	their	latent	variable,	they	will
have	a	strong	relationship	to	one	another.	Although	we	cannot	directly	observe
the	linkage	between	items	and	the	latent	variable,	we	can	certainly	determine
whether	the	items	are	correlated	to	one	another.	A	scale	is	internally	consistent	to
the	extent	that	its	items	are	highly	intercorrelated.	What	can	account	for
correlations	among	items?	There	are	two	possibilities:	Either	items	causally
affect	each	other	(e.g.,	Item	A	causes	Item	B),	or	the	items	share	a	common
cause.	Under	most	conditions,	the	former	explanation	is	unlikely,	leaving	the
latter	as	the	more	obvious	choice.	Thus,	high	inter-item	correlations	suggest	that
the	items	are	all	measuring	(i.e.,	are	manifestations	of)	the	same	thing.	If	we
make	the	assumptions	discussed	in	the	preceding	chapter	(particularly	the
assumption	that	items	do	not	share	sources	of	error),	we	also	can	conclude	that
strong	correlations	among	items	imply	strong	links	between	items	and	the	latent



variable.	Thus,	a	unidimensional	scale	or	a	single	dimension	of	a
multidimensional	scale	should	consist	of	a	set	of	items	that	correlate	well	with
one	another.	Multidimensional	scales	measuring	several	phenomena—for
example,	the	Multidimensional	Health	Locus	of	Control	scales	(Wallston,
Wallston,	&	DeVellis,	1978)—are	really	families	of	related	scales;	each
“dimension”	is	a	scale	in	its	own	right.

Coefficient	Alpha
Internal	consistency	is	typically	equated	with	Cronbach’s	(1951)	coefficient
alpha	(α).	We	will	examine	alpha	in	some	detail	for	several	reasons.	First,	it	is
widely	used	as	a	measure	of	reliability.	Second,	its	connection	to	the	definition
of	reliability	may	be	less	evident	than	is	the	case	for	other	measures	of	reliability
(such	as	the	alternate	forms	methods)	discussed	later.	Consequently,	alpha	may
appear	more	mysterious	than	other	reliability	computation	methods	to	those	who
are	not	familiar	with	its	internal	workings.	Finally,	an	exploration	of	the	logic
underlying	the	computation	of	alpha	provides	a	sound	basis	for	comparing	how
other	computational	methods	capture	the	essence	of	what	we	mean	by	reliability.

The	Kuder-Richardson	formula	20—or	KR-20,	as	it	is	more	commonly	known—
is	a	special	version	of	alpha	for	items	that	are	dichotomous	(see,	e.g.,	Nunnally
&	Bernstein,	1994).	KR-20	and	coefficient	alpha	are	equivalent	when	the	items
composing	a	scale	are	dichotomous.	However,	as	noted	earlier,	we	will
concentrate	on	the	more	general	form	that	applies	to	items	having	multiple
response	options.

You	can	think	about	all	the	variability	in	a	set	of	item	scores	as	due	to	one	of	two
things:	(a)	actual	variation	across	individuals	in	the	phenomenon	that	the	scale
measures	(i.e.,	true	variation	in	the	latent	variable)	or	(b)	error.	This	is	true
because	classical	measurement	models	define	the	phenomenon	(e.g.,	patients’
desire	for	control	of	interactions	with	a	physician)	as	the	source	of	all	shared
variation,	and	they	define	error	as	any	remaining,	or	unshared,	variation	in	scale
scores	(e.g.,	a	single	item’s	unintended	double	meaning).	Another	way	to	think
about	this	is	to	regard	total	variation	as	having	two	components:	signal	(i.e.,	true
differences	in	patients’	desire	for	control)	and	noise	(i.e.,	score	differences
caused	by	everything	but	true	differences	in	desire	for	control).	Computing
alpha,	as	we	shall	see,	partitions	the	total	variance	among	the	set	of	items	into
signal	and	noise	components.	The	proportion	of	total	variation	that	is	signal



equals	alpha.	Thus,	another	way	to	think	about	alpha	is	that	it	equals	1	−	error
variance	or,	conversely,	that	error	variance	=	1	−	alpha.

The	Covariance	Matrix
To	understand	internal	consistency	more	fully,	it	helps	to	examine	the
covariance	matrix	of	a	set	of	scale	items.	A	covariance	matrix	for	a	set	of	scale
items	reveals	important	information	about	the	scale	as	a	whole.

A	covariance	matrix	is	a	more	general	form	of	a	correlation	matrix.	In	a
correlation	matrix,	the	data	have	been	standardized,	with	the	variances	set	to	1.0.
In	a	covariance	matrix,	the	data	entries	are	unstandardized;	thus,	it	contains	the
same	information,	in	unstandardized	form,	as	a	correlation	matrix.	The	diagonal
elements	of	a	covariance	matrix	are	variances—covariances	of	items	with
themselves—just	as	the	unities	along	the	main	diagonal	of	a	correlation	matrix
are	variables’	variances	standardized	to	1.0	and	also	their	correlations	with
themselves.	Its	off-diagonal	values	are	covariances,	expressing	relationships
between	pairs	of	unstandardized	variables	just	as	correlation	coefficients	do	with
standardization.	So,	conceptually,	a	covariance	matrix	consists	of	(a)	variances
(on	the	diagonal)	for	individual	variables	and	(b)	covariances	(off	the	diagonal)
representing	the	unstandardized	relationship	between	variable	pairs.

A	typical	covariance	matrix	for	three	variables	(X1,	X2,	and	X3)	is	shown	in
Table	3.1.

The	same	matrix	is	displayed	somewhat	more	compactly	using	the	customary
symbols	for	matrices,	variances,	and	covariances:



Covariance	Matrices	for	Multi-Item	Scales
Let	us	focus	our	attention	on	the	properties	of	a	covariance	matrix	for	a	set	of
items	that,	when	added	together,	make	up	a	scale.	The	covariance	matrix
presented	above	has	three	variables—X1,	X2,	and	X3.	Assume	that	these
variables	are	actually	scores	for	three	items	and	that	the	items	(X1,	X2,	and	X3)
when	added	together	make	up	a	scale	we	will	call	Y.	What	can	this	matrix	tell	us
about	the	relationship	of	the	individual	items	to	the	scale	as	a	whole?

A	covariance	matrix	has	a	number	of	interesting	(well,	useful,	at	least)
properties.	Among	these	is	the	fact	that	adding	all	the	elements	in	the	matrix
together	(i.e.,	summing	the	variances,	which	are	along	the	diagonal,	and	the
covariances,	which	are	off	the	diagonal)	gives	a	value	that	is	exactly	equal	to	the
variance	of	the	scale	as	a	whole,	assuming	that	the	items	are	equally	weighted.
So,	if	we	add	all	the	terms	in	the	symbolic	covariance	matrix,	the	resulting	sum
will	be	the	variance	of	scale	Y.	This	is	very	important	and	bears	repeating:	The
variance	of	a	scale	(Y)	made	up	of	any	number	of	items	equals	the	sum	of	all	the
values	in	the	covariance	matrix	for	those	items,	assuming	equal	item	weighting.1
Thus,	the	variance	of	a	scale	(Y)	made	up	of	three	equally	weighted	items	(X1,
X2,	and	X3)	has	the	following	relationship	to	the	covariance	matrix	of	the	items:
where

Readers	who	would	like	more	information	about	the	topics	covered	in	this
section	are	referred	to	Nunnally	(1978)	for	covariance	matrices	and	Namboodiri
(1984)	for	an	introduction	to	matrix	algebra	in	statistics.	The	covariance	matrix
for	the	individual	items	has	other	useful	information.	Applications	that	can	be
derived	from	item	covariance	matrices	are	discussed	by	Bohrnstedt	(1969).



Alpha	and	the	Covariance	Matrix
Alpha	is	defined	as	the	proportion	of	a	scale’s	total	variance	that	is	attributable	to
a	common	source,	presumably	the	true	score	of	a	latent	variable	underlying	the
items.	Thus,	if	we	want	to	compute	alpha,	it	would	be	useful	to	have	a	value	for
the	scale’s	total	variance	and	a	value	for	the	proportion	that	is	“common”
variance.	The	covariance	matrix	is	just	what	we	need	in	order	to	do	this.

Recall	the	diagram	we	used	in	Chapter	2	to	show	how	items	related	to	their
latent	variable,	as	in	Figure	3.1.

Figure	3.1	Diagrammatic	representation	of	how	a	set	of	five	items	relates	to	the
common	latent	variable	Y

All	the	variation	in	items	that	is	due	to	the	latent	variable,	Y,	is	shared	or
common.	(The	terms	joint	and	communal	are	also	used	to	describe	this
variation.)	When	Y	varies	(as	it	will,	for	example,	across	individuals	having
different	levels	of	the	attribute	it	represents),	scores	on	all	the	items	will	vary
with	it	because	it	is	a	cause	of	those	scores.	Thus,	if	Y	is	high,	all	the	item	scores
will	tend	to	be	high;	if	Y	is	low,	they	will	tend	to	be	low.	This	means	that	the
items	will	tend	to	vary	jointly	(i.e.,	be	correlated	with	one	another).	So	the	latent
variable	affects	all	the	items	and,	thus,	they	are	correlated.	The	error	terms,	in
contrast,	are	the	source	of	the	unique	variation	that	each	item	possesses.	Whereas
all	items	share	variability	due	to	Y,	no	two	share	any	variation	from	the	same
error	source	under	our	classical	measurement	assumptions.	The	value	of	a	given
error	term	affects	the	score	of	only	one	item.	Thus,	the	error	terms	are	not
correlated	with	one	another.	So,	each	item	(and,	by	implication,	the	scale	defined
by	the	sum	of	the	items)	varies	as	a	function	of	(a)	the	source	of	variation
common	to	itself	and	the	other	items	and	(b)	unique,	unshared	variation	that	we



refer	to	as	error.	It	follows	that	the	total	variance	for	each	item—and,	hence,	for
the	scale	as	a	whole—must	be	a	combination	of	variance	from	common	and
unique	sources.	According	to	the	definition	of	reliability,	alpha	should	equal	the
ratio	of	common-source	variation	to	total	variation.

Now,	consider	a	k-item	measure	called	Y	whose	covariance	matrix	is	as	follows:

The	variance	(

)	of	the	k-item	scale	equals	the	sum	of	all	matrix	elements.	The	entries	along	the
main	diagonal	are	the	variances	of	the	individual	items	represented	in	the	matrix.
(The	variance	of	the	ith	item	is	signified	as	σi2.)	Therefore,	the	sum	of	the
elements	along	the	main	diagonal	(

)	is	the	sum	of	the	variances	of	the	individual	items.	Thus,	the	covariance	matrix
gives	us	ready	access	to	two	values:	(1)	the	total	variance	of	the	scale	(

)	defined	as	the	sum	of	all	elements	in	the	matrix	and	(2)	the	sum	of	the
individual	item	variances	(

)	computed	by	summing	entries	along	the	main	diagonal.	These	two	values	can



be	given	a	conceptual	interpretation.	The	sum	of	the	whole	matrix	is,	by
definition,	the	variance	of	Y,	the	scale	made	up	of	the	individual	items.	However,
this	total	variance,	as	we	have	said,	can	be	partitioned	into	different	parts.

Let	us	consider	how	the	covariance	matrix	separates	common	from	unique
variance	by	examining	how	the	elements	on	the	main	diagonal	of	the	covariance
matrix	differ	from	all	the	off-diagonal	elements.	All	the	variances	(diagonal
elements)	are	single-variable	or	“variable-with-itself”	terms.	We	noted	earlier
that	these	variances	can	be	thought	of	as	covariances	of	items	with	themselves.
Each	variance	contains	information	about	only	one	item.	In	other	words,	each
represents	information	that	is	based	on	a	single	item,	not	joint	variation	shared
among	items.	(Within	that	single	item,	some	of	its	variation	will	be	due	to	the
common	underlying	variable	and,	thus,	will	be	shared	with	other	items;	some
will	not.	However,	the	item’s	variance	does	not	quantify	the	extent	of	shared
variance	but	merely	the	amount	of	dispersion	in	the	scores	for	that	item,
irrespective	of	what	causes	it.)	The	off-diagonal	elements	of	the	covariance
matrix	all	involve	pairs	of	terms	and,	thus,	common	(or	joint)	variation	between
two	of	the	scale’s	items	(covariation).	Thus,	the	elements	in	the	covariance
matrix	(and,	hence,	the	total	variance	of	Y)	consist	of	covariation	(joint
variation,	if	you	will)	plus	“nonjoint”	or	“noncommunal”	variation	concerning
items	considered	individually.	Figure	3.2	pictorially	represents	these	two
subdivisions	of	the	covariance	matrix.	The	shaded	area	along	the	diagonal	is	the
noncommunal	portion	of	the	matrix,	and	the	two	off-diagonal	regions	within	the
triangular	borders	are,	together,	the	communal	portion.

Figure	3.2	A	variance-covariance	matrix	showing	that	the	variances	along	the
main	diagonal	are	noncommunal,	whereas	the	covariances	lying	above	and
below	the	diagonal	are	communal



As	the	covariances—and	only	the	covariances—represent	communal	variation,
all	noncommunal	variation	must	be	represented	in	the	variances	along	the	main
diagonal	of	the	covariance	matrix	and,	thus,	by	the	term

.	The	total	variance,	of	course,	is	expressed

,	by	the	sum	of	all	the	matrix	elements.	Thus,	we	can	express	the	ratio	of
nonjoint	variation	to	total	variation	in	Y	as

This	ratio	corresponds	to	the	sum	of	the	diagonal	values	in	the	covariance
matrix.	It	thus	follows	that	we	can	express	the	proportion	of	joint,	or	communal,
variation	as	what	is	left	over—in	other	words,	the	complement	of	this	value	as
shown:

This	value	corresponds	to	the	sum	of	all	the	off-diagonal	values	of	the
covariance	matrix.	It	may	seem	strange,	or	at	least	inefficient,	to	compute	the
diagonal	elements	and	then	subtract	them	from	the	value	of	the	covariance
matrix	as	a	whole.	Why	not	just	compute	the	sum	of	the	off-diagonal	elements
directly	as	Σσi,j,	where	i	and	j	represent	each	of	the	two	items	involved	in	a
particular	covariance?	In	fact,	one	would	arrive	at	the	same	exact	point	by
directly	computing	the	sum	of	off-diagonal	elements.	The	formula	involving
subtraction	from	1	is	a	legacy	of	the	days	when	computers	were	not	available	to
do	calculations.	Computing	the	total	variance	for	Y	and	the	variance	for	each
individual	item	(i)	were	probably	operations	that	had	already	been	done	for	other
purposes.	Even	if	there	were	no	need	to	calculate	these	variances	for	other
purposes,	consider	the	computational	effort	involved.	For	a	20-item	scale,	the
choice	would	be	between	computing	21	variances	(one	for	each	item	and	another
for	the	entire	scale)	versus	190	covariances	(i.e.,	one	for	each	of	the	380	off-
diagonal	elements	of	the	matrix,	with	those	above	the	diagonal	identical	to	those
below)	plus	the	total	variance.	Thus,	a	formula	that	quantifies	communal



variance	as	what	remains	after	removing	noncommunal	from	total	variance
makes	more	practical	sense	than	it	might	first	appear	to.

The	value	represented	by	the	formula

or,	equivalently,

at	first	blush	would	seem	to	capture	the	definition	of	alpha	(i.e.,	the	communal
portion	of	total	variance	in	a	scale	that	can	be	attributed	to	the	items’	common
source,	which	we	presume	reflects	the	true	score	of	the	latent	variable).	We	still
need	one	more	correction,	however.	This	need	becomes	apparent	if	we	consider
what	would	happen	if	we	had,	say,	five	perfectly	correlated	items.	Such	an
arrangement	should	result	in	perfect	reliability.	A	correlation	matrix,	as	noted
earlier,	is	merely	a	covariance	matrix	in	which	all	terms	have	been	standardized.
Because	the	terms	in	a	correlation	matrix	are	more	familiar	and	consistent	(i.e.,	a
perfect	association	always	corresponds	to	a	correlation	coefficient	of	1.0),	I	will
use	a	correlation	matrix	to	make	this	point.	If	we	used	the	expressions	above	to
represent	the	portion	of	communal	and	total	variance	in	our	hypothetical
correlation	matrix	of	five	perfectly	reliable	items,	what	would	we	get?	The
correlation	matrix	in	this	instance	would	consist	of	a	5	×	5	matrix	with	all	values
equal	to	1.0.	The	denominator	of	the	preceding	equation,	representing	the	total
variance	of	the	scale	comprising	the	five	items,	would	thus	equal	25.	The
numerator,	however,	would	equal	only	20,	thus	yielding	a	reliability	of	20/25
(or	.80)	rather	than	1.0.	Why	is	this	so?	The	total	number	of	elements	in	the
covariance	matrix	is	k2.	The	number	of	elements	in	the	matrix	that	are
noncommunal	(i.e.,	those	along	the	main	diagonal)	is	k.	The	number	that	are
communal	(all	those	not	on	the	diagonal)	is	k2	−	k.	Thus,	the	fraction	in	our	last
formula	has	a	numerator	based	on	k2	−	k	values	and	a	denominator	based	on	k2
values.	To	adjust	our	calculations	so	that	the	ratio	expresses	the	relative
magnitudes	rather	than	the	numbers	of	terms	that	are	summed	in	the	numerator
and	denominator,	we	multiply	the	entire	expression	representing	the	proportion
of	communal	variation	by	values	to	counteract	the	differences	in	numbers	of
terms	summed.	To	do	this,	we	multiply	by	k2	/	(k2	−	k),	or,	equivalently,	k	/	(k	−
1).	This	limits	the	range	of	possible	values	for	alpha	to	between	0.0	and	1.0.	In



the	five-item	example	just	discussed,	multiplying	.80	by	5/4	yields	the
appropriate	1.0.	Readers	may	want	to	do	the	mental	arithmetic	for	matrices	of
other	sizes.	It	should	soon	become	apparent	that	k	/	(k	−	1)	is	always	the
multiplier	that	will	yield	an	alpha	of	1.0	when	the	items	are	all	perfectly
correlated.	Thus,	we	arrive	at	the	usual	formula	for	coefficient	alpha:

To	summarize,	a	measure’s	reliability	equals	the	proportion	of	total	variance
among	its	items	that	is	due	to	the	latent	variable	and	thus	is	communal.	The
formula	for	alpha	expresses	this	by	specifying	the	portion	of	total	variance	for
the	item	set	that	is	unique,	subtracting	this	from	1	to	determine	the	proportion
that	is	communal,	and	multiplying	by	a	correction	factor	to	adjust	for	the	number
of	elements	contributing	to	the	earlier	computations.

Alternative	Formula	for	Alpha
Another	common	formula	for	computing	alpha	is	based	on	correlations	rather
than	covariances.	Actually,	it	uses

,	the	average	inter-item	correlation.	This	formula	is

It	follows	logically	from	the	covariance-based	formula	for	alpha.	Consider	the
covariance	formula	in	conceptual	terms:

Note	that	the	numerator	and	denominator	in	the	term	on	the	right	are	sums	of
individual	values.	However,	the	sum	of	these	individual	values	is	identical	to	the
mean	of	the	values	multiplied	by	the	number	of	values	involved.	(For	example,	k
numbers	that	sum	to	50	and	k	times	the	mean	of	those	numbers	both	equal	50.	To



illustrate	further,	substitute	10	for	k	in	the	preceding	sentence;	the	average	of	10
values	that	sum	to	50	has	to	be	5,	and	10	times	5	equals	50,	the	same	value	as	the
original	sum.)	Therefore,	the	numerator	of	the	term	on	the	right	must	equal	k
times	the	average	item	variance	(

)	and	the	denominator	must	equal	k	times	the	average	variance	plus	(k2	−	k)—or,
alternatively,	(k)	(k	−	1)—times	the	average	covariance	(

):

To	remove	the	1	from	the	equation,	we	can	replace	it	with	its	equivalent,

,	which	allows	us	to	consolidate	the	whole	term	on	the	right	into	a	single	ratio:

or,	equivalently,

Cross-canceling	k	from	the	numerator	of	the	left	term	and	denominator	of	the
right	term	while	cross-canceling	(k	−	1)	from	the	numerator	of	the	right	term	and
denominator	of	the	left	term	yields	the	simplified	expression

Recall	that	the	formula	we	are	striving	for	involves	correlations	rather	than



covariances	and,	thus,	standardized	rather	than	unstandardized	terms.	After
standardizing,	an	average	of	covariances	is	identical	to	an	average	of	correlations
and	a	variance	equals	1.0.	Consequently,	we	can	replace	with	the	average	inter-
item	correlation	(

)	and	with	1.0.	This	yields	the	correlation-based	formula	for	coefficient	alpha:

This	formula	is	known	as	the	Spearman-Brown	prophecy	formula,	and	one	of	its
important	uses	will	be	illustrated	in	the	section	of	this	chapter	dealing	with	split-
half	reliability	computation.	In	anticipation	of	that	discussion,	note	that	the
formula	presents	reliability	as	a	function	of	two	scale	properties:	the	number	of
items	in	the	scale	(k)	and	the	average	correlation	between	pairs	of	items	(

).	Thus,	the	more	items	a	scale	contains	and	the	stronger	the	average	correlation
among	those	items,	the	higher	the	reliability.

The	two	different	formulas,	one	based	on	covariances	and	the	other	on
correlations,	are	sometimes	referred	to	as	the	raw	score	and	standardized	score
formulas	for	alpha,	respectively.	The	raw	score	formula	preserves	information
about	item	means	and	variances	in	the	computation	process	because	covariances
are	based	on	values	that	retain	the	original	scaling	of	the	raw	data.	If	items	have
markedly	different	variances,	those	with	larger	variances	will	have	greater
weight	than	those	with	lesser	variances	when	this	formula	is	used	to	compute
alpha.	The	standardized	formula	based	on	correlations	does	not	retain	the
original	scaling	metric	of	the	items.	Recall	that	a	correlation	is	a	standardized
covariance.	So	all	items	are	placed	on	a	common	metric	and,	thus,	weighted
equally	in	the	computation	of	alpha	by	the	standardized	formula.	Which	is	better
depends	on	the	specific	context	and	whether	equal	weighting	is	desired.	As	we
shall	see	in	later	chapters,	recommended	procedures	for	developing	items	often
entail	structuring	their	wording	so	as	to	yield	comparable	variances	for	each
item.	When	these	procedures	are	followed,	there	is	typically	little	difference	in
the	alpha	coefficients	computed	by	the	two	alternative	methods.	On	the	other
hand,	when	procedures	aimed	at	producing	equivalent	item	variances	are	not



followed,	observing	that	the	standardized	and	raw	alpha	values	differ
appreciably	(e.g.,	by	.05	or	more)	is	indicative	of	at	least	one	item	having	a
variance	that	differs	appreciably	from	the	variances	of	the	other	items.

Critique	of	Alpha
One	can	argue	that	Cronbach’s	alpha	is	not	an	ideal	indicator	of	reliability	(e.g.,
Sijtsma,	2009).	In	fact,	it	is	usually	a	lower	bound	for	the	actual	reliability	of	a
set	of	items	rather	than	the	best	estimate	of	the	actual	reliability.	Sijtsma	(2009)
suggests	that	the	notion	of	internal	consistency	is	somewhat	ambiguous	and
questions	to	what	extent	alpha	represents	the	most	important	aspects	of	internal
consistency.	He	suggests	that	internal	consistency	is	about	the	factor	structure	of
a	set	of	items	and	that	regarding	alpha	as	indicative	of	this	is	an
oversimplification.	In	a	strict	sense,	Sijtsma	is	correct;	however,	he
acknowledges	that	there	are	problems	with	other	estimates	(e.g.,	a	greatest-
lower-bound	estimate	of	reliability,	or	glb)	that	might	be	considered	an
alternative	to	alpha.	He	suggests,	provocatively	and	appropriately,	that	as	a
pathway	to	greater	precision,	more	work	should	be	done	to	fully	understand	the
types	of	bias	that	may	exist	in	various	indicators	of	reliability.

Another	criticism	of	alpha	as	a	reliability	coefficient	notes	that	it	was	designed
essentially	for	continuous	data.	The	computations	involved	in	determining	alpha
rely	on	Pearson	correlations,	which	assume	interval	scaling.	Gadermann,	Guhn,
and	Zumbo	(2012)	observe	that	the	types	of	item	responses	often	used	in	the
social	sciences	and	elsewhere	are,	strictly	speaking,	ordinal	rather	than	interval.
As	an	example,	consider	the	following	hypothetical	item	(and	its	accompanying
response	options)	intended	to	serve	as	part	of	a	measure	of	self-doubt:

I	have	not	achieved	all	that	I	once	hoped	I	would.

The	categories	are	clearly	ordered	from	less	to	more	agreement	with	the
statement,	but	we	cannot	assume	that	the	increment	in	self-doubt	represented	by
the	difference	between	choosing	Response	3	rather	than	Response	2	is	the	same
size	increment	in	self-doubt	as	choosing	Response	6	rather	than	5.	That	is,	we
cannot	assume	equal-interval	increases	in	the	variable	the	item	is	tapping.	The



categories	are	merely	ordinal	in	a	strict	sense.	Gadermann	et	al.	(2012)	suggest
that	these	nonequal	intervals	lead	to	inaccuracies	in	the	use	of	alpha	as	an
estimate	of	internal	consistency	reliability	and	recommend	an	alternative,	which
they	call	ordinal	alpha,	that	does	not	assume	interval	scaling.	Their	approach
replaces	the	use	of	Pearson	correlations	with	tetrachoric	or	polychoric
correlations	(the	former	in	instances	involving	binary	item	responses	and	the
latter	in	cases	involving	ordinal,	multipoint	response	options).
Tetrachoric/polychoric	correlations	assume	that	the	variable	in	question	is
continuous	but	is	measured	ordinally,	using	two	or	more	ordered	categories	as
response	options.	Conceptually,	one	can	think	of	thresholds	in	the	measured
attribute	(self-doubt	in	this	example)	existing	along	a	continuum.	At	some	level
of	the	attribute,	there	is	a	threshold	that,	when	exceeded,	inclines	a	respondent	to
choose	response	Option	2	rather	than	Option	1.	Additional	thresholds	(at
indeterminate	intervals)	exist	between	each	response	option	and	the	next	higher
alternative.	The	polychoric	correlation	between	any	two	items	of	the	type
described	earlier	essentially	captures	the	extent	to	which	transitions	across	these
thresholds	tend	to	occur	jointly	rather	than	independently	for	the	items	in
question.	This	correlation	is	a	maximum-likelihood	estimation	of	the	true
correlation	between	ordinal	variables	(Timmermann	&	Lorenzo-Seva,	2011).	By
substituting	the	matrix	of	polychoric	correlations	for	the	matrix	of	Pearson
correlations,	one	can	obtain	an	ordinal	alpha	rather	than	the	standard	alpha
coefficient.

Gadermann	et	al.	(2012)	examined	the	impact	of	replacing	Pearson	correlations
with	tetrachoric/polychoric	correlations	in	a	study	involving	simulated	data.	The
results	of	this	simulation	study	demonstrated	that	alpha	manifests	more	bias	(i.e.,
underestimates	to	a	greater	degree	the	known	reliability	of	the	item	set	in
question)	than	ordinal	alpha.	Extreme	skewness	in	the	distribution	of	scores	is
especially	damaging	to	the	precision	of	the	estimates	produced	from	Cronbach’s
alpha,	according	to	the	simulation	reported	by	Gadermann	et	al.	It	is	worth
noting,	however,	that	polychoric	correlations	entail	their	own	limitations,
especially	with	small	sample	sizes	(Timmermann	&	Lorenzo-Seva,	2011).

Other	authors	have	criticized	alpha	on	grounds	other	than	its	bias	when	item
scaling	is	ordinal	rather	than	interval.	For	example,	Dunn,	Baguley,	and
Brunsden	(2014)	noted	the	following:

The	main	difficulties	with	the	use	of	alpha	as	a	measure	of	internal	consistency
can	be	summarized	as	follows:



(1)	Alpha	relies	on	assumptions	that	are	hardly	ever	met.
(2)	Violation	of	these	assumptions	causes	alpha	to	inflate	and	attenuate	its
internal	consistency	estimations	of	a	measure.
(3)	“Alpha	if	item	deleted”	[a	common	approach	for	assessing	the	impact	of
individual	items	on	overall	alpha]	in	a	sample	does	not	reflect	the	impact
that	item	deletion	has	on	population	reliability.
(4)	A	point	estimate	of	alpha	does	not	reflect	the	variability	present	in	the
estimation	process,	providing	false	confidence	in	the	consistency	of	the
administration	of	a	scale.	(p.	404)

I	consider	each	of	these	criticisms	in	turn.	The	assumptions	of	essential	tau
equivalence	underlying	alpha	require	that	all	items	be	equally	good	indicators	of
the	single	construct	they	share.	That	is,	any	one	item	must	do	about	as	good	a	job
of	tapping	the	attribute	being	measured	as	any	other	item	does.	More	formally,
this	assumption	specifies	that	the	set	of	items	is	unidimensional	and	that	the
covariances	between	items	and	the	true	score	of	the	latent	variable	are	essentially
equal,	although	the	error	variances	(and	thus	observed	item	variances)	need	not
be.	Violation	of	the	unidimensionality	assumption	can	occur	if	the	content	of	the
items	contains	more	than	one	distinct	concept	that	the	items	share.	For	example,
an	instrument	aimed	at	measuring	anxiety	might	inadvertently	tap	aspects	of
depression.	If	this	conceptual	duality	went	unrecognized,	that	could	constitute	a
violation	of	the	unidimensionality	assumption	underlying	the	use	of	alpha.	Of
course,	unidimensionality	is	also	an	assumption	for	most	of	the	proposed
alternatives	to	alpha,	and,	thus,	its	violation	poses	a	more	general	problem	to
reliability	estimation.	A	more	common	type	of	violation	of	essential	tau
equivalence	is	having	items	that	do	not	capture	the	underlying	variable	equally
well,	that	is,	that	have	disparate	covariances	with	the	true	score.	This	would
become	evident	as	heterogeneous	interitem	correlations.	Because,	in	a
unidimensional	item	set,	all	of	the	shared	variance	between	two	items	is	a
manifestation	of	each	item’s	association	with	the	true	score,	if	some	items	were
less	strongly	associated	with	that	true	score	than	others,	interitem	correlations
involving	those	items	would	be	lower.	So,	for	four	hypothetical	items	A,	B,	C,
and	D	having	respective	covariances	with	the	true	score	of	.31,	.30,	.27,	and	.05,
correlations	among	A,	B,	and	C	(i.e.,	rAB,	rAC,	and	rBC)	would	generally	be
higher	(and	more	similar)	than	correlations	involving	item	D	(i.e.,	rAD,	rBD,	and
rCD).	This	heterogeneity	of	item	variances	would	be	an	important	clue	to	the
violation	of	the	assumption	of	essential	tau	equivalence	(i.e.,	comparable	item-
to-true-score	covariances).	Also,	items	with	different	response	options,	such	as	a



4-point	option	for	some	items	and	a	7-point	option	for	others,	will	also	often
result	in	violating	the	assumption	of	comparable	item-to-true-score	covariances.
Why	is	this	so?	Even	when	two	people	have	the	same	exact	degree	of	the
attribute	being	assessed,	correspondence	between	their	scores	on	two	items	can
only	be	perfect	when	the	number	of	response	options	is	identical	for	both	items.
More	generally,	having	a	mismatched	number	of	options	between	two	items	will
result	in	a	reduction	in	their	correlation,	relative	to	the	performance	of	the	same
items	when	both	have	the	same	number	of	response	options.	So,	mismatched
response	options	will	result	in	some	item	pairs	(those	with	the	same	number	of
response	options)	potentially	having	stronger	associations	with	other	item	pairs
(where	the	number	of	response	options	do	not	match).	Because	the	item-to-item
associations	are	rooted	in	the	item-to-true-score	associations,	these	disparate
interitem	correlations	imply	that	the	item-to-true-score	covariances	are	also
different	across	items.	That,	of	course,	constitutes	a	violation	of	the	essentially
tau-equivalent	model	on	which	coefficient	alpha	is	based.	As	a	result	of	the
violation	of	this	specific	assumption,	alpha	may	not	provide	an	accurate	estimate
of	the	scale’s	true	reliability.	Thus,	Dunn	et	al.	(2014)	argue	that	the	continued
use	of	alpha	poses	a	problem.

Their	second	argument	is	that	failure	to	meet	those	assumptions	is	not	merely	a
theoretical	concern	but	is	also	of	practical	consequence.	That	is,	the	types	of
reliability	estimate	discrepancies	that	alpha	produces	are	large	enough	to	matter.
Although	both	overestimations	and	underestimations	are	possible	when	an	item
set	fails	to	fulfill	the	assumptions	of	essential	tau	equivalence,	underestimation	is
far	more	common,	because	alpha	is	a	lower	bound	for	reliability	under	the	model
of	essential	tau	equivalence.	Inflation	can	occur,	however,	as	when	the	number
of	items	comprising	the	scale	is	very	large	(because	the	value	obtained	for	alpha
tends	to	increase	with	the	number	of	items).	The	circumstances	involving	the
largest	discrepancies	between	nominal	alpha	levels	and	true	reliability	are	those
that	constitute	the	most	egregious	violations	of	the	assumptions	for	essential	tau
equivalence.	Some	of	these	were	described	earlier	when	describing	the
Gadermann	et	al.	(2012)	study.

Dunn	et	al.	(2014)	also	criticize	the	practice	of	sequentially	deleting	items	one	at
a	time	and	then	looking	at	the	impact	on	alpha	as	a	means	of	discovering	how
best	to	optimize	scale	brevity	and	reliability	(a	topic	I	discuss	further	in	a	later
chapter).	The	argument	they	put	forth	emphasizes	that	removing	a	particular
item	may	increase	alpha	for	a	variety	of	reasons	and	thus	may	not	represent	an
increase	in	true	score	covariance	for	the	item	set	as	a	whole.	They	suggest	that



the	rationale	for	removing	an	item	rests	on	the	assumption	that	the	items	all	have
equal	error	variances	(a	characteristic	of	items	meeting	the	assumptions	of
parallel	but	not	essentially	tau-equivalent	tests,	as	noted	in	Chapter	2).	But	such
is	not	assumed	in	most	applications	of	alpha.	More	often,	the	assumption	is	of
essential	tau	equivalence,	which	does	not	require	equal	error	variances.
Consequently,	a	deleted	item	may	not	have	more	true	score	variance	but	merely
less	error	variance	when	used	in	this	specific	instance	(i.e.,	with	the	sample	from
whom	data	were	collected).	Presumably,	fluctuations	in	error	variance	are	more
sample	dependent,	whereas	covariance	with	the	true	score	is	more	relevant	to
estimating	the	scale’s	reliability	in	the	population.	Thus,	the	argument	goes,	the
apparent	improvement	in	reliability	achieved	by	dropping	items	that	do	not
enhance	alpha	may	be	illusory.

Their	final	criticism	of	alpha	is	based	on	the	notion	that	a	single-value	estimate
of	reliability	is	not	particularly	meaningful	unless	we	have	some	sense	of	how
great	the	dispersion	of	such	estimates	is.	That	is,	without	a	confidence	interval
around	the	estimate	of	reliability	alpha	provides,	it	is	difficult	to	gauge	how
much	faith	we	should	have	in	that	estimate.

Remedies	to	Alpha’s	Limitations
One	means	of	overcoming	this	last	criticism	is	by	determining	a	confidence
interval	for	alpha.	This	allows	the	investigator	to	assert	that	within	a
predetermined	margin	of	error	(e.g.,	95%	confidence),	the	true	reliability	of	the
measure	lies	between	two	specific	values.	So,	for	example,	if	an	alpha	value	of
.85	(the	point	estimate	for	reliability)	had	a	95%	confidence	interval	bounded	by
.80	and	.90,	that	would	indicate	that	the	likelihood	of	the	true	reliability	lying
within	those	boundaries	was	95%	and	the	likelihood	of	it	being	outside	of	those
boundaries	was	5%.

The	method	that	Dunn	et	al.	(2014)	and	others	(e.g.,	Padilla,	Divers,	&	Newton,
2013)	recommend	for	determining	confidence	intervals	for	a	given	reliability
estimate	involves	bootstrapping.	To	clarify	bootstrapping,	I	first	review	how	a
confidence	interval	is	established	without	bootstrapping.	The	concept	of	a
confidence	interval	as	it	applies	here	typically	requires	using	multiple	data	sets
in	order	to	obtain	a	distribution	of	values	for	the	population	parameter	being
estimated.	So,	for	example,	if	we	wanted	a	confidence	interval	around	a	point
estimate	of	the	mean	height	of	people	in	a	particular	town,	we	could	draw	many



samples	of	people	from	that	town,	compute	the	mean	height	for	each	sample,
and	generate	a	distribution	of	those	means.	The	grand	mean	(i.e.,	the	mean	value
for	the	distribution	of	sample	means)	would	be	our	point	estimate	of	the	true
average	height	for	the	town.	We	would	expect	discrepancies	in	average	heights
observed	from	sample	to	sample	to	occur	at	random	because	all	the	samples
were	drawn	from	the	same	population.	Thus,	the	distribution	of	means	for	the
average	height	should	be	normal	(especially	if	we	drew	a	sufficient	number	of
samples).	As	with	any	normal	distribution,	we	could	determine	what	the
boundaries	were	for	the	central	95%	of	the	mean	heights,	specifying	the	sample
values	corresponding	to	the	lower	and	upper	bounds	of	this	region.	So,	if	the
grand	mean	(i.e.,	the	average	of	all	the	individual	sample	averages)	was	68
inches,	we	could	find	the	upper	and	lower	bounds	for	the	95%	confidence
interval	around	that	point	estimate.	Bootstrapping	follows	this	same	logic	with	a
very	important	difference.	Rather	than	drawing	multiple	samples	from	the
population,	it	simulates	that	process	by	drawing	multiple	subsamples	from	a
single	sample	that	is	available.	In	essence,	the	sample	at	hand	is	treated	as	a
population	and	a	large	number	of	different	“samples”	are	drawn	from	it,	with
replacement.	In	this	way,	different	versions	of	the	sample	are	created	and	alpha
can	be	computed	on	each,	resulting	in	a	distribution	of	alpha	scores	that	can
serve	as	a	basis	for	determining	confidence	intervals.

Padilla	et	al.	(2013)	provide	a	detailed	account	of	bootstrapping	confidence
intervals	for	coefficient	alpha	using	simulated	data.	As	a	means	of	understanding
the	utility	of	the	bootstrapping	approach,	simulated	data	can	be	especially	useful
because	the	data	set	can	be	created	with	the	“true”	reliability	of	a	hypothetical
measure	determined	a	priori	by	the	researchers.	An	arbitrary	true	score	value	can
be	fixed	and	“observed”	data	can	be	generated	that	vary	about	the	true	score	in
ways	that	are	fully	under	the	control	of	the	investigators.	Thus,	the	investigators
can	control	both	how	reliable	the	hypothetical	measure	is	at	the	outset	and	the
distributional	properties	(such	as	skewness	and	kurtosis)	of	the	simulated	data
set.	Then,	the	researchers	can	implement	various	approaches	to	bootstrapping
and	determine	which	provide	the	most	accurate	representation	of	the	“true”
values	they	built	into	the	simulated	data.	Padilla	et	al.	(2013)	used	this	approach
to	compare	different	methods	of	estimating	confidence	intervals	for	coefficient
alpha	under	different	data	conditions	(e.g.,	non-normality).	Their	results	suggest
that	some	methods	work	well	across	a	variety	of	conditions	whereas	others	are
more	dependent	on	certain	distributional	conditions	for	their	accuracy.	More
generally,	their	findings,	based	on	simulations,	provide	detailed	insights	into
when	bootstrapping	approaches	can	be	applied	to	finding	confidence	intervals



for	coefficient	alpha	as	an	estimate	of	reliability.

One	potential	downside	to	the	use	of	simulations	is	that	it	is	easy	and	often
tempting	to	simulate	extreme	distributional	properties	that	produce	large
discrepancies	between	estimated	and	theoretical	parameters	such	as	reliability.
Though	the	simulation	approach	is	valuable,	what	most	researchers	care	most
about	are	the	properties	of	their	actual	data.	Fortunately,	bootstrapping
approaches	can	also	be	used	with	actual	data	for	setting	confidence	intervals
around	an	obtained	value	of	alpha.	Bootstrapping	has	not	been	widely	used	this
way	in	the	past,	partly	because	the	computational	tools	for	generating	the
bootstrap	subsamples	and	for	computing	the	confidence	intervals	were	not
readily	available.	This	has	changed	to	a	degree	with	the	advent	of	R	(Venables,
Smith,	&	the	R-Core	team,	2015),	a	powerful	and	versatile	software	environment
that	enables	users	to	perform	a	wide	array	of	analytic	and	graphic	display
operations.	R	is	free	and	can	be	accessed	from	http://www.r-project.org.	This	site
also	provides	documentation.	Within	the	R	environment,	a	number	of	so-called
packages	are	available	that	are	essentially	sets	of	subroutines	tailored	around
accomplishing	specific	analytic	or	graphical	objectives.	These,	too,	are	freely
available	and	can	be	accessed	from	multiple	mirror	locations	from	within	the	R
environment.

Coefficient	Omega	(ω)
Although	it	is	clearly	possible	to	enhance	the	utility	of	alpha	by	using
tetrachoric/polychoric	correlations	or	by	determining	confidence	intervals,	many
methodologists	recommend	an	alternative	approach	that	more	fully	addresses
alpha’s	limitations.	That	remedy	is	coefficient	omega	(ω),	an	alternative	estimate
of	reliability.	The	logic	of	omega	is	similar	to	that	of	alpha.	Both	essentially
define	reliability	as	the	proportion	of	true	score	variance,	relative	to	total
observed	variance.	Omega,	however,	uses	a	different	method	of	computing	the
relevant	variances.	Whereas	alpha	derives	variance	estimates	from	the
covariance	(or	correlation)	matrix	of	the	items	making	up	a	scale,	omega	uses	a
matrix	of	item	loadings	on	the	one	common	factor	the	items	share.	Factor
analysis	is	discussed	more	fully	in	a	subsequent	chapter,	but	for	now,	we	can
state	that	one	of	its	uses	is	for	estimating	the	correlations	between	each	of	a	set
of	items,	on	one	hand,	and	a	factor	representing	the	underlying	variable	that	they
have	in	common,	on	the	other.	Those	correlations	are	the	items’	factor	loadings.
Omega	rests	on	the	assumptions	of	the	congeneric	model	(briefly	discussed	in

http://www.r-project.org.


Chapter	2)	rather	than	the	essentially	tau-equivalent	model	that	underlies	alpha.
The	main	difference	between	the	assumptions	for	the	two	models	is	that	the
congeneric	model	does	not	require	that	the	covariances	of	items	with	their
common	factor	(a	proxy	for	the	true	score)	be	essentially	equal.	All	that	is	really
needed	is	that	all	of	the	items	reflect	a	single	common	underlying	variable	that
gives	rise	to	one	and	only	one	common	factor.

Conceptually,	using	omega	is	very	appealing.	It	rests	on	the	same	logic	as	alpha,
namely,	partitioning	observed	variance	into	a	portion	reflecting	the	true	score
and	the	remainder	reflecting	error.	Then,	the	proportion	of	the	total	(i.e.,	true
score	variance	plus	error	variance)	that	is	attributable	to	the	true	score	will
estimate	the	reliability.	But	it	does	so	without	the	constraints	of	assuming
essential	tau	equivalency.	Unidimensionality	(i.e.,	that	all	the	items	reflect	a
single,	shared	causal	variable)	is	still	a	requirement,	but	the	additional	constraint
that	the	item-with-true-score	covariances	(which	the	items’	factor	loadings
approximate)	must	be	essentially	equal	is	abandoned.

Despite	these	conceptual	advantages,	omega	has	not	been	widely	adopted
because	of	its	greater	computational	complexity.	Unlike	alpha,	which	can	be
computed	with	pencil	and	paper	once	some	basic	statistics	(e.g.,	item	variances
and	total	scale	variance)	have	been	computed,	omega	involves	considerably
heavier	number	crunching.	Convenient	routines	for	computing	omega	have	not
been	widely	available	in	common	statistical	packages,	but	that	is	changing.

Once	again,	R	offers	a	free,	easily	obtainable	solution	to	the	computational
dilemma.	Although	including	a	detailed	description	of	the	analytical	procedure
in	R	is	beyond	the	scope	of	this	volume,	Peters	(2014)	describes	how	to	set	up	R
so	that	only	a	couple	of	lines	of	code	are	needed	to	compute	both	coefficient
alpha	and	coefficient	omega,	complete	with	confidence	intervals	for	each.	This
allows	the	investigator	not	only	to	obtain	omega	but	to	compare	it	to	alpha.	For
those	who	prefer	a	somewhat	more	detailed	look	under	the	hood	of	R’s
operations	and	who	might	need	some	guidance	with	importing	a	data	file	from
sources	such	as	Excel	or	SPSS	into	R,	Dunn	et	al.	(2014)	describe	a	slightly	less
automated	process	for	computing	omega	with	confidence	intervals.	It	is	worth
noting	that	the	bootstrapping	approach	used	in	these	computations	involves
constructing	as	many	as	1,000	subsamples	from	the	original	data	set	and
performing	computations	on	each	of	these.	Thus,	the	entire	process	will	take
substantially	more	time	to	run	to	completion	than	the	simple	computation	of
alpha	using	standard	statistical	packages.	The	time	involved	is	testimony	to	the



fact	that	these	procedures	have	become	widely	accessible	only	with	the	advent	of
computers	and	advanced	software	environments	such	as	R.

In	my	view,	alpha	retains	utility.	As	a	lower	bound,	it	is	a	conservative	estimate
of	reliability.	Moreover,	when	care	is	taken	in	developing	and	selecting	items
and	the	items	conform	to	unidimensionality	and	essential	tau	equivalence,	many
of	the	potential	pitfalls	of	using	coefficient	alpha	as	an	indicator	of	reliability	are
abated.	Finally,	Cronbach’s	alpha	has	been	widely	used	and	researchers’	norms
about	when	instruments	are	sufficiently	reliable	largely	have	been	based	on	the
use	of	alpha.	If	alpha	is	perhaps	a	bit	too	conservative	in	some	circumstances,
then	for	any	given	level	of	reliability,	some	alternative	indicator	well	might	yield
a	higher	numerical	value	than	alpha.	This	might	be	confusing.	Any	given	scale
on	any	particular	occasion	will	have	a	specific	reliability.	A	method	of	estimating
that	reliability	that	yields	a	higher	number	does	not	change	the	reliability	of	the
scale.	If	a	given	scale	on	a	given	occasion	achieves	a	value	for	alpha	of	.80	and	a
value	for	omega	of	.82,	the	scale’s	reliability	has	not	changed	as	a	result	of	the
latter	calculation.	It	is	true	that	the	omega	value	may	be	more	accurate
numerically,	but	it	does	not	mean	that	the	reliability	of	the	scale	has	changed.
Rather,	the	metric	used	to	measure	that	reliability	has	changed.	Stated
differently,	the	higher	numerical	value	of	.82	for	the	omega	coefficient,	in	this
hypothetical	instance,	essentially	equates	to	(i.e.,	represents	the	same	degree	of
reliability	as)	the	.80	value	of	the	alpha	coefficient.	Adopting	a	new	standard	for
representing	reliability	would	thus	require	a	recalibration	of	our	present	alpha-
based	standards.	This	would	not	be	a	simple	linear	transformation;	one	cannot
convert	between	a	glb	or	omega	value	and	coefficient	alpha	by	simply	adding	or
multiplying	by	some	fixed	amount.	(In	the	following	chapter,	I	discuss	similar
arguments	against	correcting	correlations	for	attenuation	when	examining
validity.)	Because	omega	will	be	more	accurate	(e.g.,	if	thinking	of	the	reliability
coefficient	in	terms	of	the	proportion	of	variance	the	scale	shares	with	the	true
score),	it	will	be	useful	eventually	to	become	accustomed	to	the	new	scaling.	As
work	continues	on	various	alternatives	to	alpha,	we	may	soon	reach	a	time	when
the	advantages	of	these	alternatives	justify	their	wider	adoption.	In	the
meantime,	however,	it	is	important	to	recognize	that	the	higher	numerical	values
for	omega	relative	to	alpha	for	the	same	data	generated	by	the	same	scale	are	a
recalibration,	not	an	increase	in	reliability.

Reliability	Based	on	Correlations	Between	Scale
Scores



There	are	alternatives	to	coefficient	alpha	as	an	indicator	of	reliability.	These
types	of	reliability	computation	may	involve	having	the	same	set	of	people
complete	two	separate	versions	of	a	scale	or	the	same	version	on	multiple
occasions.

Alternate-Forms	Reliability
If	two	strictly	parallel	forms	of	a	scale	exist,	then	the	correlation	between	them
can	be	computed	as	long	as	the	same	people	complete	both	parallel	forms.	For
example,	assume	that	a	researcher	first	developed	two	equivalent	sets	of	items
measuring	patients’	desire	for	control	when	interacting	with	physicians,	then
administered	both	sets	of	items	to	a	group	of	patients,	and	then,	finally,
correlated	the	scores	from	one	set	of	items	with	the	scores	from	the	other	set.
This	correlation	would	be	the	alternate-forms	reliability.	Recall	that	parallel
forms	are	made	up	of	items,	all	of	which	(either	within	or	between	forms)	do	an
equally	good	job	of	measuring	the	latent	variable.	This	implies	that	both	forms
of	the	scale	have	identical	alphas,	means,	and	variances	and	measure	the	same
phenomenon.	In	essence,	parallel	forms	consist	of	one	set	of	items	that	have
more	or	less	arbitrarily	been	divided	into	two	subsets	that	make	up	the	two
parallel,	alternate	forms	of	the	scale.	Under	these	conditions,	the	correlation
between	one	form	and	the	other	is	equivalent	to	correlating	either	form	with
itself,	as	each	alternate	form	is	equivalent	to	the	other.

Split-Half	Reliability
A	problem	with	alternate-forms	reliability	is	that	we	usually	do	not	have	two
versions	of	a	scale	that	conform	strictly	to	the	assumptions	of	parallel	tests.
However,	there	are	other	reliability	estimates	that	apply	the	same	sort	of	logic	to
a	single	set	of	items.	Because	alternate	forms	are	essentially	made	up	of	a	single
pool	of	items	that	have	been	divided	in	two,	it	follows	that	we	can	(a)	take	the
set	of	items	that	make	up	a	single	scale	(i.e.,	a	scale	that	does	not	have	any
alternate	form),	(b)	divide	that	set	of	items	into	two	subsets,	and	(c)	correlate	the
subsets	to	assess	reliability.

A	reliability	measure	of	this	type	is	called	a	split-half	reliability.	Split-half
reliability	is	really	a	class	rather	than	a	single	type	of	computational	method
because	there	are	a	variety	of	ways	in	which	the	scale	can	be	split	in	half.	One
method	is	to	compare	the	first	half	of	the	items	with	the	second	half.	This	type	of



first-half,	last-half	split	may	be	problematic,	however,	because	factors	other	than
the	value	of	the	latent	variable	(in	other	words,	sources	of	error)	might	affect
each	subset	differently.	For	example,	if	the	items	making	up	the	scale	in	question
were	scattered	throughout	a	lengthy	questionnaire,	the	respondents	might	be
more	fatigued	when	completing	the	second	half	of	the	scale.	Fatigue	would	then
differ	systematically	between	the	two	halves	and	would	thus	make	them	appear
less	similar.	However,	the	dissimilarity	would	not	be	so	much	a	characteristic	of
the	items	per	se	as	of	their	position	in	the	item	order	of	the	scale.	Other	factors
that	might	differentiate	earlier-occurring	from	later-occurring	items	are	a
practice	effect	(whereby	respondents	might	get	better	at	answering	the	items	as
they	go	along),	failure	to	complete	the	entire	set	of	items,	or	possibly	even
something	as	mundane	as	changes	in	the	print	quality	of	a	questionnaire	from
front	to	back.	As	with	fatigue,	these	factors	would	lower	the	correlation	between
halves	because	of	the	order	in	which	the	scale	items	were	presented	and	not
because	of	the	quality	of	the	scale	items.	As	a	result	of	factors	such	as	these,
measuring	the	strength	of	the	relationships	among	items	may	be	complicated	by
circumstances	not	directly	related	to	item	quality,	resulting	in	an	erroneous
reliability	assessment.

To	avoid	some	of	the	pitfalls	associated	with	item	order,	one	can	assess	another
type	of	split-half	reliability	known	as	odd-even	reliability.	In	this	instance,	the
subset	of	odd-numbered	items	is	compared	with	the	even-numbered	items.	This
assures	that	each	of	the	two	subsets	of	items	consists	of	an	equal	number	from
each	section	(i.e.,	beginning,	middle,	end)	of	the	original	scale.	Assuming	that
item	order	is	irrelevant	(as	opposed	to	the	“easy-to-hard”	order	common	to
achievement	tests,	for	example),	this	method	avoids	many	of	the	problems
associated	with	first-half	versus	second-half	splits.

In	theory,	there	are	many	other	ways	to	arrive	at	split-half	reliability.	Two
alternatives	to	the	methods	discussed	above	for	constituting	the	item	subsets	are
balanced	halves	and	random	halves.	In	the	former	case,	one	would	identify	some
potentially	important	item	characteristics	(e.g.,	first-person	wording,	item	length,
or	whether	a	certain	type	of	response	indicates	the	presence	or	absence	of	the
attribute	in	question).	The	two	halves	of	the	scale	would	then	be	constituted	so
as	to	have	the	characteristics	equally	represented	in	each	half.	Thus,	an
investigator	might	divide	the	items	so	that	each	subset	had	the	same	number	of
items	worded	in	the	first	person,	the	same	number	of	short	items,	and	so	on.
However,	when	considering	multiple-item	characteristics,	it	might	be	impossible
to	balance	the	proportion	of	one	without	making	it	impossible	to	balance



another.	This	would	be	the	case,	for	example,	if	there	were	more	long	than	short
first-person	items.	Creating	a	balance	for	the	latter	characteristic	would
necessitate	an	imbalance	of	the	former.	Also,	it	may	be	difficult	to	determine
which	characteristics	of	the	items	should	be	balanced.

An	investigator	could	obtain	random	halves	merely	by	randomly	allocating	each
item	to	one	of	the	two	subsets	that	will	eventually	be	correlated	with	each	other
to	compute	the	reliability	estimate.	How	well	this	works	depends	on	the	number
of	items,	the	number	of	characteristics	of	concern,	and	the	degree	of
independence	among	the	characteristics.	Hoping	that	a	small	number	of	items,
varying	along	several	interrelated	dimensions,	will	yield	comparable	groupings
through	randomization	is	unrealistic.	On	the	other	hand,	randomly	assigning	a
set	of	50	items	that	vary	with	respect	to	two	or	three	uncorrelated	characteristics
to	two	categories	might	yield	reasonably	comparable	subsets.

Which	method	of	achieving	split	halves	is	best	depends	on	the	particular
situation.	What	is	most	important	is	that	the	investigator	think	about	how
dividing	the	items	might	result	in	nonequivalent	subsets	and	what	steps	can	be
taken	to	avoid	this.	The	reasoning	behind	both	split-half	and	alternate-forms
reliability	is	a	natural	extension	of	the	parallel	tests	model.

Although	when	we	initially	discussed	that	model,	we	regarded	each	item	as	a
test,	one	can	also	regard	a	scale	(or	the	two	halves	of	a	scale)	that	conforms	to
the	model	as	a	test.	Therefore,	we	can	apply	the	logic	we	used	in	the	case	of
several	items	to	the	case	of	two	alternate	forms	or	two	halves	of	a	scale.
Consider	two	tests	(scale	halves	or	alternate	forms)	under	the	parallel	tests
assumptions,	shown	in	Figure	3.3.

Figure	3.3	A	path	diagram	showing	the	relationship	of	two	split	halves	of	a
measure	(X1	and	X2)	to	their	common	latent	variable



The	only	route	linking	the	two	consists	of	the	causal	paths	from	the	latent
variable	to	each	split	half.	Thus,	the	product	of	these	paths’	values	equals	the
correlation	between	the	tests.	If	the	path	values	have	to	be	equal	(and	they	do
under	the	assumptions	of	this	model),	then	the	correlation	between	the	tests
equals	the	square	of	the	path	value	from	latent	variable	to	either	test.	The	square
of	that	path	(assuming	it	is	a	standardized	path	coefficient)	is	also	the	proportion
of	variance	in	either	test	that	is	influenced	by	the	latent	variable.	This,	in	turn,	is
the	definition	of	reliability.	Thus,	the	correlation	between	the	two	tests	equals	the
reliability	of	each.

Whereas	the	tests	referred	to	in	the	preceding	paragraph	are	two	complete
versions	of	a	scale	in	the	alternate-forms	case,	they	are	two	half-scales	in	the
split-half	instance.	Thus,	the	correlation	between	two	split	halves	yields	a
reliability	estimate	for	each	half	of	the	whole	set	of	items,	which	is	an
underestimate	of	the	reliability	for	the	entire	set.	An	estimate	of	the	reliability	of
the	entire	scale,	based	on	the	reliability	of	a	portion	of	the	scale,	can	be
computed	by	using	the	Spearman-Brown	formula,	discussed	earlier	in	this
chapter.	Recall	that,	according	to	this	formula,

where	k	is	the	number	of	items	in	question	and

is	the	average	correlation	of	one	item	with	any	other	(i.e.,	the	average	inter-item
correlation).	If	you	had	determined	the	reliability	of	a	subset	of	items	(e.g.,	by



means	of	the	split-half	method)	and	knew	how	many	items	that	reliability	was
based	on	(e.g.,	half	the	number	in	the	whole	scale),	you	could	use	the	formula	to
compute

.	Then,	you	could	plug	that	value	of

and	the	number	of	items	in	the	whole	scale	back	into	the	formula.	The	result
would	be	an	estimate	of	the	reliability	of	the	whole	scale,	based	on	a	reliability
value	computed	on	split	halves	of	the	scale.	It	simplifies	matters	if	you	perform	a
little	algebra	on	the	Spearman-Brown	equation	to	put	it	into	the	following	form:

where	ryy	is	the	reliability	of	the	item	set	in	question.	For	example,	if	you	knew
that	the	split-half	reliability	for	two	nine-item	halves	was	equal	to	.90,	you	could
compute

as	follows:

You	could	then	recompute	the	reliability	for	the	whole	18-item	scale	by	using	r
=.5	and	k	=	18	in	the	Spearman-Brown	formula.	Thus,	the	reliability	estimate	for
the	full	scale	is

which	equals	9/9.5,	or	.947.	Note	that	increasing	the	number	of	items	has
increased	the	reliability.	A	quick	look	at	the	Spearman-Brown	formula	should
make	it	apparent	that,	all	else	being	equal,	a	longer	scale	will	always	be	more
reliable	than	a	shorter	one.	This	may	not	be	intuitively	obvious.	If	each	item	has



some	signal	and	some	noise,	won’t	adding	items	increase	the	noise	as	well	as	the
signal?	The	answer	is	that,	yes,	it	will;	however,	Lord	and	Novick	(2008)
demonstrate	that	while	error	increases	linearly,	signal	increases	exponentially	as
items	are	added	(p.	86)—that	is,	true	score	variance	accumulates	faster	than	error
score	variance	as	a	test	is	lengthened.	This	is	analogous	to	the	way	that	any
population	parameter	estimate	(e.g.,	the	estimated	mean	weight	of	adolescents	in
the	United	States)	becomes	progressively	more	precise	(i.e.,	closer	to	the
population	true	score)	as	the	number	of	individuals	sampled	increases.

Inter-Rater	Agreement
The	reliability	assessment	methods	we	have	discussed	thus	far	have	involved
items	as	indicators.	This	is	certainly	appropriate	for	a	book	about	scale
development;	however,	in	many	research	contexts,	raters	or	judges	serve	as
indicators.	Although	not	strictly	relevant	to	scale	development,	a	brief	discussion
of	inter-rater	agreement	(see	DeVellis,	2005,	for	an	overview	of	this	topic)	is
useful	because	it	can	underscore	the	conceptual	similarity	it	shares	with	item-
based	reliability	assessment.	In	both	cases,	the	underlying	logic	dictates	that
indicators	sharing	a	common	cause	should	be	associated	with	one	another.	In	the
case	of	raters	or	judges,	if	the	scores	arising	from	their	observations	reflect
properties	of	the	observed	stimulus	rather	than	of	the	judges,	then	those	scores
should	agree.	The	nature	of	that	agreement	can	vary	depending	on	the	goals	of
the	researcher	and	the	approach	taken	to	estimate	inter-rater	agreement.

In	some	cases,	the	investigator	will	require	strict	agreement	in	order	to	consider
the	ratings	reliable.	As	an	example,	the	extent	to	which	two	baseball	umpires	can
reliably	determine	when	a	ball	is	fair	or	foul	would	depend	on	the	extent	to
which	they	agreed	over	a	series	of	occasions.	Any	hit	ball	must	be	either	fair	or
foul	according	to	baseball’s	rules.	Thus,	absolute	agreement	is	appropriate	as	a
means	of	gauging	the	reliability	of	the	umpires’	ratings.	In	other	circumstances,
raters	may	evaluate	a	phenomenon	that	varies	along	a	continuum.	Judges	at	a
state	fair	who	are	rating	the	quality	of	locally	baked	pies,	for	example,	are	likely
to	use	a	scale	that	has	more	gradations	than	a	simple	good-bad	dichotomy.	In
such	a	case,	exact	score	agreement	may	not	be	necessary	to	determine	that	the
ratings	of	multiple	judges	actually	reflect	an	attribute	of	the	pies	and	not	just	of
the	judges	themselves.	Although	one	judge	may	be	more	lenient	than	another
and	thus	give	consistently	higher	ratings,	the	scores	across	judges	should	roughly
correspond	if	they	are	to	be	considered	reliable.	In	fact,	this	might	be	a	better



basis	for	judging	reliability	in	this	circumstance	than	insisting	on	perfect
agreement.	Ratings	assigned	so	that	the	order	of	pies	scored	from	best	to	worst
was	similar	across	judges	would	suggest	that	it	was	the	pies	and	not	the	judges
that	determined	the	assigned	scores.	Yet,	if	the	judges’	scoring	criteria	were
calibrated	somewhat	differently	(e.g.,	one	judge	considered	a	score	of	5	to
represent	average	pie	quality,	while	another	gave	an	average	pie	a	score	of	6),
the	judges	might	never	actually	agree.	Thus,	perfect	agreement	may	not	be	an
appropriate	criterion	for	assessing	reliability	among	judges	in	such	a	case.

In	a	highly	influential	paper,	Patrick	E.	Shrout	and	Joseph	L.	Fleiss	(1979)
described	the	various	ways	of	assessing	inter-rater	agreement	under	different
circumstances.	They	emphasized	that	important	features	of	the	researcher’s
intent	determined	how	best	to	assess	inter-rater	reliability.	For	the	purposes	of
the	present	discussion,	the	most	important	feature	they	discussed	was	whether
exact	agreement	or	mere	correspondence	between	judges	best	represented
evidence	of	rater	consistency.	In	the	example	of	the	umpires,	clearly,	absolute
agreement	would	be	necessary	to	conclude	that	the	raters	were	reliable.	The
version	of	the	ICC	that	is	appropriate	in	this	case	is	equivalent	to	Cohen’s	kappa
(k)	coefficient	(Cohen,	1960).	This	approach	determines	to	what	extent	the
frequency	of	exact	agreements	between	judges	exceeds	what	could	be	expected
by	chance.	In	contrast	to	the	umpires,	the	pie	judges	could	demonstrate	that	they
were	making	reliable	judgments	without	actually	agreeing	precisely.	The	form	of
the	ICC	that	captures	agreement	under	those	circumstances	is	equivalent	to
Cronbach’s	coefficient	alpha.

Thus,	Cronbach’s	alpha	can	be	used	when	one	is	interested	in	the	extent	to	which
either	items	or	raters	generate	scores	that	correspond.	In	both	cases,	the
correspondence	(i.e.,	correlations	among	items	or	raters)	arises	because	of	the
common	influence	of	the	underlying	variable	on	the	indicators,	whether	the	latter
are	items	or	raters.	The	proportion	of	observed	score	variation	that	can	be
ascribed	to	the	true	score	of	the	latent	variable	constitutes	the	indicators’
reliability	in	both	instances.	This	comparability	of	interpretation	across	different
types	of	indicators	(raters	vs.	items)	underscores	the	general	utility	of	alpha	as	an
indicator	of	reliability.

Temporal	Stability
Another	method	of	computing	reliability	involves	the	temporal	stability	of	a



measure,	or	how	constant	scores	remain	from	one	occasion	to	another.	Test-retest
reliability	is	the	method	typically	used	to	assess	this.	In	some	respects,	test-retest
reliability	is	analogous	to	split-half	and	alternate-forms	reliability,	discussed
earlier.	Returning	to	an	earlier	example,	suppose	that,	instead	of	developing	two
sets	of	items	to	measure	patients’	desire	for	control	when	interacting	with
physicians,	our	hypothetical	investigator	developed	a	single-item	set.	Those
items	could	be	given	to	one	group	of	patients	on	two	separate	occasions,	and	the
scores	from	the	first	occasion	could	be	correlated	with	those	from	the	later
administration.	The	rationale	underlying	reliability	determinations	of	this	type	is
that	if	a	measure	truly	reflects	some	meaningful	construct,	it	should	assess	that
construct	comparably	on	separate	occasions.	In	other	words,	the	true	score	of	the
latent	variable	should	exert	comparable	influence	on	observed	scores	on	two	(or
more)	occasions,	while	the	error	component	should	not	remain	constant	across
administrations	of	the	scale.	Consequently,	the	correlation	of	scores	obtained
across	two	administrations	of	a	scale	to	the	same	individuals	should	represent	the
extent	to	which	the	latent	variable	determines	observed	scores.	This	is	equivalent
to	the	definition	of	reliability	as	the	proportion	of	variance	attributable	to	the	true
score	of	the	latent	variable.

The	problem	with	this	reasoning	is	that	what	happens	to	the	scores	over	time
may	or	may	not	have	to	do	with	the	error-proneness	of	the	measurement
procedure.	Nunnally	(1978)	points	out	that	items’	characteristics	might	cause
them	to	yield	temporally	stable	responses	even	when	the	construct	of	interest	has
changed.	For	example,	if	a	purported	anxiety	measure	was	influenced	by	social
desirability	as	well	as	anxiety,	scores	might	remain	constant	despite	variations	in
anxiety.	The	stability	in	scores,	reflected	in	a	high	correlation	across	occasions	of
administration,	would	not	be	the	result	of	invariance	in	the	phenomenon	of
interest.	Alternatively,	the	phenomenon	may	not	change	while	scores	on	the
measure	do—that	is,	the	scale	could	be	unreliable.	Or	changes	in	scores	may	be
attributed	to	unreliability	when,	in	fact,	the	phenomenon	itself	has	changed	and
the	measure	has	accurately	tracked	that	change.	The	problem	is	that	either	a
change	or	the	absence	of	a	change	can	be	due	to	a	variety	of	things	besides	the
(un)reliability	of	the	measurement	procedure.	Kelly	and	McGrath	(1988)
identified	four	factors	that	are	confounded	when	one	examines	two	sets	of	scores
on	the	same	measure,	separated	in	time.	These	are	(1)	real	change	in	the
construct	of	interest	(e.g.,	a	net	increase	in	average	level	of	anxiety	among	a
sample	of	individuals),	(2)	systematic	oscillations	in	the	phenomenon	(e.g.,
variations	in	anxiety	around	some	constant	mean	as	a	function	of	time	of	day),
(3)	changes	attributable	to	differences	in	subjects	or	measurement	methods



rather	than	the	phenomenon	of	interest	(e.g.,	fatigue	effects	that	cause	items	to
be	misread),	and	(4)	temporal	instability	due	to	the	inherent	unreliability	of	the
measurement	procedure.	Only	the	fourth	factor	is	unreliability.

More	recently,	Yu	(2005)	has	discussed	how	errors	in	test-retest	reliability	scores
can	arise	not	only	from	the	shortcomings	of	the	instrument	itself	but	also	from
the	individuals	measured	and	the	administration	procedure.	Errors	arising	from
the	participants	being	assessed	include	carryover	effects	in	which	performance
on	the	first	test	influences	subsequent	performance.	For	example,	a	respondent
may	remember	his	or	her	earlier	answers	and	may	wish	to	appear	consistent.
Thus,	the	answers	on	the	second	administration	are	determined	not	directly	by
the	state	of	the	variable	of	interest	but	by	a	motivation	to	appear	consistent	over
time.	Yu	refers	to	another	respondent-based	source	of	error—the	deliberative
effect.	As	an	example,	high	school	students	may	initially	take	the	Scholastic
Aptitude	Test	primarily	as	a	way	of	gaining	experience	with	the	examination
process.	They	may	then	deliberate	on	that	experience	and	use	it	as	a	basis	for
preparing	for	a	subsequent	examination.	As	an	alternative	example	of	a
deliberative	effect,	participants	who	find	questions	on	an	initial	administration	of
some	instrument	offensive	may	intentionally	omit	or	distort	their	responses	when
the	items	are	readministered.	Errors	of	administration	mentioned	by	Yu	include
variations	in	procedures	from	test	to	retest	(e.g.,	allowing	respondents	to	go	back
and	check	earlier	answers),	poor	instructions,	subjectivity	of	the	scoring	of
responses	(e.g.,	criteria	for	scoring	ambiguous	answers),	and	an	inappropriate
time	interval	between	administrations.	Any	of	these	types	of	errors	could
diminish	reliability	scores	without	the	instrument	itself	being	inherently
unreliable.

This	is	not	to	say	that	demonstrating	temporal	stability	is	unimportant.	In	any
number	of	research	contexts,	it	may	be	critical	to	assume	(or	demonstrate)	that
measurements	separated	in	time	are	highly	correlated.	However,	the	stability	we
seek	in	these	situations	is	stability	of	both	the	measure	and	the	phenomenon.
Test-retest	correlations	tell	us	about	the	measure	only	when	we	are	highly
confident	that	the	phenomenon	has	remained	stable.	Such	confidence	is	not	often
warranted.	Thus,	test-retest	reliability,	although	important,	may	best	be	thought
of	as	revealing	something	about	the	nature	of	a	phenomenon	and	its
measurement,	not	the	latter	alone.	Referring	to	invariance	in	scores	over	time	as
temporal	stability	is	preferable	because	it	does	not	suggest,	as	does	test-retest
reliability,	that	measurement	error	is	the	source	of	any	instability	we	observe.



Computing	test-retest	reliability	typically	involves	some	form	of	the	correlation
coefficient.	Two	tests	separated	by	time	are	analogous	to	two	items	administered
at	the	same	time.	In	the	latter	case,	as	noted	earlier,	the	correlation	between	the
items	reflects	the	product	of	the	two	pathways	extending	from	the	latent	variable
to	the	items.	Under	the	assumptions	of	strictly	parallel	tests,	those	pathways	have
identical	values	and	so	their	product	is	equal	to	the	squared	value	of	each.	Each
pathway	also	represents	the	correlation	between	the	latent	variable	at	its
originating	end	and	the	indicator	at	its	terminating	end.	The	square	of	that	value
is,	thus,	the	squared	correlation,	or	the	proportion	of	variance	shared	between	the
latent	variable	and	the	indicator.	So,	by	correlating	the	two	items,	we	arrive	at	a
value	that	is	conceptually	equivalent	(under	strictly	parallel	test	assumptions)	to
the	proportion	of	variance	shared	between	the	item	and	the	latent	variable.	In	the
case	of	test-retest	reliability,	the	logic	is	identical	but	the	two	indicators	are	now
the	instrument	administered	at	Time	1	and	then	again	at	Time	2.	Their
correlation	should	estimate	the	squared	correlation	(and,	thus,	proportion	of
shared	variance)	between	the	obtained	score	(from	either	administration)	and	the
true	score	of	the	latent	variable.	When	the	assumptions	of	strictly	parallel	tests
are	not	met,	the	resultant	value	becomes	a	lower	bound	for	the	true	reliability.

This	analysis	suggests	that	the	reliability	of	a	set	of	items	administered	on	two
occasions	can	be	estimated	by	the	correlation	between	the	scores	from	the	two
administrations.	This,	in	practice,	is	how	test-retest	reliability	is	typically
computed.	In	the	common	circumstance	when	the	scores	on	the	instrument	are
essentially	continuous,	a	Pearson	product-moment	correlation	is	typically	used.
The	Pearson	correlation	should	work	well	in	the	majority	of	instances	for
instruments	developed	using	the	approach	described	in	this	volume.	Should	the
investigator	be	concerned	that	the	scores	in	question	do	not	conform	to	interval-
level	scaling	(e.g.,	rankings),	an	alternative	form	of	the	correlation	coefficient
may	be	substituted.	Note,	however,	that	even	if	the	individual	items	are	not
strictly	interval,	a	score	based	on	summing	such	items	will	more	closely
approximate	interval	scaling.

Reliability	of	Change	Scores
One	more	aspect	of	considering	reliability	across	time	deserves	our	attention.
Because	a	measure	demonstrates	reliability,	it	does	not	necessarily	follow	that
change	scores	(also	known	as	difference	scores),	computed	as	the	difference
between	two	temporally	separated	administrations	of	the	measure,	will	be



equally	reliable.	In	fact,	several	authors	(e.g.,	Linn	&	Slinde,	1977;	Overall	&
Woodward,	1975)	have	noted	that	change	scores	tend	to	be	less	reliable	than
single-measurement	scores	obtained	from	the	same	measurement	tool.

Before	examining	this	issue	further,	let	us	think	about	what	the	reliability	of	a
change	score	represents.	The	concept	of	reliability	for	a	difference	score
presumes	that	(a)	there	is	variation	in	change	and	(b)	some	portion	of	that
variation	is	attributable	to	true	differences	in	change	and	the	remainder	to	other
factors	(i.e.,	error).	Presumably,	individuals	in	a	given	situation	possess	differing
“true	scores”	representing	their	individual	changes	over	time.	That	is,	the	true
value	corresponding	to	the	change	in	time	will	vary	from	individual	to
individual.	To	the	extent	that	variation	across	individuals	in	change	scores	is
influenced	by	actual	true	score	differences	rather	than	error,	that	measure	of
change	is	reliable.	To	take	an	extreme	example,	if	everyone	changes	exactly	the
same	amount,	then	individual	differences	in	the	propensity	to	change	do	not
exist.	That	is,	there	is	no	variation	across	people	in	true	change,	and,	thus,	there
is	no	correlation	between	true	change	and	observed	change	(as	is	always	the	case
when	one	of	them	is	invariant).	Consequently,	the	reliability	of	the	change	score
(i.e.,	the	square	of	the	correlation	between	true	and	observed	scores)	must	also
be	0.0.	At	a	more	intuitive	level,	if	everyone	changes	in	unison,	we	would	be
likely	to	assume	that	the	change	represented	some	kind	of	situational	effect
rather	than	purely	personal	attributes.	If	the	thing	we	are	interested	in	measuring
is	a	personal	attribute,	then	a	change	score	reflecting	primarily	a	situational
rather	than	a	personal	phenomenon	is	not	accomplishing	our	objective.

What	does	the	equation	for	the	reliability	of	change	scores	look	like?	As	with
any	reliability	coefficient,	it	is	the	proportion	of	total	variation	that	can	be
attributed	to	true	variation.	Thus,

where	rΔ	is	the	reliability	of	the	change	score,

is	the	true	change	score	variance,	and



is	the	observed	change	score	variance	(i.e.,	the	sum	of	true	score	and	error
variances).	We	can	treat	variances	of	change	scores	as	we	have	other	variances
of	combinations,	that	is,	as	equal	to	the	sum	of	each	of	the	variances	of	the
components,	plus	twice	their	covariance.	This	is	analogous	to	expanding	the
algebraic	expression	(X	+	Y)2	into	X2	+	Y2	+	2XY.	However,	because	we	are
dealing	with	difference	scores	of	the	form	D	=	X2	−	X1,	we	are	subtracting,	not
adding,	so	the	algebraic	expression	is	actually	analogous	to	expanding	(X	−	Y)2
into	X2	+	Y2	−	2XY.	Because	(X2	−	X1)2	=	X12	+	X22	−	2(X1	×	X2),	when	we
expand	our	variance	for	the	difference	score,	we	arrive	at

where	the	first	two	terms	in	the	numerator	are	the	true	score	variances	for	the
initial	and	later	administrations,	respectively,	of	the	measure	in	question;	the	last
term	in	the	numerator	is	their	covariance.	The	denominator	terms	correspond	to
their	counterparts	in	the	numerator,	but	the	variances	are	for	observed	rather	than
true	scores.

We	can	estimate	true	score	variances	by	multiplying	the	measures’	reliabilities
times	their	observed	score	variances.	This,	in	essence,	gives	us	a	proportion	of
the	observed	score	variance	that	we	consider	to	arise	from	the	true	score	rather
than	error.	Using	this	estimation	procedure	for	the	true	score	variance,	the
previous	expression	is	equivalent	to	where	rX1,X1	and	rX2,X2	are	the	reliabilities
of	the	first	and	second	measurements,	respectively.	Note	that	in	both	the
preceding	equations,	the	covariance	is	identical	in	both	the	numerator	and
denominator.	This	is	so	because,	if	we	assume	errors	to	be	uncorrelated	across
time,	all	the	variation	shared	across	time	is	reliable	variation.	That	is,	the
covariance	in	observed	scores	can	only	arise	from	true	score	covariation	if	the
assumption	of	uncorrelated	errors	holds.	Consequently,	the	observed	covariance
and	the	true	covariance	are	one	and	the	same.



Using	the	previous	formula,	we	can	tabulate	what	change	score	reliabilities
would	be	for	various	values	of	score	variances	and	covariances.	Let	us	assume
that	both	the	Time	1	and	Time	2	scores	have	unit	variance	and	that	the	measure
in	question	has	the	same	reliability	at	both	Time	1	and	Time	2.	We	can	now	see
how	their	covariance	affects	the	reliability	of	the	change	score.

What	we	see	is	that	higher	reliability	at	a	single	time	is	associated	with	higher
change	score	reliability	(i.e.,	the	increase	in	change	score	reliability	values	from
left	to	right	across	any	row	of	the	table),	which	is	not	surprising.	What	may	be
more	surprising	at	first	blush	is	that	a	higher	covariance	of	scores	across	time
results	in	lower	reliability	of	the	change	score	(i.e.,	the	drop	in	change	score
reliability	values	from	top	to	bottom	along	any	column	of	the	table).

Rogosa	(1988),	who	has	been	among	the	strongest	proponents	of	change	scores,
points	out	that	tables	giving	reliability	values	only	for	scores	that	are	highly
correlated	across	time	(like	those	in	the	lower	rows	of	the	previous	table)	may
paint	an	unduly	gloomy	picture	of	the	reliability	of	change	scores.	High	score
covariance	across	time,	Rogosa	argues,	constrains	the	proportion	of	observed



variance	at	Time	2	that	can	be	attributed	to	individual	differences	in	change.
That	is,	the	reason	for	high	covariation	over	time	is	that	everyone	is	essentially
changing	in	unison	rather	than	there	being	substantial	person-to-person	variation
in	score	change	over	time.	If	there	is	little	variation	in	the	true	rate	of	change,
then	there	cannot	be	much	covariation	between	the	true	change	score	and	the
observed	change	score	(recall	that	for	there	to	be	substantial	covariation	there
must	be	substantial	variation	for	both	variables).	Rogosa	(1988)	goes	on	to	argue
that,	where	the	true	extent	of	variation	in	rate	of	change	is	ample,	the	reliability
of	change	scores	relative	to	the	reliability	of	single-point-in-time	scores	is
considerably	more	favorable.	The	upper	rows	of	our	table	illustrate	this	point.
Often,	however,	published	tables	have	presented	only	the	extreme	circumstances
depicted	in	the	bottom	rows	of	the	previous	table.

What	does	all	of	this	mean	at	a	practical	level?	Circumstances	where	the	events
occurring	over	time	are	expected	to	have	an	effect	of	comparable	magnitude	on
all	participants	will	result	in	poor	change	score	reliability	because	there	will	be
little	variation	in	change	across	people.	That	is,	if	the	lion’s	share	of	variability	is
due	to	factors	associated	with	the	passage	of	time	(such	as	receipt	of	an
intervention	that	impacts	all	recipients	equally),	then	the	share	attributable	to
individual	differences	must	be	correspondingly	small.	If	everyone’s	score	from
Time	1	to	Time	2	increased	by	5	points,	for	example,	you	could	perfectly	predict
the	Time	2	score	from	the	previous	score.	The	correlation	of	the	scores	at	the	two
times	would	be	1.0,	the	raw	change	score	would	be	invariant	(i.e.,	5	points	for
everyone),	and	the	reliability	of	the	change	score	thus	would	be	zero.
Conversely,	situations	where	changes	over	time	are	likely	to	vary	substantially
from	individual	to	individual	create	at	least	the	opportunity	for	change	scores	to
be	more	reliable.	Viewed	from	a	slightly	different	perspective,	if	the	amount	of
variance	contributed	to	the	Time	2	score	by	the	Time	1	score	is	nearly	100%,
then	very	little	of	the	variation	in	the	Time	2	score	is	ascribable	to	variables
other	than	the	Time	1	score.	The	Time	2	score	is	essentially	determined	by
whose	score	it	is,	irrespective	of	what	may	have	occurred	between	Time	1	and
Time	2.	Thus,	it	is	uninformative	with	respect	to	change	over	time.	A	putative
indicator	of	change	in	some	variable	that	is	insensitive	to	changes	occurring	over
time	is	obviously	not	doing	its	intended	job.

Traub	(1994)	also	has	addressed	the	issue	of	reliability	of	difference	scores.	He
suggests	that	assumptions	about	the	measures	involved	may	be	particularly
problematic	when	one	plans	to	look	at	raw	change	scores	(e.g.,	posttest	score
minus	pretest	score).	Specifically,	Traub	notes	that	the	consistency	of	what	the



scale	is	measuring	within	and	across	time	periods	takes	on	particular	importance
when	change	scores	are	involved.	For	example,	departures	from	true	interval
scaling,	even	within	a	single	time	period,	may	pose	a	problem	because	changes
at	some	portions	of	the	range	of	scores	may	then	not	be	comparable	in
magnitude	to	numerically	identical	changes	at	different	points	along	the	scale.
Thus,	on	a	scale	of	physical	disability	ranging	from	1	to	10,	for	example,
changing	from	a	score	of	2	to	a	score	of	3	may	not	be	equivalent	to	changing
from	a	score	of	5	to	6.	Another	example	concerns	changes	from	one	time	period
to	another.	Differences	in	what	the	“same”	scale	measures	at	two	times	may
change	if,	for	example,	people	used	memory	of	their	earlier	responses	as	a	guide
in	determining	their	answers	to	the	posttest	rather	than,	or	in	addition	to,	the
attribute	the	scale	was	intended	to	measure.	Traub	also	observes	that	attempts	to
minimize	this	problem	by	using	different	measures	(e.g.,	parallel	forms)	at	Time
1	and	Time	2	may	create	additional	problems.	One	such	problem	is	different
calibration.	Unless	units	of	change	on	the	initial	measure	mean	exactly	the	same
thing	as	units	of	change	on	the	later	measure,	change	scores	can	be	misleading.
Even	purportedly	parallel	tests,	Traub	warns,	may	have	subtle	differences	in
calibration	or	in	the	latent	variables	that	determine	their	scores.	Consequently,	he
advises	against	the	use	of	change	scores.

Hewett,	Anderson,	and	Minor	(1992)	describe	five	alternative	analytic	strategies
for	research	designs	involving	change.	In	addition	to	(a)	using	change	scores	as
dependent	variables,	these	methods	include	(b)	testing	the	interaction	between
group	membership	and	time,	
(c)	testing	for	differences	in	means	at	Time	2,	(d)	testing	for	differences	in	Time
2	means	after	controlling	for	scores	in	Time	1	by	means	of	the	analysis	of
covariance	(ANCOVA),	and	(e)	using	a	nonparametric	ANCOVA	to	control	for
Time	1	means.	The	authors	conclude	that	it	is	essential	to	take	into	consideration
the	initial	scores	if	these	are	correlated	with	later	scores	(as	will	often	be	the
case).	Thus,	they	recommend	the	ANCOVA	solutions.	The	logic	is	to	take	into
account	the	initial	state	of	the	dependent	variable	before	examining	the	effect	of
the	independent	variable.	An	analysis	of	this	type	can	be	structured	in	at	least
two	equivalent	ways.	One	is	to	treat	the	initial	level	of	the	dependent	variable	as
a	covariate	and	to	treat	its	later	level	as	the	outcome.	Equivalently,	one	can
substitute	the	change	score	as	the	outcome.	These	two	approaches	are
mathematically	equivalent	because	among	the	initial	score,	the	subsequent	score,
and	the	change	score,	there	are	really	only	two	independent	pieces	of
information.	Knowing	any	two	determines	the	third	(i.e.,	there	are	only	two
degrees	of	freedom	among	the	three	scores).	Controlling	for	the	initial	state	of



the	variable	is	one	piece	of	information.	The	remaining	piece	can	be	represented
by	using	either	of	the	remaining	two	as	the	outcome.	It	is	important	to	realize,
however,	that	using	the	change	score	as	the	outcome	when	the	initial	state	is
controlled	is	not	the	same	as	using	a	raw	change	score	as	an	outcome	with	no
adjustment	for	the	variable’s	initial	state.	The	inclusion	of	the	initial	state	as	a
control	variable	avoids	many	of	the	problems	associated	with	change	score
unreliability	because	it	is	the	raw	(i.e.,	unadjusted)	change	score	that	is	subject	to
unreliability.

More	recently,	Kruyen,	Emons,	and	Sijtsma	(2014)	have	noted	additional	issues
that	can	plague	change	scores.	More	specifically,	their	paper	addresses	a
common	use	of	change	scores,	namely,	to	assess	individual	change	in	a	clinical
context.	As	an	example,	a	mental	health	practitioner	may	wish	to	assess	whether
a	patient	has	experienced	reduced	symptoms	after	receiving	treatment	or	whether
that	patient	has	transitioned	across	a	diagnostic	threshold	and	should	no	longer
be	considered	as	warranting	a	previous	diagnosis.	Scale	reliability	may	not	be
appropriately	used	to	determine	whether	individual-level	conclusions	are
justified.	As	Kruyen	et	al.	(2014)	note,	reliability	is	essentially	a	property	of	a
scale’s	performance	across	a	group	of	respondents.	Consequently,	applying	it	to
make	judgments	about	changes	in	individuals	poses	problems.	One	common	but
especially	problematic	scenario	arises	when	a	clinician	attempts	to	gauge	how
much	an	individual	has	changed	based	on	score	differences	over	time	in	a
relatively	brief	scale.	Kruyen	et	al.	(2014)	caution	that	where	a	scale	has	fewer
than	10	items,	using	it	in	this	way	can	produce	an	unacceptably	high	rate	of
erroneous	judgments.

As	with	many	other	topics	in	this	volume,	the	best	practice	to	follow	is	to	think
through	the	circumstance	at	hand	and	how	it	comports	with	the	data	available
and	the	assumptions	for	various	approaches.	There	will	be	circumstances	in
which	change	scores	will	make	a	good	deal	of	sense	and,	especially	when	initial
scores	are	taken	into	account,	work	well.	In	other	situations,	and	especially	when
using	raw	change	scores	is	contemplated,	some	other	approach	may	be
warranted.	The	full	range	of	possible	circumstances	and	possible	approaches	are
too	numerous	to	discuss	here.	However,	the	basic	message	of	this	section—that
the	reliability	of	a	change	score	cannot	be	assumed	to	equal	the	reliability	of	the
scores	at	a	single	time—should	not	be	overlooked.

Reliability	and	Statistical	Power



An	often	overlooked	benefit	of	more	reliable	scales	is	that	they	increase
statistical	power	for	a	given	sample	size	(or	allow	a	smaller	sample	size	to	yield
equivalent	power),	relative	to	less	reliable	measures.	To	have	a	specified	degree
of	confidence	in	the	ability	to	detect	a	difference	of	a	given	magnitude	between
two	experimental	groups,	for	example,	one	needs	a	particular	size	sample.	The
probability	of	detecting	such	a	difference	(i.e.,	the	power	of	the	statistical	test)
can	be	increased	by	increasing	the	sample	size.	In	many	applications,	much	the
same	effect	can	be	obtained	by	improving	the	reliability	of	measurement.	A
reliable	measure,	like	a	larger	sample,	contributes	relatively	less	error	to	the
statistical	analysis.	Researchers	might	do	well	to	weigh	the	relative	advantages
of	increasing	scale	reliability	versus	sample	size	in	research	situations	where
both	options	are	available.

The	power	gains	from	improving	reliability	depend	on	a	number	of	factors,
including	the	initial	sample	size,	the	probability	level	set	for	detecting	a	Type	I
error,	the	effect	size	(e.g.,	mean	difference)	that	is	considered	significant,	and	the
proportion	of	error	variance	that	is	attributable	to	measure	unreliability	rather
than	sample	heterogeneity	or	other	sources.	A	precise	comparison	between
reliability	enhancement	and	sample	size	increase	requires	that	these	factors	be
specified;	however,	the	following	examples	illustrate	the	point.	In	a	hypothetical
research	situation	with	the	probability	of	a	Type	I	error	set	at	.01,	a	10-point
difference	between	two	means	regarded	as	important,	and	an	error	variance
equal	to	100,	the	sample	size	would	have	to	be	increased	from	128	to	172	(34%
increase)	to	raise	the	power	of	an	F	test	from	.80	to	.90.	Reducing	the	total	error
variance	from	100	to	75	(25%	decrease)	would	have	essentially	the	same	result
without	increasing	the	sample	size.	Substituting	a	highly	reliable	scale	for	a
substantially	poorer	one	might	accomplish	this.	As	another	example,	for	N	=	50,
two	scales	with	reliabilities	of	.38	that	have	a	correlation	(r	=.24)	barely
achieving	significance	at	p	<	.10	are	significant	at	p	<	.01	if	their	reliabilities	are
increased	to	.90.	If	the	reliabilities	remained	at	.38,	a	sample	more	than	twice	as
large	would	be	needed	for	the	correlation	to	reach	p	<	.01.	Lipsey	(1990)
provides	a	more	comprehensive	discussion	of	statistical	power,	including	the
effects	of	measurement	reliability.

Reliability	is	enhanced	by	both	the	number	of	items	and	the	average	correlation
between	items	(which	arises	from	a	stronger	correlation	between	each	item	and
the	true	score);	either	more	items	or	better	items	can	increase	reliability.	Either
method	of	enhancing	reliability	can	enhance	statistical	power.	Again,	this	is
analogous	to	how	sampling	can	increase	statistical	power.	Reducing	sampling



error,	either	by	sampling	“bigger”	(i.e.,	collecting	data	from	a	larger	sample)	or
sampling	“smarter”	(i.e.,	collecting	data	from	individuals	who	are	better
exemplars	of	the	population	of	interest),	can	increase	statistical	power.	Likewise,
bigger	(more	items)	and	smarter	(stronger	inter-item	correlations)	scales	can
reduce	variability	arising	from	measurement	error	and,	thus,	increase	statistical
power.

Generalizability	Theory
Thus	far,	our	discussion	of	reliability	has	focused	on	partitioning	observed
variation	into	the	portion	that	is	attributable	to	the	true	score	of	the	latent
variable	and	the	remaining	portion,	which	is	error.	This	section	briefly
introduces	a	more	general	framework	for	partitioning	variance	among	error	and
nonerror	sources.	It	harkens	back	to	our	earlier	discussion	of	ANOVA-based
approaches	to	distinguishing	among	sources	of	variation.

Before	we	apply	the	idea	of	a	finer	partitioning	of	error	variance	to
measurement,	let	us	consider	a	more	general	research	example	in	which	multiple
sources	of	variation	are	examined.	Suppose	that	a	researcher	wanted	to
determine	the	effectiveness	of	a	training	program	intended	to	increase
professional	productivity.	Assume,	furthermore,	that	the	researcher	administered
the	training	program	to	a	large	sample	of	college	professors	and	to	a	comparable
sample	of	artists.	The	researcher	also	identified	comparable	groups	of	professors
and	artists	who	would	not	participate	in	the	training	program	but	who	would	take
part	in	the	same	productivity	assessment	as	the	training	program	participants.
Upon	giving	the	study	some	thought,	this	researcher	might	have	concluded	that
the	observations	of	productivity	would	reflect	the	operation	of	three	identifiable
sources	of	systematic	variation:	(1)	participant	versus	nonparticipant,	(2)
professor	versus	artist,	and	(3)	the	interaction	of	these	effects.	A	reasonable
analytic	strategy	in	this	situation	would	be	to	perform	ANOVA	on	the
productivity	scores,	treating	each	of	these	sources	of	variation	as	a	dimension	in
the	analysis.	The	investigator	could	then	determine	to	what	extent	each	source	of
variation	contributed	to	the	total	variation	in	professional	productivity.	In
essence,	this	analytic	strategy	would	partition	the	total	variance	among	observed
productivity	scores	into	several	sources:	training	participation,	profession,	the
interaction	of	these,	and	error.	Error	would	represent	all	sources	of	variation
other	than	those	specified	by	the	preceding	factors.



Now,	consider	a	hypothetical	situation	in	which	a	researcher	is	developing	a
scale	of	desire	for	autonomy.	The	measure	will	be	used	in	a	study	of	elderly
people,	some	of	whom	may	have	visual	problems.	Consequently,	the	investigator
plans	to	administer	the	desire-for-autonomy	measure	orally	to	those	people	who
would	have	difficulty	reading	and	in	written	form	to	the	remaining	study
participants.

If	the	researcher	ignored	mode	of	administration	(written	vs.	oral)	as	a	source	of
variation	in	test	scores,	he	or	she	would	be	regarding	each	score	obtained	as	due
to	the	true	level	of	the	respondent’s	desire	for	autonomy	plus	some	degree	of
error.	The	researcher	could	proceed	to	calculate	reliability	as	discussed	earlier.
Note,	however,	that	merely	computing	alpha	on	the	scale	scores	without	regard
for	the	mode	of	administration	would	not	differentiate	the	potential	systematic
error	due	to	administration	method	from	any	other	source	of	error.

Alternatively,	it	is	possible	for	the	researcher	to	acknowledge	administration
mode	as	a	source	of	variation	among	scores,	using	an	ANOVA	approach.	If	the
resulting	analysis	demonstrated	that	the	difference	between	administration
methods	accounted	for	an	inconsequential	proportion	of	the	total	variation	in
scores,	then	the	researcher	could	have	greater	confidence	in	the	comparability	of
scores	for	individuals	completing	either	the	oral	or	written	version.	If,	on	the
other	hand,	a	significant	amount	of	the	total	observed	variation	in	scores	were
attributable	to	administration	mode,	then	the	researcher	would	know	that	any
interpretation	of	scores	should	take	this	difference	between	modes	into
consideration.

Generalizability	theory	(e.g.,	Cronbach,	Gleser,	Nanda,	&	Rajaratnam,	1972)
provides	a	framework	for	examining	the	extent	to	which	one	can	assume
equivalence	of	a	measurement	process	across	one	or	more	dimensions.	In	the
preceding	example,	the	dimension	in	question	was	mode	of	administration.	Each
dimension	of	interest	is	a	potential	source	of	variation	and	is	referred	to	as	a
facet.	The	example	focuses	on	mode	of	administration	as	the	only	potential
source	of	variation	(other	than	individuals)	across	which	the	investigator	wished
to	generalize.	Therefore,	this	example	involves	a	single	facet.

In	the	parlance	of	generalizability	theory,	observations	obtainable	across	all
levels	of	a	facet	(e.g.,	with	both	oral	and	written	administration	of	the	scale)
constitute	a	universe	of	admissible	observations.	The	mean	of	these	observations
is	referred	to	as	the	universe	score	and	is	analogous	to	the	true	score	of	classical



test	theory	(Allen	&	Yen,	1979).	A	study	aimed	at	determining	to	what	extent
scores	are	comparable	across	different	levels	of	a	facet	is	called	a
generalizability	study,	or	G-study.	The	hypothetical	study	of	desire	for	autonomy
is	an	example	of	a	G-study	by	virtue	of	its	addressing	the	effects	of	different
levels	of	the	mode-of-administration	facet.

The	purpose	of	the	G-study	is	to	help	the	investigator	determine	the	extent	to
which	the	facet	does	or	does	not	limit	generalizability.	If	a	facet	(e.g.,	mode	of
administration)	explains	a	significant	amount	of	the	variance	in	observed	scores,
findings	do	not	generalize	across	levels	(e.g.,	oral	vs.	written	administration)	of
that	facet.	The	extent	to	which	one	can	generalize	across	levels	of	the	facet
without	misrepresenting	the	data	is	expressed	as	a	generalizability	coefficient.
This	is	typically	computed	by	forming	a	ratio	from	the	appropriate	mean	squares
resulting	from	the	ANOVA	performed	as	part	of	the	G-study.	Conceptually,	the
generalizability	coefficient	is	the	ratio	of	universe	score	variance	to	observed
score	variance	and	is	thus	analogous	to	the	reliability	coefficient	(Allen	&	Yen,
1979).	Note,	however,	that	if	a	G-study	yields	a	poor	generalizability	coefficient,
the	study’s	design	points	to	a	source	of	the	problem	(i.e.,	the	facet	examined).	A
reliability	coefficient	merely	identifies	the	amount	of	error	without	attributing	it
to	a	specific	source.

In	some	instances,	choosing	the	appropriate	ANOVA	design,	deciding	which
effects	correspond	to	the	facets	of	interest,	and	constructing	the	correct
generalizability	coefficient	can	be	demanding.	Just	as	with	ANOVA	in	general,
multiple	dimensions	and	nested,	crossed,	and	mixed	effects	can	complicate	a	G-
study.	(See	Myers,	1979,	or	Kirk,	1995,	for	general	discussions	of	ANOVA
designs.)	Keeping	the	design	of	a	G-study	simple	is	advisable.	It	is	also	prudent
to	consult	a	source	that	explains	in	detail	how	to	build	the	appropriate	ANOVA
model	for	a	given	type	of	G-study.	Crocker	and	Algina	(1986)	describe	the
appropriate	designs	for	several	different	one-	and	two-facet	generalizability
studies.	This	source	also	provides	a	good	general	introduction	to	generalizability
theory.

Summary
Scales	are	reliable	to	the	extent	that	they	consist	of	reliable	items	that	share	a
common	latent	variable.	Coefficient	alpha	corresponds	closely	to	the	classical
definition	of	reliability	as	the	proportion	of	variance	in	a	scale	that	is	attributable



to	the	true	score	of	the	latent	variable.	Various	methods	for	computing	reliability
have	different	utility	in	particular	situations.	For	example,	if	one	does	not	have
access	to	parallel	versions	of	a	scale,	computing	alternate-forms	reliability	is
impossible.	A	researcher	who	understands	the	advantages	and	disadvantages	of
alternative	methods	for	computing	reliability	is	in	a	better	position	to	make
informed	judgments	when	designing	a	measurement	study	or	evaluating	a
published	report.	Reliability	is	an	issue	that	transcends	different	research
concerns	and	contexts.	Generalizability	theory	and	the	intraclass	correlation
coefficient	approach	to	reliability	assessment	both	exploit	the	capacity	of
analysis	of	variance	to	isolate	and	quantify	separate	sources	of	variation.	Thus,
research	activities	as	seemingly	disparate	as	a	generalizability	study,	a
psychometric	evaluation	of	questionnaire	items,	and	an	assessment	of	inter-rater
reliability	are	all	grounded	in	a	common	definition	of	reliability	as	the	proportion
of	variance	attributable	to	the	true	score	of	the	phenomenon	of	interest.

Exercises2

Notes
1.	For	weighted	items,	covariances	are	multiplied	by	products	and	variances	by
squares	of	their	corresponding	item	weights.	See	Nunnally	(1978,	pp.	154−156)
for	a	more	complete	description.

2.	Throughout	the	book,	the	solution	for	any	exercise	requiring	a	numeric	answer
will	appear	in	a	footnote.

3.	Answers:	(a)	1.2,	1.0,	and	1.8	(which	sum	to	4.0);	(b)	7.0	(the	sum	of	all
elements	in	the	matrix);	(c)	(3/2)	×	[1	−	(4.0/7.0)]	=	.64.



4	Validity

Whereas	reliability	concerns	how	much	a	variable	influences	a	set	of	items,
validity	concerns	whether	the	variable	is	the	underlying	cause	of	item
covariation.	To	the	extent	that	a	scale	is	reliable,	variation	in	scale	scores	can	be
attributed	to	the	true	score	of	some	phenomenon	that	exerts	a	causal	influence
over	all	the	items.	However,	determining	that	a	scale	is	reliable	does	not
guarantee	that	the	latent	variable	shared	by	the	items	is,	in	fact,	the	variable	
of	interest	to	the	scale	developer.	The	adequacy	of	a	scale	as	a	measure	of	a
specific	variable	(e.g.,	perceived	psychological	stress)	is	an	issue	of	validity.

Some	authors	have	assigned	a	broader	meaning	to	validity.	For	example,
Messick	(1995)	described	six	types	of	validity,	one	of	which	(consequential
validity)	concerned	the	impact	on	respondents	of	how	their	scores	are	used.
Although	Messick’s	views	on	validity	raised	some	thought-provoking	issues,	his
classification	system	has	not	been	widely	adopted.	According	to	the	more
conventional	interpretation,	validity	is	inferred	from	the	manner	in	which	a	scale
was	constructed,	its	ability	to	predict	specific	events,	or	its	relationship	to
measures	of	other	constructs.	There	are	essentially	three	types	of	validity	that
correspond	to	these	operations:

1.	 Content	validity
2.	 Criterion-related	validity
3.	 Construct	validity

Each	type	will	be	reviewed	briefly.	For	a	more	extensive	treatment	of	validity,
including	a	discussion	of	methodological	and	statistical	issues	in	criterion-
related	validity	and	alternative	validity	indices,	see	Chapter	10	in	Ghiselli,
Campbell,	and	Zedeck	(1981).	Readers	might	also	want	to	consider	Messick’s
(1995)	more	all-encompassing	view	of	validity.

Content	Validity
Content	validity	concerns	item	sampling	adequacy—that	is,	the	extent	to	which	a
specific	set	of	items	reflects	a	content	domain.	Content	validity	is	easiest	to
evaluate	when	the	domain	(e.g.,	all	the	vocabulary	words	taught	to	sixth-graders)



is	well	defined.	The	issue	is	more	subtle	when	measuring	attributes	such	as
beliefs,	attitudes,	or	dispositions	because	it	is	difficult	to	determine	exactly	what
the	range	of	potential	items	is	and	when	a	sample	of	items	is	representative.	In
theory,	a	scale	has	content	validity	when	its	items	are	a	randomly	chosen	subset
of	the	universe	of	appropriate	items.	In	the	vocabulary	test	example	used	above,
this	is	easily	accomplished.	All	the	words	taught	during	the	school	year	would	be
defined	as	the	universe	of	items.	Some	subset	could	then	be	sampled.	However,
in	the	case	of	measuring	beliefs,	for	example,	we	do	not	have	a	convenient
listing	of	the	relevant	universe	of	items.	Still,	one’s	methods	in	developing	a
scale	(e.g.,	having	items	reviewed	by	experts	for	relevance	to	the	domain	of
interest,	as	suggested	in	Chapter	5)	can	help	maximize	item	appropriateness.	For
example,	if	a	researcher	needed	to	develop	a	measure	contrasting	expected
outcomes	and	desired	outcomes	(e.g.,	expecting	vs.	wanting	a	physician	to
involve	the	patient	in	decision	making),	it	might	be	desirable	to	establish	that	all
relevant	outcomes	were	represented	in	the	items.	To	do	this,	the	researcher	might
have	colleagues	familiar	with	the	context	of	the	research	review	an	initial	list	of
items	and	suggest	content	areas	that	have	been	omitted	but	that	should	be
included.	Items	reflecting	this	content	could	then	be	added.

Content	validity	is	intimately	linked	to	the	definition	of	the	construct	being
examined.	Stated	simply,	a	scale’s	content	should	reflect	the	conceptual
definition	applicable	to	that	scale.	Some	concepts	may	have	been	defined	in
more	than	one	way	by	theoreticians	or	may	lie	at	the	intersection	of	multiple
concepts.	It	is	essential	that	item	content	capture	the	aspects	of	the	phenomenon
that	are	spelled	out	in	its	conceptual	definition	and	not	other	aspects	that	might
be	related	but	are	outside	the	investigator’s	intent	for	that	particular	instrument.

As	an	example,	Sterba	and	colleagues	(2007)	set	out	to	develop	a	measure	of
dyadic	efficacy	related	to	how	couples	in	which	one	partner	had	rheumatoid
arthritis	perceived	their	ability	to	manage	the	illness	as	a	team.	This	instrument
was	the	first	to	assess	dyadic	efficacy,	a	couple’s	confidence	in	their	ability	as	a
team	to	take	various	health-promoting	actions.	Thus,	the	concept	underlying	the
instrument	was	distinct	from,	although	related	to,	other	concepts	such	as
individual	self-efficacy.	The	first	phase	of	this	effort	was	an	item	development
study	that	formed	the	basis	for	the	authors’	claims	of	content	validity.	This	study
aimed	at	identifying	appropriate	content	from	the	broader	empirical	and
theoretical	literature	for	possible	inclusion	in	the	measure.	Although	the	authors
examined	content	from	measures	of	related	constructs	(e.g.,	arthritis-specific
self-efficacy),	they	geared	their	item	development	to	specific	features	of	the



construct	as	they	had	defined	it.	A	critical	aspect	of	that	definition	involved	how
confident	couples	felt	that	they,	as	a	team,	could	manage	the	challenges	of	the
illness.	Accordingly,	the	item	development	study	included	interviews	with
couples	to	get	their	thoughts	about	whether	the	construct	rang	true	to	them,	to
understand	how	they	conceptualized	it,	and	to	identify	the	language	they	used	to
describe	it.	The	insights	gained	from	the	conceptual	definition	of	the	construct,
literature	review,	and	patient	interviews	informed	item	construction.	Items	were
written	explicitly	to	capture	the	team	aspect	of	couples’	perceptions	regarding
efficacy.	This	process	ensured	that	the	item	content	reflected	the	specific
construct	in	which	the	investigators	were	interested	and	not	various	other
concepts	(such	as	self-efficacy	or	perceived	spousal	support)	that	might	be
conceptually	related	to	it.	As	an	additional	content	validation	step,	Sterba	et	al.
(2007)	asked	a	group	of	content	experts	to	review	the	items	the	research	team
initially	developed	vis-à-vis	their	conceptual	definition.	This	procedure	served	as
a	further	check	that	the	items	were	representative	of	the	relevant	content	the
instrument	was	designed	to	measure.	Collectively,	these	steps	increased	the
likelihood	that	relevant	content	was	included	in	the	scale	while	irrelevant	content
was	not,	thus	supporting	claims	of	content	validity.

Scope	of	the	Variable	and	Implications	for	Content
Validity
An	issue	closely	related	to	content	validity	is	the	scope	of	the	variable	of	interest
and	thus	of	the	items	comprising	a	scale.	Potentially,	a	researcher	may	be
interested	in	a	global	variable	like	quality	of	life	or	purchasing	preferences,	or	in
a	more	narrowly	defined	variable	such	as	happiness	or	cost-consciousness.	Of
course,	the	primary	determinant	of	what	we	measure	should	be	the	questions	we
seek	to	answer	and	our	understanding	of	the	theoretical	issues	relevant	to	those
questions.	At	the	same	time,	we	should	be	mindful	of	how	the	breadth	of	our
constructs	relates	to	content	validity.

Clearly,	either	embracing	too	much	or	too	little	content	can	pose	problems	if	the
result	is	a	mismatch	between	the	concept	the	scale	is	intended	to	measure	and	the
scope	of	the	items	it	contains.	Within	the	context	of	educational	testing,	Messick
(1995)	warned	of	the	potential	pitfalls	of	“concept	underrepresentation,”	that	is,
sampling	too	narrowly	from	a	content	domain	and	thus	potentially	depriving	an
examinee	of	the	opportunity	to	demonstrate	his	or	her	knowledge.	However,	he
also	points	out	the	hazard	of	“construct-irrelevant	variance,”	which	can	result



from	sampling	content	too	widely.	Although	Messick	discusses	these	two
phenomena	as	threats	to	construct	validity,	they	clearly	concern	the	breadth	of
content	selection	and	thus	content	validity.

Although	a	content	sampling	strategy	that	is	either	too	inclusive	or	too	restrictive
can	be	problematic,	there	seems	to	be	an	asymmetry,	with	broader	constructs	and
more	inclusive	item	sets	prevailing.	A	manifestation	of	this	trend	is	that,	in	some
research	contexts,	there	seems	to	be	a	growing	preference	for	broadly	targeted
measurement	scales.	Health-related	measurement	is	a	case	in	point.	Some	of	the
reasons	behind	this	growing	preference	for	more	inclusive	measures	are	obvious.
If	a	scale	can	cover	a	relatively	broad	attribute,	its	potential	utility	is	expanded.
One	could	argue,	as	an	example,	that	a	general	measure	of	disability	may	be
more	attractive	than	one	specific	to	a	certain	patient	group.	Not	only	does	this
obviate	the	need	to	develop	a	new	scale	for	every	different	type	of	illness,	it
enhances	comparisons	across	groups	because	both	can	be	measured	using	the
same	tool.	Moreover,	more	widely	applicable	measurement	tools	may	serve
double	duty,	meeting	administrative	as	well	as	research	needs.	For	purposes	such
as	processing	disability	claims,	for	example,	a	more	general	tool	potentially	can
be	applied	uniformly	to	gauge	impairment	across	conditions	and	thus	to
determine	eligibility	for	compensation	in	a	uniform	manner	across	patients	and
contexts.	Also,	comparisons	of	treatment	efficacy	may	benefit	when	treatment
outcomes	are	measured	with	the	same	instrument.	However,	these	apparent
advantages	may	mask	the	importance	of	contextual	and	sample-specific
differences	in	how	a	measure	performs.

As	with	reliability,	validity	is	not	an	inherent	property	of	a	measurement	tool	but
of	the	tool	in	the	context	of	its	use.	A	tool	may	be	valid	in	one	context	but
invalid	in	another	or	when	put	to	a	different	use.	As	a	self-evidently-extreme
example,	a	blood	pressure	cuff	in	good	working	order	is	a	valid	means	of
assessing	the	pressure	in	a	person’s	blood	vessels;	however,	if	you	put	it	around
someone’s	head	in	an	attempt	to	measure	their	intelligence,	the	result	would	not
be	valid.	The	validity	does	not	reside	in	the	tool	but	in	how	it	is	used.	This	is	also
true	for	item-based	measurement	scales.	So,	an	instrument’s	content	validity	will
depend	on	how	well	the	items	comprising	the	scale	map	on	to	the	construct	of
interest	for	the	population	and	context	of	the	specific	investigation.	The	diversity
of	item	content	will	influence	this	mapping.

A	potential	shortcoming	of	an	instrument	that	attempts	to	assess	a	concept
broadly	is	that	the	items	chosen	to	instantiate	that	concept	may	not	apply	equally



in	all	situations	or	with	all	populations.	In	fact,	the	content	validity	of	the
instrument	may	be	highly	context	dependent.	Consider,	for	example,	a
hypothetical	instrument	intended	to	assess	cost-consciousness.	For	didactic
purposes,	let	us	assume	that	prior	work	has	revealed	that	some	individuals	are
highly	cost-conscious	when	making	purchases.	These	individuals	will	refrain
from	making	a	purchase,	even	if	the	goods	on	offer	are	highly	attractive,	if	they
believe	that	the	cost	does	not	represent	an	exceptional	value.	Let	us	further
assume	that	other	people	are	lower	on	the	variable	of	cost-consciousness.	For
those	individuals,	cost	is	not	a	primary	determinant	of	their	purchasing	decisions
but	is	only	one	of	several	decisive	considerations	including	quality	and
desirability.	If	a	particular	consumer	good	is	extremely	attractive	to	them,	they
may	prefer	to	acquire	it	when	the	opportunity	presents	itself	rather	than	wait	for
the	possibility	of	finding	a	lower	price	for	the	same	or	similar	goods	elsewhere.

Continuing	with	this	hypothetical	example,	let	us	assume	that	a	researcher	wants
to	create	a	scale	to	assess	cost-consciousness	as	described	here.	She	or	he	might
accomplish	this	by	thinking	carefully	about	what	the	concept	encompasses	and
then	developing	items	that	reflect	that	working	definition.

One	issue	the	researcher	will	face	is	how	broadly	or	narrowly	to	view	the
domain	of	purchase	decisions	that	the	instrument	should	include.	This,	in	turn,
should	guide	item	construction.	At	one	extreme,	the	items	could	be	focused
fairly	tightly	on	specific	purchasing	choices,	such	as	buying	a	new	car.	At	the
other	extreme,	the	researcher	could	attempt	to	create	a	general	scale	that	could
be	applied	to	any	type	of	situation	where	cost	might	be	an	issue,	including	a
wide	array	of	goods	and	services.	Let	us	consider	a	few	examples	of	the	sorts	of
items	that	each	of	these	two	approaches	might	yield.	Assume	that	the	two	item
sets	that	follow	asked	respondents	to	endorse	each	item	on	a	6-point	agreement
scale	with	response	options	ranging	from	strongly	disagree	to	strongly	agree.
Items	1,	2,	and	3	that	follow	are	specific	to	cost-consciousness	in	the	context	of	a
car	purchase.

1.	 I	would	rather	put	off	having	the	car	that	I	really	want	rather	than	pay	a
penny	more	for	it	than	I	have	to.

2.	 I	would	rather	pay	a	bit	more	and	get	exactly	the	car	I	want	than	save	some
money	but	have	to	compromise.

3.	 I	consider	the	first	price	a	car	salesperson	mentions	as	nothing	more	than	a
bargaining	ploy.



The	second	set	of	items	(i.e.,	4	through	6)	contains	general	versions	of	the	first
set,	worded	to	be	applicable	across	contexts.

4.	I	would	rather	put	off	having	what	I	really	want	rather	than	pay	a	penny
more	for	it	than	I	have	to.
5.	I	would	rather	pay	a	bit	more	and	get	exactly	the	goods	or	services	that	I
want	than	save	some	money	but	have	to	compromise.
6.	I	consider	the	first	price	mentioned	for	any	goods	or	services	as	nothing
more	than	a	bargaining	ploy.

The	first	three	items	seem	to	tap	cost-consciousness	and	share	a	certain	view
about	automobile	prices	and	their	importance	in	making	car	purchasing	choices.
Some	people	might	strongly	agree	or	disagree	with	the	statements	as	worded,	but
it	is	not	hard	to	imagine	that	the	responses	someone	chose	would	be	fairly
similar	across	different	instances	of	car	buying.	It	also	seems	plausible	that	the
items	would	apply	in	more	or	less	the	same	way	to	the	majority	of	people	facing
a	car	purchasing	decision.	Although	the	extent	to	which	different	people
endorsed	the	statements	would	likely	vary	considerably,	I	would	expect	a	fairly
high	degree	of	consistency	in	the	levels	of	endorsement	any	one	person	would
give.

Let	us	now	turn	our	attention	to	the	remaining	three	statements,	Items	4	through
6.	It	is	not	hard	to	imagine	that	the	broader	variable	domain	(i.e.,	global,	rather
than	context-specific,	cost-consciousness)	and	its	associated	items	may	cause
some	difficulties.	I	would	not	expect	most	people	to	endorse	these	items
similarly	across	markedly	different	contexts.	Consider,	for	example,	how	people
might	respond	to	these	items	in	three	different	situations:	(a)	buying	a	television,
(b)	buying	a	rare	work	or	art,	and	(c)	deciding	whether	to	receive	or	forego	legal
advice	in	a	matter	of	vital	importance.	I	strongly	suspect	that	these	different
contexts	would	moderate	the	relationship	of	these	items	to	their	intended	latent
variable	and	that	knowing	how	someone	responded	in	one	of	those	contexts
would	not	necessarily	be	predictive	of	how	they	would	respond	to	the	other	two.
The	basis	for	this	suspicion	is	my	belief	that	cost-consciousness	as	reflected	by
these	latter	items	has	a	fundamentally	different	meaning	in	different	contexts.	Its
importance	relative	to	other	variables	influencing	responses	to	the	items	is
inconsistent.	The	cost-consciousness	that	motivates	haggling	over	the	cost	of
legal	advice	that	may	result	in	some	serious	consequence	such	as	incarceration
or	the	complete	loss	of	one’s	assets	seems	like	a	very	different	variable	than	the
one	involved	in	haggling	over	the	price	of	a	new	television.	If	empirical



evidence	confirmed	these	suspicions,	I	would	argue	that	the	second	more	general
item	set	was	not	content	valid	across	contexts.	Furthermore,	I	would	suggest	that
its	failure	to	evidence	validity	in	certain	contexts	(like	making	choices	about
procuring	important	legal	or	medical	assistance)	arises,	at	least	in	part,	from	the
lack	of	specificity	of	the	construct.	As	a	result	of	that	lack	of	specificity,	the
content	validity	of	Items	4	through	6	may	be	compromised.

Of	course,	one	could	argue	that	Items	1	through	3	would	also	be	content	invalid
in	situations	other	than	purchasing	a	car.	Although	that	is	undoubtedly	true,	the
important	difference	is	that	the	limitation	in	the	content	validity	of	those	items	is
obvious,	and	sensible	people	would	not	attempt	to	use	them	to	assess	cost-
consciousness	in	markedly	different	contexts.	With	the	more	general	items,
however,	their	unsuitability	for	certain	situations	is	far	less	obvious	and	could
easily	go	unnoticed.

In	the	preceding	example,	content	validity	was	compromised	when	more	general
versions	of	the	items	were	used	because	the	concept	of	cost-consciousness
essentially	takes	on	a	different	meaning	in	some	contexts.	Another	way	in	which
a	broader	definition	of	the	construct	might	compromise	content	validity	is	when
a	subset	of	items	is	sometimes	relevant	and	sometimes	not.	That	is,	under	some
circumstances,	certain	items	will	be	a	source	of	construct	irrelevant	variance
(Messick,	1995),	even	while	other	items	retain	their	relevance.	As	another
hypothetical	example,	consider	a	subset	of	items	under	consideration	for	a
general-purpose	disability	scale.	(Again,	we	can	assume	that	the	accompanying
response	options	range	from	strongly	disagree	to	strongly	agree.)

1.	 I	have	trouble	using	my	hands	for	tasks	that	require	grip	strength.
2.	 I	have	trouble	standing	up	from	a	sitting	position.
3.	 When	I	remain	in	one	position	for	too	long,	my	limbs	get	stiff.
4.	 I	tire	easily	if	I	exert	myself	too	much.
5.	 I	can	no	longer	do	things	that	I	once	could	do	with	ease.

Each	of	these	items	represents	a	functional	limitation	that	reasonably	could	be
considered	as	representative	of	disability.	For	some	types	of	illness,	they	all
might	be	expected	to	be	manifestations	of	the	condition	and	might	tend	to	occur
in	unison.	A	problem	arises,	however,	if	the	items	are	intended	to	assess
disability	for	a	condition	that	does	not	involve	all	of	these	limitations.	In	such	an
instance,	some	items	may	be	content	valid	whereas	others	are	not.	So,	as	an
example,	for	someone	who	has	suffered	a	severe	leg	fracture,	Item	A	describing



a	lack	of	grip	strength	would	be	content	invalid.	That	is,	grip	strength	would	be
uninformative	with	respect	to	the	impact	of	the	person’s	leg	fracture.	In	contrast,
for	some	other	condition,	perhaps	a	stroke	or	rheumatoid	arthritis,	an	item	about
grip	strength	might	be	content	valid.	Thus,	whereas	including	Item	A
compromises	content	validity	for	the	fractured	leg	sufferer,	omitting	it	well
might	attenuate	content	validity	for	the	rheumatoid	arthritis	patient.	The
difficulty	here	is	that	the	implicit	operational	definition	of	disability	that	I
adopted	when	creating	these	illustrative	items	was	overly	broad.	As	a	result,	I
devised	a	list	of	plausible	manifestations	of	disability	that	might	manifest	in	a
range	of	acute	or	chronic	conditions	without	regard	for	how	that	list	would	fit
any	specific	condition	leading	to	disability.	So,	once	again,	a	broader	definition
created	a	situation	that	could	compromise	content	validity.

The	preceding	examples	were	constructed	to	make	a	point.	I	doubt	that	anyone
would	actually	consider	developing	a	measure	of	cost-consciousness	with	the
notion	that	items	such	as	4	through	6	could	be	used	in	any	context	with	impunity.
Nor	would	any	sophisticated	researcher	combine	Items	A	through	E	in	a	single
scale	intended	to	assess	disability	across	a	wide	array	of	conditions.	However,
these	extreme	examples	illustrate	a	point	that	does	apply	in	some	real-world
measurement	situations:	when	a	variable	and	a	measure	intended	to	tap	it	are
extremely	broad,	the	likelihood	increases	that	some	of	the	indicators	will	not
apply	(and	thus	will	not	have	content	validity)	in	certain	situations	or	for	certain
groups.

Another	possible	adverse	consequence	of	defining	a	variable	broadly	is	that	the
steps	for	establishing	content	validity	may	become	more	burdensome.	For
example,	as	discussed	in	Chapter	5,	it	is	common	to	have	experts	review	item
content	as	a	means	of	assuring	content	validity.	As	the	breadth	of	the	construct
expands,	the	collective	expertise	of	the	people	asked	to	review	for	content
validity	may	also	need	to	expand.	Also,	the	task	put	before	these	experts	may
become	more	difficult	as	these	judges	are	forced	to	consider	when	and	for	whom
a	given	item	may	or	may	not	be	relevant	to	the	construct.	This	requires	that	they
imagine	something	approaching	all	possible	situations	in	which	the	instrument
might	be	used	and	evaluate	its	suitability	for	each—a	formidable	undertaking.
As	the	specificity	of	the	construct	diminishes,	judges	may	find	it	more	difficult
to	evaluate	whether	specific	items	fit	the	construct	adequately.	This	may
necessitate	creating	a	larger	panel	of	expert	judges	than	would	be	needed	with	a
more	specific	construct	to	achieve	the	same	degree	of	confidence	in	their	ratings.



When	the	research	questions	of	interest	concern	inherently	broad	variables,
researchers	might	consider	whether	one	general	scale	or	multiple	specific	scales
is	more	suitable	to	the	task	and	more	conducive	to	establishing	content	validity.
Continuing	with	the	cost-consciousness	example,	a	researcher	might	consider
whether	several	measures	specific	to	their	unique	contexts	would	be	a	more
useful	alternative	to	a	nonspecific	set	of	items	similar	to	4	through	6	earlier.	Or,
in	the	case	of	a	disability	scale,	it	may	be	useful	to	select	item	sets	that
specifically	refer	to	the	types	of	limitations	that	can	be	expected	among	a	fairly
narrowly	defined	group	of	people.

Content	validity	is	different	from	the	other	types	of	validity	we	will	discuss
because	it	really	is	defined	by	the	actions	the	scale	creator	takes	at	the	outset	of
scale	development.	The	most	important	of	these	is	carefully	considering	the
variable	the	scale	is	intended	to	measure	and	then	the	types	of	items	that
adequately	sample	the	domain	that	variable	embraces.	Tradeoffs	between	more
general	and	more	specific	domains	and	item	sets	deserve	careful	attention	at	this
stage	of	the	scale	development	process	and	can	have	a	major	impact	on	the
content	validity	of	the	items	eventually	chosen.	Similarly,	when	selecting	an
existing	scale	for	use	in	a	study,	rather	than	merely	relying	on	past	reports	of
content	validity	from	previous	studies,	the	researcher	should	consider	carefully
how	the	content	of	the	available	scales	corresponds	to	the	population,	context,
and	study	questions	of	the	specific	study	that	is	planned.

Because	the	breadth	of	the	variable	an	investigator	chooses	to	study	defines	in	a
direct	and	transparent	way	the	size	of	the	potential	pool	of	content	that	the	scale
developer	must	adequately	represent,	I	have	chosen	to	discuss	this	issue	in
conjunction	with	content	validity.	The	breadth	of	the	domain	a	scale	hopes	to
encompass,	however,	also	has	implications	for	the	other	types	of	validity	I
discuss	in	the	remainder	of	this	chapter.	I	will	not	repeat	what	I	have	covered
thus	far,	but	readers	should	be	aware	that	fitting	items	to	the	construct	is	critical
to	all	of	the	types	of	validity	reviewed	in	this	chapter.	As	the	boundaries	of	that
construct	expand,	the	task	of	demonstrating	criterion-related	validity	or	construct
validity	can	become	more	daunting,	just	as	it	is	for	content	validity.

Criterion-Related	Validity
In	order	to	have	criterion-related	validity,	as	the	term	implies,	an	item	or	scale	is
required	only	to	have	an	empirical	association	with	some	criterion	or	putative



“gold	standard.”	Whether	or	not	the	theoretical	basis	for	that	association	is
understood	is	irrelevant	to	criterion-related	validity.	If	one	could	show,	for
example,	that	dowsing	is	empirically	associated	with	locating	underground	water
sources,	then	dowsing	would	have	validity	with	respect	to	the	criterion	of
successful	well	digging.	Thus	criterion-related	validity	per	se	is	more	a	practical
issue	than	a	scientific	one,	because	it	is	not	concerned	with	understanding	a
process	but	merely	with	predicting	it.	In	fact,	criterion-related	validity	is	often
referred	to	as	predictive	validity.

Criterion-related	validity	by	any	name	does	not	necessarily	imply	a	causal
relationship	among	variables,	even	when	the	time	ordering	of	the	predictor	and
the	criterion	are	unambiguous.	Of	course,	prediction	in	the	context	of	theory
(e.g.,	prediction	as	a	hypothesis)	may	be	relevant	to	the	causal	relationships
among	variables	and	can	serve	a	useful	scientific	purpose.

Another	point	worth	noting	about	criterion-related	validity	is	that,	logically,	one
is	dealing	with	the	same	type	of	validity	issue	whether	the	criterion	follows,
precedes,	or	coincides	with	the	measurement	in	question.	Thus,	in	addition	to
predictive	validity,	concurrent	validity	(e.g.,	predicting	driving	skill	from
answers	to	oral	questions	asked	during	the	driving	test)	or	even	postdictive
validity	(e.g.,	predicting	birth	weight	from	an	infancy	developmental	status
scale)	may	be	used	more	or	less	synonymously	with	criterion-related	validity.
The	most	important	aspect	of	criterion-related	validity	is	not	the	time
relationship	between	the	measure	in	question	and	the	criterion	whose	value	one
is	attempting	to	infer	but,	rather,	the	strength	of	the	empirical	relationship
between	the	two	events.	The	term	criterion-related	validity	has	the	advantage
over	the	other	terms	of	being	temporally	neutral	and,	thus,	is	preferable.

Criterion-Related	Validity	Versus	Accuracy
Before	leaving	criterion-related	validity,	a	few	words	are	in	order	concerning	its
relationship	to	accuracy.	As	Ghiselli	et	al.	(1981)	point	out,	the	correlation
coefficient,	which	has	been	the	traditional	index	of	criterion-related	validity,	may
not	be	very	useful	when	predictive	accuracy	is	the	issue.	A	correlation
coefficient,	for	example,	does	not	reveal	how	many	cases	are	correctly	classified
by	a	predictor	(although	tables	that	provide	an	estimate	of	the	proportion	of
cases	falling	into	various	percentile	categories,	based	on	the	size	of	the
correlation	between	predictor	and	criterion,	are	described	by	Ghiselli	et	al.,	p.



311).	It	may	be	more	appropriate	in	some	situations	to	divide	both	a	predictor
and	its	criterion	into	discrete	categories	and	to	assess	the	“hit	rate”	for	placing
cases	into	the	correct	category	of	the	criterion	based	on	their	predictor	category.
For	example,	one	could	classify	each	variable	into	“low”	versus	“high”
categories	and	conceptualize	accuracy	as	the	proportion	of	correct	classifications
(i.e.,	instances	when	the	value	of	the	predictor	corresponds	to	the	value	of	the
criterion).	Where	one	divides	categories	is	an	important	consideration.	Consider
a	criterion	that	has	two	nonarbitrary	states,	such	as	“sick”	and	“well,”	and	an
assessment	tool	that	has	a	range	of	scores	that	an	investigator	wants	to
dichotomize.	The	purpose	of	the	assessment	tool	is	to	predict	whether	people
will	test	as	positive	or	negative	for	the	sickness	in	question.	Because	the
outcome	is	dichotomous,	it	makes	sense	to	make	the	predictor	dichotomous.
There	are	two	possible	errors	in	classification:	The	measure	can	mistakenly
classify	a	truly	sick	person	as	well	(false	negative)	or	a	truly	well	person	as	sick
(false	positive).	Where	along	the	range	of	scores	from	the	assessment	tool	the
dividing	line	is	placed	when	dichotomizing	can	affect	the	rates	of	these	two
types	of	errors.	At	the	extremes,	classifying	everyone	as	well	will	avoid	any
false	negatives	(but	increase	false	positives)	while	classifying	everyone	as	sick
will	avoid	any	false	positives	(but	increase	false	negatives).	Obviously,	in	both
of	these	extreme	cases,	the	assessment	tool	would	have	no	predictive	value	at	all.
The	goal,	of	course,	is	to	choose	a	cutoff	that	produces	the	fewest	errors	of	either
type	and,	thus,	the	highest	accuracy.	Often,	no	ideal	cut	point	(i.e.,	one	resulting
in	perfect	classification)	exists.	In	such	a	case,	the	investigator	may	make	a
conscious	effort	to	minimize	one	type	of	error	rather	than	the	other.	For	example,
if	the	sickness	is	devastating	and	the	treatment	is	effective,	inexpensive,	and
benign,	the	cost	of	a	false	negative	(resulting	in	undertreating)	is	far	greater	than
that	of	a	false	positive	(resulting	in	over-treating).	Thus,	choosing	a	cutoff	so	as
to	reduce	false	negatives	while	accepting	false	positives	would	seem	appropriate.
On	the	other	hand,	if	the	remedy	is	both	expensive	and	unpleasant	and	the
sickness	mild,	the	opposite	trade-off	might	make	more	sense.

Also,	it	is	important	to	remember	that,	even	if	the	correlation	between	a
predictor	measure	and	a	criterion	is	perfect,	the	score	obtained	on	the	predictor	is
not	an	estimate	of	the	criterion.	Correlation	coefficients	are	insensitive	to	linear
transformations	of	one	or	both	variables.	A	high	correlation	between	two
variables	implies	that	scores	on	those	variables	obtained	from	the	same
individual	will	occupy	similar	locations	on	their	respective	distributions.	For
example,	someone	scoring	very	high	on	the	first	variable	is	likely	also	to	score
very	high	on	the	second	if	the	two	are	strongly	correlated.	“Very	high,”	however,



is	a	relative	rather	than	an	absolute	term	and	does	not	consider	the	two	variables’
units	of	measurement,	for	example.	Transforming	the	predictor’s	units	of
measurement	to	that	of	the	criterion	may	be	necessary	to	obtain	an	accurate
numerical	prediction.	This	adjustment	is	equivalent	to	determining	the
appropriate	intercept	in	addition	to	the	slope	of	a	regression	line.	A	failure	to
recognize	the	need	to	transform	a	score	could	lead	to	erroneous	conclusions.	An
error	of	this	sort	is	perhaps	most	likely	to	occur	if	the	predictor	happens	to	be
calibrated	in	units	that	fall	into	the	same	range	as	the	criterion.	Assume,	for
example,	that	someone	devised	the	following	“speeding	ticket	scale”	to	predict
how	many	tickets	drivers	would	receive	over	5	years:

1.	 I	exceed	the	speed	limit	when	I	drive.

Frequently	:	Occasionally	:	Rarely	:	Never

2.	 On	multilane	roads,	I	drive	in	the	passing	lane.

Frequently	:	Occasionally	:	Rarely	:	Never

3.	 I	judge	for	myself	what	driving	speed	is	appropriate.

Frequently	:	Occasionally	:	Rarely	:	Never

Let	us	also	make	the	implausible	assumption	that	the	scale	correlates	perfectly
with	the	number	of	tickets	received	in	a	5-year	period.	The	scale	is	scored	by
giving	each	item	a	value	of	3	when	a	respondent	circles	“frequently,”	2	for
“occasionally,”	1	for	“rarely,”	and	0	for	“never.”	The	item	scores	then	are
summed	to	get	a	scale	score.	The	score’s	perfect	criterion	validity	does	not	mean
that	a	score	of	9	translates	into	nine	tickets	over	5	years.	Rather,	it	means	that	the
people	who	score	highest	on	the	instrument	are	also	the	people	who	have	the
highest	observed	number	of	tickets	in	a	year.	Some	empirically	determined
transformation	(e.g.,	.33	×	SCORE)	would	yield	the	actual	estimate.	This
particular	transformation	would	predict	three	tickets	for	a	driver	scoring	9.	The
higher	the	criterion-related	validity,	the	more	accurate	the	estimate	based	on	the
predictor	measure	can	be.	However,	the	similarity	between	the	numerical	values
of	the	criterion	and	the	predictor	measure	prior	to	an	appropriate	transformation
would	have	nothing	to	do	with	the	degree	of	validity.

Construct	Validity



Construct	validity	(Cronbach	&	Meehl,	1955)	is	directly	concerned	with	the
theoretical	relationship	of	a	variable	(e.g.,	a	score	on	some	scale)	to	other
variables.	It	is	the	extent	to	which	a	measure	“behaves”	the	way	that	the
construct	it	purports	to	measure	should	behave	with	regard	to	established
measures	of	other	constructs.	So,	for	example,	if	we	view	some	variable,	based
on	theory,	as	positively	related	to	constructs	A	and	B,	negatively	related	to	C	and
D,	and	unrelated	to	X	and	Y,	then	a	scale	that	purports	to	measure	that	construct
should	bear	a	similar	relationship	to	measures	of	those	constructs.	In	other
words,	our	measure	should	be	positively	correlated	with	measures	of	constructs
A	and	B,	negatively	correlated	with	measures	of	C	and	D,	and	uncorrelated	with
measures	of	X	and	Y.	A	depiction	of	these	hypothesized	relationships	might	look
like	the	one	in	Figure	4.1.

Figure	4.1	A	hypothesized	relationship	among	variables

The	extent	to	which	empirical	correlations	matched	the	predicted	pattern
provides	some	evidence	of	how	well	the	measure	behaves	as	does	the	variable	it
is	supposed	to	measure.

Applying	this	general	approach,	Sterba	et	al.	(2007)	described	a	pattern	of
associations	they	predicted	their	instrument	would	have	with	several	relevant
constructs.	For	example,	based	on	their	theoretical	analysis,	they	predicted	that
dyadic	efficacy	scores	would	correlate	with	measures	of	marital	quality,
psychological	adjustment,	and	teamwork	standards.	Some	of	these	predictions
specified	negative	associations,	such	as	a	hypothesized	inverse	relationship
between	dyadic	efficacy	and	depression.	A	limitation	of	that	study,
acknowledged	by	the	authors,	was	that	individual	self-efficacy	was	not	assessed.
Demonstrating	that	dyadic	efficacy	is	distinct	from	the	individual	self-efficacy
perceptions	of	partners	within	couples	is	a	potentially	important	aspect	of	the
ongoing	process	of	scale	validation.

Differentiating	Construct	From	Criterion-Related
Validity
People	often	confuse	construct	and	criterion-related	validity	because	the	same



exact	correlation	can	serve	either	purpose.	The	difference	resides	more	in	the
investigator’s	intent	than	in	the	value	obtained.	For	example,	an	epidemiologist
might	attempt	to	determine	which	of	a	variety	of	measures	obtained	in	a	survey
study	correlate	with	health	status.	The	intent	might	be	merely	to	identify	risk
factors	without	concern	(at	least	initially)	for	the	underlying	causal	mechanisms
linking	scores	on	measures	to	health	status.	Validity,	in	this	case,	is	the	degree	to
which	the	scales	can	predict	health	status.	Alternatively,	the	concern	could	be
more	theoretical	and	explanatory.	The	investigator,	like	the	epidemiologist
described	in	this	book’s	opening	chapter,	might	endorse	a	theoretical	model	that
views	stress	as	a	cause	of	health	status,	and	the	issue	might	be	how	well	a	newly
developed	scale	measures	stress.	This	might	be	assessed	by	evaluating	the
behavior	of	the	scale	relative	to	how	theory	suggests	stress	should	operate.	If	the
theory	suggested	that	stress	and	health	status	should	be	correlated,	then	the	same
empirical	relationship	used	as	evidence	of	predictive	validity	in	the	preceding
example	might	be	used	as	evidence	of	construct	validity.

So-called	known-groups	validation	is	another	example	of	a	procedure	that	can	be
classified	either	as	construct	or	criterion-related	validity,	depending	on	the
investigator’s	intent.	Known-groups	validation	typically	involves	demonstrating
that	some	scale	can	differentiate	members	of	one	group	from	one	another	based
on	their	scale	scores.	The	purpose	may	be	either	theory	related	(as	when	a
measure	of	attitudes	toward	a	certain	group	is	validated	by	correctly
differentiating	those	who	do	or	do	not	affiliate	with	members	of	that	group)	or
purely	predictive	(as	when	one	uses	a	series	of	seemingly	unrelated	items	to
predict	job	turnover).	In	the	former	case,	the	procedure	should	be	considered	a
type	of	construct	validity	and	in	the	latter,	criterion-related	validity.

In	addition	to	intent,	another	difference	often	underlies	criterion	and	construct
validity.	Criterion	validity	is	often	assessed	directly	by	computing	a	correlation
between	the	measure	being	validated	and	the	criterion	(e.g.,	some	behavior,
status,	or	score).	In	contrast,	construct	validity	can	be	assessed	only	indirectly
(see	Lord	&	Novick,	2008,	p.	278),	because	the	relevant	comparison	is	to	a	latent
rather	than	an	observed	variable.	In	this	regard,	it	is	similar	to	reliability.	In
previous	chapters,	we	noted	that	reliability	is	really	about	the	relationship	of	an
indicator	and	an	unobservable	true	score	and	that	we	infer	that	relationship	on
the	basis	of	correlations	among	observable	indicators.	The	same	is	true	for
construct	validity.	We	cannot	directly	compute	the	association	between	the
instrument	being	validated	and	the	latent	variable	but	must	do	so	indirectly	by
observing	the	associations	between	the	new	instrument	and	other	credible



indicators	of	the	latent	variable.	In	fact,	investigators	may	find	it	useful	to	use
this	difference	as	a	rough	rule	of	thumb	when	they	are	uncertain	whether
criterion	or	construct	validity	is	of	primary	interest.	If	the	objective	is	to	predict
an	observable	outcome	(e.g.,	behavior,	status,	or	an	observed	score),	then
criterion	validity	may	well	be	the	goal.	On	the	other	hand,	if	the	objective	is	to
predict	the	level	of	some	hypothetical,	unobservable	construct	by	means	of	an
observable	indicator,	the	goal	is	likely	to	be	construct	validity.

Sometimes,	however,	criterion	validation	will	involve	an	indicator	intended	to
reflect	some	unobservable	true	score.	This	is	the	case	when	the	criterion	(e.g.,	a
law	school	graduate	qualifying	for	admission	to	the	bar)	is	based	on	some	form
of	psychometric	assessment	(e.g.,	passing	the	bar	examination).	If	the
investigator’s	goal	remains	sheer	prediction	without	conceptual	elaboration,	such
a	comparison	is	an	instance	of	criterion	validity	despite	the	indirectness	of	the
comparison	between	the	predictor	and	the	outcome	of	interest.

Attenuation
To	the	extent	that	two	indicators	are	not	perfectly	reliable,	any	correlation
between	them	will	underestimate	the	correlation	between	their	corresponding
true	scores	(e.g.,	Lord	&	Novick,	2008).	When	we	assume	that	error	is	random,
only	the	reliable	portions	of	the	two	indicators	can	correlate.	Accordingly,	an
observed	validity	coefficient	computed	by	correlating	two	observed	variables	is
attenuated	as	a	consequence	of	any	unreliability	inherent	to	those	indicators.	One
can	apply	a	correction	for	attenuation	to	an	observed	correlation	that	takes	into
account	the	unreliability	of	the	variables.	Such	a	correction	involves	dividing	the
observed	correlation	between	the	two	indicators	by	the	square	root	of	the	product
of	their	reliabilities.	Thus,

where	r(T)xy	is	the	correlation	between	the	true	scores	for	variables	X	and	Y,	rxy
is	the	correlation	between	the	observed	scores,	and	rxx	and	ryy	are	the	reliabilities
for	variables	X	and	Y,	respectively.

Despite	the	availability	of	such	corrections,	some	authors	argue	against	them.
Nunnally	and	Bernstein	(1994),	for	example,	point	out	that	they	may	mislead



investigators	into	thinking	that	an	association	is	stronger	than	it	actually	is.	They
also	note	that	corrected	coefficients	can	sometimes	exceed	1.0	(p.	257),	which	is
problematic.	Lord	and	Novick	(2008)	point	out	that	when	the	reliabilities	of	the
two	measures	(which	occur	in	the	denominator	of	the	correction	equation)	are
underestimated,	the	correlation	between	true	scores	will	be	overestimated
(p.	138).	Recalling	from	earlier	chapters	that	under	models	other	than	parallel
tests,	coefficient	alpha	is	a	lower	bound	to	the	true	reliability	of	a	measure,	it
becomes	clear	that	an	inaccurate	“correction”	could	easily	arise.	Thus,	there	are
strong	practical	arguments	against	using	a	correction	for	attenuation	when
examining	correlations,	whether	for	assessing	validity	or	for	other	purposes.
Because	of	the	indirect	nature	of	the	correlation	coefficients	used	to	assess
construct	validity,	as	discussed	earlier,	it	may	be	especially	tempting	to	correct
those	validity	coefficients	for	attenuation.	However,	the	arguments	against
adjusting	for	attenuation	still	apply,	and	it	is	common	practice	not	to	correct	the
correlation	coefficient	in	such	instances.

How	Strong	Should	Correlations	Be	to	Demonstrate
Construct	Validity?
There	is	no	cutoff	that	defines	construct	validity.	It	is	important	to	recognize	that
two	measures	may	share	more	than	construct	similarity.	Specifically,	similarities
in	the	way	that	constructs	are	measured	may	account	for	some	covariation	in
scores	independent	of	construct	similarity.	For	example,	two	variables	scored	on
a	multipoint	scoring	system	(scores	from	1–100)	will	have	a	higher	correlation
with	one	another	than	with	a	binary	variable,	all	else	being	equal.	This	is	an
artifact	caused	by	the	structure	of	the	measurement	methods.	Likewise,	because
of	procedural	similarities,	data	of	one	type	gathered	by	interviews	may	correlate
to	a	degree	with	other	data	gathered	in	the	same	way—that	is,	some	of	the
covariation	between	two	variables	may	be	due	to	measurement	similarity	rather
than	construct	similarity.	This	fact	provides	some	basis	for	answering	the
question	concerning	the	magnitude	of	correlations	necessary	to	conclude
construct	validity.	The	variables,	at	a	minimum,	should	demonstrate	covariation
above	and	beyond	what	can	be	attributed	to	shared	method	variance.

Multitrait-Multimethod	Matrix
Campbell	and	Fiske	(1959)	devised	a	procedure	called	the	multitrait-



multimethod	matrix	that	is	extremely	useful	for	examining	construct	validity.
This	approach	fits	well	with	the	idea,	presented	earlier,	that	construct	validity	is
assessed	indirectly	and	must	be	inferred	from	available	indicators	of	the	latent
variable	of	interest.	The	procedure	involves	measuring	more	than	one	construct
by	means	of	more	than	one	method	so	that	one	obtains	a	“fully	crossed”	method-
by-measure	matrix.	For	example,	suppose	that	a	study	is	designed	in	which
anxiety	and	depression	and	shoe	size	are	each	measured	at	two	separate	times
using	two	different	measurement	procedures	each	time.	(Note	that	two	different
samples	of	individuals	could	have	been	measured	at	the	same	time.	What	effect
would	this	have	on	the	logic	of	the	approach?)	Each	construct	could	be	assessed
by	two	methods:	a	visual-analog	scale	(a	line	on	which	respondents	make	a	mark
to	indicate	the	amount	of	the	attribute	they	possess,	be	it	anxiety,	depression,	or
bigness	of	foot)	and	a	rating	assigned	by	an	interviewer	following	a	15-minute
interaction	with	each	subject.	One	could	then	construct	a	matrix	of	correlations
obtained	between	measurements	as	shown	in	Table	4.1.

Notes:	TM	=	same	trait	and	method	(reliability);	T	=	same	trait,	different	method;	M	=	same	method,
different	trait.

A,	D,	and	S	refer	to	the	constructs	anxiety,	depression,	and	shoe	size,
respectively.	Subscripts	v	and	i	refer	to	visual-analog	and	interview
methods,	respectively.

Another	possible	distinction,	not	in	the	table,	is	between	related	versus	unrelated
traits.	Because	the	entries	that	reflect	the	same	trait	(construct)	and	the	same
method	should	share	both	method	and	construct	variance,	one	would	expect



these	correlations	to	be	highest.	It	is	hoped	that	correlations	corresponding	to	the
same	trait	but	different	methods	would	be	the	next	highest.	If	so,	this	would
suggest	that	construct	covariation	is	higher	than	method	covariation.	In	other
words,	our	measures	were	more	influenced	by	what	was	measured	than	by	how	it
was	measured.	In	contrast,	there	is	no	reason	why	any	covariation	should	exist
between	shoe	size	and	either	of	the	other	two	constructs	when	they	are	measured
by	different	procedures.	Thus,	these	correlations	should	not	be	significantly
different	from	zero.	For	nonidentical	but	theoretically	related	constructs,	such	as
depression	and	anxiety,	one	would	expect	some	construct	covariation.	This	is
potentially	a	highly	informative	set	of	correlations	for	establishing	construct
validity.	If,	for	example,	our	depression	measures	were	both	well	established	but
our	anxiety	measures	were	currently	being	developed,	we	could	assess	the
amount	of	covariation	attributable	to	concept	similarity	under	conditions	of
similar	and	different	measurement	procedures.	Theory	asserts	that	anxiety	and
depression	should	be	substantially	correlated	even	when	measured	by	different
methods.	If	this	proved	to	be	the	case,	it	would	serve	as	evidence	of	the	construct
validity	of	our	new	anxiety	measures.	More	specifically,	these	correlations
would	be	indicative	of	convergent	validity,	evidence	of	similarity	between
measures	of	theoretically	related	constructs.	Ideally,	the	correlations	between
anxiety	and	depression	would	be	less	than	those	between	two	depression	or	two
anxiety	measures	but	substantially	greater	than	between	either	of	the	depression
scores	and	shoe	size.	Equally	important	is	evidence	that	the	anxiety	measures	did
not	correlate	significantly	with	measures	of	shoe	size,	irrespective	of	similarity
or	dissimilarity	of	measurement	technique.	This	is	evidence	of	discriminant
validity	(sometimes	called	divergent	validity),	the	absence	of	correlation
between	measures	of	unrelated	constructs.	Shoe	size	and	anxiety	correlating
significantly	when	measured	the	same	way	would	suggest	that	method	per	se
accounted	for	a	substantial	amount	of	the	variation	(and	covariation)	associated
with	similar	measures	of	the	dissimilar	constructs.

Mitchell	(1979)	observed	that	the	methods	involved	in	collecting	data	for	a
multitrait-multimethod	matrix	constitute	a	two-facet	G-study	(or	generalizability
study;	see	Chapter	3),	with	traits	and	methods	being	the	facets.	The	multitrait-
multimethod	matrix	allows	us	to	partition	covariation	into	“method”	and	“trait”
(or	construct)	sources.	We	can	then	make	more	precise	statements	about
construct	validity,	because	it	allows	us	to	differentiate	covariation	that	truly
reflects	similarity	of	construct	(and	thus	is	relevant	to	construct	validity)	from
covariation	that	is	an	artifact	of	applying	similar	measurement	procedures	(and
thus	does	not	relate	to	construct	validity).	Such	a	differentiation	is	not	possible



when	one	simply	examines	a	single	correlation	between	two	measures.

What	About	Face	Validity?
Many	people	use	the	term	face	validity	to	describe	a	set	of	items	that	assess	what
they	appear	to	measure	on	their	face.	In	my	view,	this	usage	is	unfortunate	for
several	reasons.

First,	the	assumption	that	a	measure	assesses	what	it	looks	as	though	it	is
assessing	can	be	wrong.	For	example,	Idler	and	Benyamini	(1997)	examined	27
large,	well-conducted	epidemiological	studies	to	determine	precisely	what	a
common	item	was	tapping.	That	item	asks	people	to	evaluate	their	overall	health
as	poor,	fair,	good,	or	excellent.	Most	people	would	judge	this	single-item
measure	to	assess	exactly	what	it	says:	the	respondents’	health.	Idler	and
Benyamini	noted	that	the	item	was	an	excellent	predictor	of	a	variety	of	health
outcomes.	It	consistently	outperformed	other	variables	in	accounting	for
variance	across	the	different	studies.	More	relevant	to	our	discussion,	it	appeared
not	to	be	related	primarily	to	health	status.	Models	often	contained	the	single
item	and	also	established	measures	of	health	status.	Typically,	both	the	single-
item	health	self-rating	and	the	other	health	status	measures	were	significant
predictors	in	the	same	model.	That	is,	they	did	not	share	sufficient	variance	for
the	predictive	contribution	of	one	to	preclude	an	independent	predictive
contribution	from	the	other.	Rather,	the	single-item	health	self-rating	appeared	to
share	variance	to	a	greater	degree	with	psychological	variables.	These	findings
suggest	that	this	extensively	used	single	item	is	not	a	valid	indicator	of	health
status,	as	it	appears	on	its	face.	For	this	item,	looking	as	though	it	is	measuring
what	we	want	it	to	measure	is	not	enough	to	support	claims	of	validity.

A	second	problem	with	evaluating	a	measure	based	on	face	validity	is	that	there
are	times	when	it	is	important	that	the	variable	being	measured	not	be	evident.
For	example,	an	instrument	intended	to	assess	the	degree	to	which	people
answer	untruthfully	(e.g.,	to	make	themselves	“look	good”)	would	hardly	benefit
from	having	its	purpose	apparent	to	respondents.	Would	we	conclude	that	it	was
invalid	because	it	did	not	look	as	if	it	were	measuring	untruthfulness?	Hopefully
not.	So,	here	we	have	a	case	where	failure	to	look	like	what	it	actually	is	cannot
support	a	conclusion	of	invalidity.

A	final	concern	with	face	validity	is	that	it	is	unclear	to	whom	an	instrument’s



purpose	should	be	evident,	on	its	face.	Is	it	the	respondent?	If	a	physician	asks	a
patient	if	he	or	she	has	been	more	thirsty	than	usual,	is	the	validity	of	that
question	dependent	on	the	patient	knowing	what	he	or	she	was	asked?	Clearly
not.	Is	it	the	person	creating	the	instrument	who	should	recognize	the	purpose?	It
is	hard	to	imagine	that	the	linkage	between	instrument	content	and	variable	of
interest	is	not	obvious	to	an	instrument’s	creator	(except	perhaps	in	cases
concerning	purely	empirical,	atheoretical,	criterion-related	validity).	If	this
meaning	of	face	validity	were	adopted,	all	scales	essentially	would	be	judged
valid.	Finally,	is	it	a	broader	scientific	community	that	should	recognize	an
instrument’s	purpose	based	on	its	appearance?	This	interpretation	is	likely	to
yield	conflicting	evidence.	An	item	that	looks	to	some	experts	as	though	it
measures	one	variable	might	look	as	though	it	measures	another	to	a	second,
equally	qualified	group.	Often,	it	seems	people	who	claim	that	a	scale	is	or	is	not
valid	because	it	does	or	does	not	appear	to	have	face	validity	are	basing	their
claim	on	personal	perceptions.	That	is,	if	the	intent	and	appearance	of	an
instrument	look	similar	to	them,	they	are	inclined	to	consider	it	face	valid;
otherwise,	they	are	not.	This	seems	like	a	feeble	basis	for	any	claim	of	validity.

Face	validity	and	content	validity	are	sometimes	confused	because	both	may
concern	the	extent	to	which	item	content	appears	relevant	to	the	construct	of
interest.	An	important	difference,	however,	is	that	content	validity	is	defined	in
terms	of	specific	procedures,	and	those	procedures	are	generally	more	structured
and	rigorous	than	informal	assessments	of	face	validity.	As	noted,	these	steps
may	include	gathering	insights	from	potential	respondents	but	also	typically
include	obtaining	information	from	the	relevant	theoretical	literature	and	from
experts	in	the	field	under	investigation.	For	example,	content	experts	may	be
asked	to	evaluate	item	content	in	relation	to	an	explicit	construct	definition.	Such
experts	presumably	have	a	theoretical	frame	of	reference	that	supports	their
judgments.	A	mere	appearance	of	relevance	is	not	the	sole	criterion.	Also,	the
individuals	whose	judgments	are	used	to	assess	validity	are	clear.	Moreover,
concluding	that	the	instrument	has	content	validity	is	not	solely	the
determination	of	the	investigators	themselves.	Finally,	transparency	to	the
respondent	is	not	a	basis	for	evaluating	content	validity	as	it	is	typically	assessed
(e.g.,	by	expert	judgments).	Thus,	a	formal	approach	to	content	validation	can
overcome	the	limitations	of	relying	on	face	validity.

Depending	on	the	circumstances,	there	may	be	advantages	or	disadvantages	to
an	instrument’s	intent	being	evident	from	its	appearance.	As	we	shall	see	in	the
next	chapter,	the	item	generation	process	often	produces	statements	that	refer



explicitly	to	the	variable	of	interest.	This	usually	is	not	a	bad	thing.	I	am	not
suggesting	that	instruments	generally	should	be	constructed	so	that	their	intent	is
not	evident	from	appearances;	rather,	I	am	suggesting	that	whether	or	not	that	is
the	case	has	little	or	nothing	to	do	with	validity.

Exercises
1.	 Give	an	example	of	how	the	same	correlation	between	a	scale	and	a

behavior	might	be	indicative	of	either	construct	validity	or	criterion-related
validity.	Explain	how	(a)	the	motives	behind	computing	the	correlation	and
(b)	the	interpretation	of	that	correlation	would	differ	depending	on	the	type
of	validity	the	investigator	was	trying	to	assess.

2.	 Assume	that	an	investigator	has	paper-and-pencil	measures	of	two
constructs:	self-esteem	and	social	conformity.	The	investigator	also	has
interview-based	scores	on	the	same	two	constructs.	How	could	these	data
be	used	in	a	multitrait-multimethod	matrix	to	demonstrate	that	the	method
of	data	collection	had	an	undesirably	strong	effect	on	the	results	obtained?

3.	 How	might	too	broadly	defining	the	content	domain	for	a	scale	adversely
impact	that	scale’s	content	validity	when	used	with	certain	populations?



5	Guidelines	in	Scale	Development

Thus	far,	our	discussion	has	been	fairly	abstract.	We	now	look	at	how	this
knowledge	can	be	applied.	This	chapter	provides	a	set	of	specific	guidelines	that
investigators	can	use	in	developing	measurement	scales.

Step	1:	Determine	Clearly	What	It	Is	You	Want	to
Measure
This	is	deceptively	obvious,	and	many	researchers	think	they	have	a	clear	idea	of
what	they	wish	to	measure	only	to	find	that	their	ideas	are	vaguer	than	they
thought.	Frequently,	this	realization	occurs	after	considerable	effort	has	been
invested	in	generating	items	and	collecting	data—a	time	when	changes	are	far
more	costly	than	if	discovered	at	the	outset	of	the	process.	Should	the	scale	be
based	in	theory,	or	should	you	strike	out	in	new	intellectual	directions?	How
specific	should	the	measure	be?	Should	some	aspect	of	the	phenomenon	be
emphasized	more	than	others?

Theory	as	an	Aid	to	Clarity
As	noted	in	Chapter	1,	thinking	clearly	about	the	content	of	a	scale	requires
thinking	clearly	about	the	construct	being	measured.	Although	there	are	many
technical	aspects	involved	in	developing	and	validating	a	scale,	one	should	not
overlook	the	importance	of	being	well	grounded	in	the	substantive	theories
related	to	the	phenomenon	to	be	measured.	The	types	of	scales	that	are	the
primary	focus	of	this	book	are	intended	to	measure	elusive	phenomena	that
cannot	be	observed	directly.	Because	there	is	no	tangible	criterion	against	which
one	can	compare	this	type	of	scale’s	performance,	it	is	important	to	have	some
clear	ideas	to	serve	as	a	guide.	The	boundaries	of	the	phenomenon	must	be
recognized	so	that	the	content	of	the	scale	does	not	inadvertently	drift	into
unintended	domains.

Theory	is	a	great	aid	to	clarity.	Relevant	social	science	theories	should	always	be
considered	before	developing	a	scale	of	the	type	discussed	in	this	volume.	If	it
turns	out	that	extant	theory	offers	no	guide	to	the	scale	developers,	then	they



may	decide	that	a	new	intellectual	direction	is	necessary.	However,	this	decision
should	be	an	informed	one,	reached	only	after	reviewing	appropriate	theory
related	to	the	measurement	problem	at	hand.	Even	if	there	is	no	available	theory
to	guide	the	investigators,	they	must	lay	out	their	own	conceptual	formulations
prior	to	trying	to	operationalize	them.	In	essence,	they	must	specify	at	least	a
tentative	theoretical	model	that	will	serve	as	a	guide	to	scale	development.	This
may	be	as	simple	as	a	well-formulated	definition	of	the	phenomenon	they	seek
to	measure.	Better	still	would	be	to	include	a	description	of	how	the	new
construct	relates	to	existing	phenomena	and	their	operationalizations.

Specificity	as	an	Aid	to	Clarity
The	level	of	specificity	or	generality	at	which	a	construct	is	measured	also	may
be	important.	There	is	general	agreement	in	the	social	sciences	that	variables
will	relate	most	strongly	to	one	another	when	they	match	with	respect	to	level	of
specificity	(see	Ajzen	&	Fishbein,	1980,	for	a	discussion).	Sometimes,	a	scale	is
intended	to	relate	to	very	specific	behaviors	or	constructs,	while	at	other	times,	a
more	general	and	global	measure	is	sought.

As	an	illustration	of	measures	that	differ	in	specificity,	consider	the	locus	of
control	construct.	Locus	of	control	is	a	widely	used	concept	that	concerns
individuals’	perceptions	about	who	or	what	influences	important	outcomes	in
their	lives.	The	construct	can	be	applied	broadly,	as	a	means	of	explaining
patterns	of	global	behavior	spanning	many	situations,	or	narrowly,	to	predict
how	an	individual	will	respond	in	a	very	specific	context.	The	sources	of
influence	also	can	be	described	either	broadly	or	specifically.	Rotter’s	(1966)
Internal-External	scale,	for	example,	is	concerned	at	a	fairly	general	level	with
these	perceptions.	A	single	dimension	ranging	from	personal	control	to	control
by	outside	factors	underlies	the	scale,	and	the	outcomes	on	which	the	items	focus
are	general,	such	as	personal	success.	The	external	sources	of	control	also	are
described	in	general	terms.	The	following	external	statement	is	from	Rotter’s
Internal-External	scale:	“The	world	is	run	by	the	few	people	in	power,	and	there
is	not	much	the	little	guy	can	do	about	it.”

Levenson	(1973)	developed	a	multidimensional	locus	of	control	scale	that	allows
for	three	loci	of	control:	oneself,	powerful	other	people,	and	chance	or	fate.	This
permits	an	investigator	to	look	at	external	sources	of	control	a	bit	more
specifically	by	characterizing	them	as	either	powerful	others	or	fate.	The



outcomes	on	which	she	focused,	however,	remained	general.	An	example	of	an
item	from	Levenson’s	Powerful	Others	subscale	is	“I	feel	like	what	happens	in
my	life	is	determined	by	powerful	others.”

Wallston,	Wallston,	and	DeVellis	(1978)	developed	the	Multidimensional	Health
Locus	of	Control	(MHLC)	scales	using	Levenson’s	three	loci	of	control,	with
outcomes	specific	to	health,	such	as	avoiding	illness	or	getting	sick.	A	sample
item	from	the	Powerful	Others	scale	of	the	MHLC	is	“Having	regular	contact
with	my	physician	is	the	best	way	for	me	to	avoid	illness.”	Wallston,	Stein,	and
Smith	(1994)	subsequently	developed	an	even	more	outcome-specific	health
locus	of	control	measure	(MHLC	Form	C)	that	consists	of	a	series	of	“template”
items.	This	measure	allows	the	researcher	to	specify	any	health	problem	of
interest	by	substituting	the	name	of	the	illness	or	disorder	for	the	phrase	“my
condition”	in	each	of	the	template	items.	A	sample	item	from	the	Powerful
Others	scale	of	MHLC	Form	C,	as	it	might	be	used	in	a	study	of	diabetes,	is	“If	I
see	my	doctor	regularly,	I	am	less	likely	to	have	problems	with	my	diabetes.”

Each	of	these	progressively	more	specific	locus	of	control	scales	is	potentially
useful.	Which	is	most	useful	depends	largely	on	what	level	of	outcome	or	locus
generality	relates	to	the	scientific	question	being	asked.	For	example,	if	a	locus
of	control	scale	is	intended	to	predict	a	general	class	of	behavior	or	will	be
compared	with	other	variables	assessing	constructs	at	a	general	level,	then
Rotter’s	scale	may	be	the	best	choice	because	it,	too,	is	general.	On	the	other
hand,	if	a	researcher	is	interested	in	predicting	specifically	how	beliefs	about	the
influence	of	other	people	affect	certain	health	behaviors,	then	the	Wallston	et	al.
(1994)	scale	may	be	more	appropriate	because	the	level	of	specificity	matches
that	research	question.	During	its	development,	each	of	these	scales	had	a	clear
frame	of	reference	that	determined	what	level	of	specificity	was	appropriate,
given	the	intended	function	of	the	scale.	The	point	is	that	scale	developers
should	make	this	determination	as	an	active	decision	and	not	merely	generate	a
set	of	items	and	then	see	what	they	look	like	after	the	fact.

The	locus	of	control	example	illustrated	specificity	with	respect	to	outcomes
(e.g.,	how	the	world	is	run	vs.	problems	with	diabetes)	and	the	loci	of	control
(i.e.,	external	generally	vs.	fate	and	powerful	others	separately).	However,	scale
specificity	can	vary	along	a	number	of	dimensions,	including	content	domains
(e.g.,	anxiety	vs.	psychological	adjustment	more	broadly),	setting	(e.g.,
questionnaires	designed	specifically	for	relevance	to	particular	work
environments),	or	population	(e.g.,	children	vs.	adults	or	military	personnel	vs.



college	students).

Being	Clear	About	What	to	Include	in	a	Measure
Scale	developers	should	ask	themselves	if	the	construct	they	wish	to	measure	is
distinct	from	other	constructs.	As	noted	earlier,	scales	can	be	developed	to	be
relatively	broad	or	narrow	with	respect	to	the	situations	to	which	they	apply.
This	is	also	the	case	with	respect	to	the	constructs	they	cover.	Measuring	general
anxiety	is	perfectly	legitimate.	Such	a	measure	might	assess	both	test	anxiety
and	social	anxiety.	This	is	fine	if	it	matches	the	goals	of	the	scale	developer	or
user.	However,	if	one	is	interested	in	only	one	specific	type	of	anxiety,	then	the
scale	should	exclude	all	others.	Items	that	might	“cross	over”	into	a	related
construct	(e.g.,	tapping	social	anxiety	when	the	topic	of	interest	is	test	anxiety)
can	be	problematic.

Sometimes,	apparently	similar	items	may	tap	quite	different	constructs.	In	such
cases,	although	the	purpose	of	the	scale	may	be	to	measure	one	phenomenon,	it
may	also	be	sensitive	to	other	phenomena.	For	example,	certain	depression
measures,	such	as	the	Center	for	Epidemiological	Studies	Depression	Scale
(Radloff,	1977),	have	some	items	that	tap	somatic	aspects	of	depression	(e.g.,
concerning	the	respondent’s	ability	to	“get	going”).	In	the	context	of	some	health
conditions,	such	as	arthritis,	these	items	might	mistake	aspects	of	the	illness	for
symptoms	of	depression	(see	Blalock,	DeVellis,	Brown,	&	Wallston,	1989,	for	a
discussion	of	this	specific	point).	A	researcher	developing	a	new	depression
scale	might	choose	to	avoid	somatic	items	if	the	scale	was	to	be	used	with
certain	populations	(e.g.,	the	chronically	ill)	or	with	other	measures	of	somatic
constructs	(such	as	hypochondriasis).	Used	for	other	purposes,	of	course,	it
might	be	very	important	to	include	somatic	items,	as	when	the	line	of
investigation	specifically	concerns	somatic	aspects	of	negative	affect.

Step	2:	Generate	an	Item	Pool
Once	the	purpose	of	a	scale	has	been	clearly	articulated,	the	developer	is	ready
to	begin	constructing	the	instrument	in	earnest.	The	first	step	is	to	generate	a
large	pool	of	items	that	are	candidates	for	eventual	inclusion	in	the	scale.

Choose	Items	That	Reflect	the	Scale’s	Purpose



Obviously,	these	items	should	be	selected	or	created	with	the	specific
measurement	goal	in	mind.	The	description	of	exactly	what	the	scale	is	intended
to	do	should	guide	this	process.	Recall	that	all	items	making	up	a	homogeneous
scale	should	reflect	the	latent	variable	underlying	them.	Each	item	can	be
thought	of	as	a	test,	in	its	own	right,	of	the	strength	of	the	latent	variable.
Therefore,	the	content	of	each	item	should	primarily	reflect	the	construct	of
interest.	Multiple	items	will	constitute	a	more	reliable	test	than	individual	items,
but	each	must	still	be	sensitive	to	the	true	score	of	the	latent	variable.

Theoretically,	a	good	set	of	items	is	chosen	randomly	from	the	universe	of	items
relating	to	the	construct	of	interest.	The	universe	of	items	is	assumed	to	be
infinitely	large,	which	pretty	much	precludes	any	hope	of	actually	identifying	it
and	extracting	items	randomly.	However,	this	ideal	should	be	kept	in	mind.	If
you	are	writing	items	anew,	as	is	so	often	the	case,	you	should	think	creatively
about	the	construct	you	seek	to	measure.	What	other	ways	can	an	item	be
worded	so	as	to	get	at	the	construct?	Although	the	items	should	not	venture
beyond	the	bounds	of	the	defining	construct,	they	should	exhaust	the
possibilities	for	types	of	items	within	those	bounds.	The	properties	of	a	scale	are
determined	by	the	items	that	make	it	up.	If	they	are	a	poor	reflection	of	the
concept	you	have	worked	long	and	hard	to	articulate,	then	the	scale	will	not
accurately	capture	the	essence	of	the	construct.

It	is	also	important	that	the	“thing”	the	items	have	in	common	be	truly	a
construct	and	not	merely	a	category.	Recall,	once	again,	that	our	models	for	scale
development	regard	items	as	overt	manifestations	of	a	common	latent	variable
that	is	their	cause.	Scores	on	items	related	to	a	common	construct	are	determined
by	the	true	score	of	that	construct.	However,	as	noted	in	Chapter	1,	just	because
items	relate	to	a	common	category,	that	does	not	guarantee	that	they	have	the
same	underlying	latent	variable.	Such	terms	as	attitudes,	barriers	to	compliance,
or	life	events	often	define	categories	of	constructs	rather	than	the	constructs
themselves.	A	pool	of	items	that	will	eventually	be	the	basis	of	a	unidimensional
scale	should	not	merely	share	a	focus	on	attitudes,	for	example,	but	on	specific
attitudes,	such	as	attitudes	toward	punishing	drug	abusers.	One	can	presumably
envision	a	characteristic	of	the	person—a	latent	variable,	if	you	will—that	would
“cause”	responses	to	items	dealing	with	punishing	drug	abusers.	It	is	quite	a
challenge	to	imagine	a	characteristic	that	accounts	for	attitudes	in	general.	The
same	is	true	for	the	other	examples	cited.	Barriers	to	compliance	are	typically	of
many	types.	Each	type	(e.g.,	fear	of	discovering	symptoms,	concern	over
treatment	costs,	anticipation	of	pain,	distance	of	treatment	facilities,	perceptions



of	invulnerability)	may	represent	a	latent	variable.	There	may	even	be	nontrivial
correlations	among	some	of	the	latent	variables.	However,	each	of	these	barriers
is	a	separate	construct.	Thus,	the	term	barriers	describes	a	category	of	constructs
rather	than	an	individual	construct	related	to	a	single	latent	variable.	Items
measuring	different	constructs	that	fall	within	the	same	category	(e.g.,
perceptions	of	invulnerability	and	concerns	over	treatment	costs)	should	not	be
expected	to	covary	the	way	items	do	when	they	are	manifestations	of	a	common
latent	variable.

Redundancy
Paradoxically,	redundancy	is	both	a	good	and	a	bad	feature	of	items	within	a
scale.	Resolving	this	paradox	entails	distinguishing	between	item	features	that
strengthen	a	scale	through	repetition	and	those	that	do	not.	Because	this	topic	is
often	a	source	of	confusion,	I	will	discuss	it	in	some	detail.	I	will	first	make	the
case	in	favor	of	redundancy.

At	this	stage	of	the	scale	development	process,	it	is	better	to	be	more	inclusive,
all	other	things	being	equal.	Redundancy	is	not	a	bad	thing	when	developing	a
scale.	In	fact,	the	theoretical	models	that	guide	our	scale	development	efforts	are
based	on	redundancy.	In	discussing	the	Spearman-Brown	prophecy	formula	in
Chapter	3,	I	pointed	out	that	reliability	varies	as	a	function	of	the	number	of
items,	all	else	being	equal.	We	are	attempting	to	capture	the	phenomenon	of
interest	by	developing	a	set	of	items	that	reveal	the	phenomenon	in	different
ways.	By	using	multiple	and	seemingly	redundant	items,	the	content	that	is
common	to	the	items	will	summate	across	items	while	their	irrelevant
idiosyncrasies	will	cancel	out.	Without	redundancy,	this	would	be	impossible.

Not	all	forms	of	redundancy	are	desirable,	however.	Useful	redundancy	pertains
to	the	construct,	not	incidental	aspects	of	the	items.	Consider	two	items:	an
original,	“A	really	important	thing	is	my	child’s	success,”	and	an	altered	version,
“The	really	important	thing	is	my	child’s	success.”	Changing	nothing	more	than
an	“a”	to	“the”	in	an	item	will	certainly	give	you	redundancy	with	respect	to	the
important	content	of	the	item,	but	the	original	and	altered	items	will	also	be
redundant	with	respect	to	many	things	that	you	want	to	vary,	such	as	their	basic
grammatical	structure	and	choice	of	words.	On	the	other	hand,	two	items	such	as
“I	will	do	almost	anything	to	ensure	my	child’s	success”	and	“No	sacrifice	is	too
great	if	it	helps	my	child	succeed”	may	be	usefully	redundant	because	they



express	a	similar	idea	in	somewhat	different	ways.	They	are	redundant	with
respect	to	the	variable	of	interest	but	not	with	respect	to	their	grammatical
structure	and	incidental	vocabulary.	When	irrelevant	redundancies	are	avoided,
relevant	redundancies	will	yield	more	reliable	item	sets.

Moreover,	although	redundancy	in	the	final	instrument	may	be	undesirable,	it	is
less	of	an	issue	during	the	early	stages	of	item	development.	Consequently,	even
the	two	item	versions	differing	by	only	a	single	word	might	be	worth	including
in	initial	item	testing.	By	doing	so,	it	can	be	ascertained	whether	one	or	the	other
version	is	superior,	and	then	the	superior	item	can	be	incorporated	into	the	final
version	of	the	scale.	The	argument	against	redundancy	has	partially	been	made:
Redundant	superficial	item	characteristics,	such	as	incidental	(i.e.,	construct-
irrelevant)	vocabulary	or	grammatical	structure,	are	not	an	advantage.	Construct-
irrelevant	similarities	in	wording	may	result	in	respondents’	reacting	similarly	to
items	in	a	way	that	produces	an	inflated	estimate	of	reliability.	For	example,	if
several	items	begin	with	a	common	phrase	(e.g.,	“When	I	think	about	it,…”),
merely	sharing	that	phrase	may	cause	those	items	to	correlate	more	strongly	with
one	another.	A	reliability	indicator	such	as	Cronbach’s	alpha	would	not
distinguish	between	item	covariation	arising	from	that	common	wording	and
covariation	attributable	to	the	common	influence	of	the	variable	of	interest.
Thus,	reliability	would	be	inflated.

While	similar	grammatical	or	other	superficial	features	can	constitute	unwanted
content	similarity,	redundancy	that	is	not	completely	unrelated	to	the	construct	of
interest	can	also	create	a	problem	under	some	circumstances.	This	can	occur
when	certain	items	differ	from	most	other	items	in	a	set	with	respect	to
specificity.	As	an	example,	consider	a	hypothetical	scale	intended	to	measure
attitudes	toward	pet	lovers.	A	wide	variety	of	items	might	be	suitable	for
inclusion.	Other	items,	although	relevant	to	the	construct	of	interest,	may	be	too
specific—and	consequently	too	redundant—to	work	well.	The	items	“African
grey	parrot	lovers	are	kind”	and	“I	think	people	who	like	African	grey	parrots
are	good	people”	may	be	too	much	alike	not	merely	because	of	grammatical
similarity	but	because	of	potentially	relevant	but	overly	specific	content	that	the
two	items	share.	They	may	pull	the	item	set	as	a	whole	away	from	the	intended
latent	variable	(attitudes	toward	pet	lovers)	to	an	alternative,	more	specific	latent
variable	(attitudes	toward	African	grey	parrot	lovers).	Given	the	wide	range	of
pets	that	exist,	two	items	about	a	specific	and	uncommon	pet	species	are
glaringly	similar	and	likely	to	undermine	the	intent	of	the	instrument.



More	generally,	how	global	or	specific	the	construct	of	interest	is	can	alter	the
impact	of	redundancy.	Although	the	African	grey	parrot	example	may	seem	a	bit
extreme,	inclusion	of	items	that	do	not	match	the	specificity	of	the	construct	of
interest	can	occur	in	less	exotic	contexts.	For	example,	in	an	instrument	that	has
been	designed	to	capture	all	aspects	of	emotion,	several	items	about	anxiety	may
pose	a	problem.	Correlations	among	those	items	are	likely	to	be	greater	than
correlations	between	those	items	and	others	not	about	anxiety.	As	a	consequence,
these	items	may	form	a	subcluster	of	anxiety	items	within	the	broader	cluster	of
emotion	items.	This	can	create	a	number	of	problems.	First,	it	may	undermine
the	unidimensionality	of	the	item	set	(which	would	be	a	problem	if	the
investigator’s	intent	was	to	develop	a	single	measure	of	a	unitary	variable).	Also,
it	may	create	an	unintended	focal	point	that	results	in	items	more	similar	to	those
in	the	anxiety	cluster	appearing	to	perform	better	than	ones	that	are	less	similar.
For	example,	although	an	item	about	worry	and	another	about	fear	may	be
equally	relevant	to	a	broad	view	of	emotions,	the	former	might	contribute	more
strongly	to	reliability	than	the	latter	if	there	is	a	preponderance	of	anxiety	items
in	the	instrument.	As	a	result,	the	average	correlation	of	the	worry	item	might
exceed	the	average	correlation	of	the	fear	item,	resulting	in	its	stronger
contribution	to	an	estimate	of	reliability.	De	facto,	an	instrument	including	an
overrepresentation	of	anxiety	items	as	described	would	not	be	about	all	emotions
equally	but	would	be	biased	toward	anxiety.

In	contrast,	the	same	type	of	anxiety	items	described	as	problematic	in	the
preceding	paragraph	may	not	be	overly	redundant	in	an	instrument	with	a
narrower	focus.	Obviously,	if	the	instrument	is	designed	to	assess	anxiety,	all	the
items	should	be	related	to	that	variable	and	that	similarity	would	not	be	an
instance	of	unwanted	redundancy.	In	contrast,	items	that	included	a	more	general
phrase,	such	as	“my	overall	feelings,”	might	form	a	subcluster	if	included	in	an
anxiety	scale	because	of	their	nonspecific	emotional	focus.	What	appears	to	be	a
redundancy	issue,	however,	may	actually	be	a	matter	of	how	well	items	match
the	specificity	of	the	construct	the	investigator	intends	to	assess.

In	an	instrument	intended	to	tap	a	more	specific	variable,	it	is	likely	that	the
items	will	appear	more	similar	to	one	another.	Typically,	for	example,	items	in	a
scale	measuring	public	speaking	anxiety	will	appear	more	similar	to	one	another
(because	of	the	specificity	of	the	variable	of	interest)	than	items	from	a	scale
measuring	emotional	states	more	broadly.	This	may	not	be	a	problem	as	long	as
the	similarities	relate	to	the	construct	of	interest.	As	stated	earlier,	items	that	are
similar	insofar	as	they	share	relevance	to	the	intended	variable	and	not	in	any



other	regard	can	be	good	items.

Number	of	Items
It	is	impossible	to	specify	the	number	of	items	that	should	be	included	in	an
initial	pool.	Suffice	it	to	say	that	you	want	considerably	more	than	you	plan	to
include	in	the	final	scale.	Recall	that	internal	consistency	reliability	is	a	function
of	how	strongly	the	items	correlate	with	one	another	(and	hence	with	the	latent
variable)	and	how	many	items	you	have	in	the	scale.	As	the	nature	of	the
correlations	among	items	is	usually	not	known	at	this	stage	of	scale
development,	having	lots	of	items	is	a	form	of	insurance	against	poor	internal
consistency.	The	more	items	you	have	in	your	pool,	the	fussier	you	can	be	about
choosing	ones	that	will	do	the	job	you	intend.	It	would	not	be	unusual	to	begin
with	a	pool	of	items	that	is	three	or	four	times	as	large	as	the	final	scale.	Thus,	a
10-item	scale	might	evolve	from	a	40-item	pool.	If	items	are	particularly	difficult
to	generate	for	a	given	content	area	or	if	empirical	data	indicate	that	numerous
items	are	not	needed	to	attain	good	internal	consistency,	then	the	initial	pool	may
be	as	small	as	50%	larger	than	the	final	scale.

In	general,	the	larger	the	item	pool,	the	better.	However,	it	is	certainly	possible	to
develop	a	pool	too	large	to	administer	on	a	single	occasion	to	any	one	group	of
subjects.	If	the	pool	is	exceptionally	large,	the	researcher	can	eliminate	some
items	based	on	a	priori	criteria,	such	as	lack	of	clarity,	questionable	relevance,	or
undesirable	similarity	to	other	items.

Beginning	the	Process	of	Writing	Items
Getting	started	writing	items	is	often	the	most	difficult	part	of	the	item
generation	process.	Let	me	describe	how	I	begin	this	process.	At	this	point,	I	am
less	interested	in	item	quality	than	in	merely	expressing	relevant	ideas.	I	often
begin	with	a	statement	that	is	a	paraphrase	of	the	construct	I	want	to	measure.
For	example,	if	I	were	interested	in	developing	a	measure	of	self-perceived
susceptibility	to	commercial	messages,	I	might	begin	with	“I	am	susceptible	to
commercial	messages.”	I	then	would	try	to	generate	additional	statements	that
get	at	the	same	idea	somewhat	differently.	My	next	statement	might	be
“Commercial	messages	affect	me	a	lot.”	I	would	continue	in	this	manner,
imposing	virtually	no	quality	standards	on	the	statements.	My	goal	at	this	early
stage	is	simply	to	identify	a	wide	variety	of	ways	that	the	central	concept	of	the



intended	instrument	can	be	stated.	As	I	write,	I	may	seek	alternative	ways	of
expressing	critical	ideas.	For	example,	I	might	substitute	“the	things	that	I	see	in
TV	or	magazine	ads”	for	“commercial	messages”	in	the	next	set	of	sentences.	I
find	that	writing	quickly	and	uncritically	is	useful.	After	generating	perhaps
three	or	four	times	the	number	of	items	I	anticipate	including	in	the	final
instrument,	I	will	look	over	what	I	have	written.	Now	is	the	time	to	become
critical.	Items	can	be	examined	for	how	well	they	capture	the	central	ideas	and
for	clarity	of	expression.	The	sections	that	follow	delineate	some	of	the	specific
item	characteristics	to	avoid	or	incorporate	in	the	process	of	selecting	from	and
revising	the	original	statement	list.

Characteristics	of	Good	and	Bad	Items
Listing	all	the	things	that	make	an	item	good	or	bad	is	an	impossible	task.	The
content	domain,	obviously,	has	a	significant	bearing	on	item	quality.	However,
there	are	some	characteristics	that	reliably	separate	better	items	from	worse	ones.
Most	of	these	relate	to	clarity.	As	pointed	out	in	Chapter	1,	a	good	item	should
be	unambiguous.	Questions	that	leave	the	respondent	in	a	quandary	should	be
eliminated.

Scale	developers	should	avoid	exceptionally	lengthy	items,	as	length	usually
increases	complexity	and	diminishes	clarity.	However,	it	is	not	desirable	to
sacrifice	the	meaning	of	an	item	in	the	interest	of	brevity.	If	a	modifying	clause
is	essential	to	convey	the	intent	of	an	item,	then	include	it.	However,	avoid
unnecessary	wordiness.	In	general,	an	item	such	as	“I	often	have	difficulty
making	a	point”	will	be	better	than	an	unnecessarily	longer	one,	such	as	“It	is
fair	to	say	that	one	of	the	things	I	seem	to	have	a	problem	with	much	of	the	time
is	getting	my	point	across	to	other	people.”

Another	related	consideration	in	choosing	or	developing	items	is	the	reading
difficulty	level	at	which	the	items	are	written.	There	are	a	variety	of	methods
(e.g.,	Dale	&	Chall,	1948;	Fry,	1977)	for	assigning	grade	levels	to	passages	of
prose,	including	scale	items.	These	typically	equate	longer	words	and	sentences
with	higher	reading	levels.	Reading	most	local	newspapers	presumably	requires
a	sixth-grade	reading	level.

Fry	(1977)	delineates	several	steps	to	quantifying	reading	level.	The	first	is	to
select	a	sample	of	text	that	begins	with	the	first	word	of	a	sentence	and	contains



exactly	100	words.	(For	scales	having	only	a	few	items,	you	may	have	to	select	a
convenient	fraction	of	100	and	base	subsequent	steps	on	this	proportion.)	Next,
count	the	number	of	complete	sentences	and	individual	syllables	in	the	text
sample.	These	values	are	used	as	entry	points	for	a	graph	that	provides	grade
equivalents	for	different	combinations	of	sentence	and	syllable	counts	from	the
100-word	sample.	The	graph	indicates	that	the	average	number	of	words	and
syllables	per	sentence	for	a	fifth-grade	reading	level	are	14	and	18,	respectively.
An	average	sentence	at	the	sixth-grade	level	has	15	or	16	words	and	a	total	of	20
syllables;	a	seventh-grade-level	sentence	has	about	18	words	and	24	syllables.
Shorter	sentences	with	a	higher	proportion	of	longer	words	or	longer	sentences
with	fewer	long	words	can	yield	an	equivalent	grade	level.	For	example,	a
sentence	of	9	words	and	13	syllables	(i.e.,	as	many	as	44%	polysyllabic	words)
or	one	with	19	words	and	22	syllables	(i.e.,	no	more	than	about	14%	polysyllabic
words)	are	both	classified	as	sixth-grade	reading	level.	Aiming	for	a	reading
level	between	the	fifth	and	seventh	grades	is	probably	an	appropriate	target	for
most	instruments	that	will	be	used	with	the	general	population.	The	items	of	the
Multidimensional	Health	Locus	of	Control	scales,	for	example,	were	written	at	a
fifth-	to	seventh-grade	reading	level.	A	typical	item	at	this	reading	level	is	“Most
things	that	affect	my	health	happen	to	me	by	accident”	(Wallston	et	al.,	1978).
The	item’s	11	words	and	15	syllables	place	it	at	the	sixth-grade	level.

Fry	(1977)	notes	that	semantic	and	syntactic	factors	should	be	considered	in
assessing	reading	difficulty.	Because	short	words	tend	to	be	more	common	and
short	sentences	tend	to	be	syntactically	simpler,	his	procedure	is	an	acceptable
alternative	to	more	complex	difficulty-assessment	methods.	However,	as	with
other	criteria	for	writing	or	choosing	good	items,	one	must	use	common	sense	in
applying	reading	level	methods.	Some	brief	phrases	containing	only	short	words
are	not	elementary.	“Eschew	casque	scorn,”	for	example,	is	more	likely	to
confuse	someone	with	a	grade-school	education	than	“Wear	your	helmet”	will,
despite	the	fact	that	both	have	three	words	and	four	syllables.	Another	source	of
potential	confusion	that	should	be	avoided	is	multiple	negatives.	“I	am	not	in
favor	of	corporations	stopping	funding	for	anti-nuclear	groups”	is	much	more
confusing	than	“I	favor	continued	private	support	of	groups	advocating	a	nuclear
ban.”	(It	is	also	instructive	to	observe	that	these	two	statements	might	convey
different	positions	on	the	issue.	For	example,	the	latter	might	imply	a	preference
for	private	over	public	support	of	the	groups	in	question.)

So-called	double-barreled	items	should	also	be	avoided.	These	are	items	that
convey	two	or	more	ideas	so	that	an	endorsement	of	the	item	might	refer	to



either	or	both	ideas.	“I	support	civil	rights	because	discrimination	is	a	crime
against	God”	is	an	example	of	a	double-barreled	item.	If	a	person	supports	civil
rights	for	reasons	other	than	its	affront	to	a	deity	(e.g.,	because	it	is	a	crime
against	humanity),	how	should	he	or	she	answer?	A	negative	answer	might
incorrectly	convey	a	lack	of	support	for	civil	rights,	and	a	positive	answer	might
incorrectly	ascribe	a	motive	to	the	respondent’s	support.

Another	problem	that	scale	developers	should	avoid	is	ambiguous	pronoun
references.	“Murderers	and	rapists	should	not	seek	pardons	from	politicians
because	they	are	the	scum	of	the	earth”	might	express	the	sentiments	of	some
people	irrespective	of	pronoun	reference.	(However,	a	scale	developer	usually
intends	to	be	more	clear	about	what	an	item	means.)	This	sentence	should	be
twice	cursed.	In	addition	to	the	ambiguous	pronoun	reference,	it	is	double-
barreled.	Misplaced	modifiers	create	ambiguities	similar	to	ambiguous	pronoun
references:	“Our	members	of	Congress	should	work	diligently	to	legalize
prostitution	in	the	House	of	Representatives”	is	an	example	of	such	modifiers.
Using	adjective	forms	instead	of	noun	forms	can	also	create	unintended
confusion.	Consider	the	differences	in	meaning	between	“All	vagrants	should	be
given	a	schizophrenic	assessment”	and	“All	vagrants	should	be	given	a
schizophrenia	assessment.”

Individual	words	are	not	the	only	sources	of	item	ambiguity.	Entire	sentences
can	have	more	than	one	meaning.	I	have	actually	seen	one	survey	of	adolescent
sexual	behavior	that	included	an	item	to	assess	parental	education.	Given	the
context	of	the	survey	as	a	whole,	the	wording	was	unfortunate:	“How	far	did
your	mother	go	in	school?”	The	investigators	had	totally	failed	to	recognize	the
unintended	meaning	of	this	statement	until	it	evoked	snickers	from	a	group	of
professionals	during	a	seminar	presentation.	I	suspect	that	a	fair	number	of	the
adolescent	respondents	also	got	a	laugh	from	the	item.	How	it	affected	their
responses	to	the	remainder	of	the	questionnaire	is	unknown.

Positively	and	Negatively	Worded	Items
Many	scale	developers	choose	to	write	negatively	worded	items	that	represent
low	levels	or	even	the	absence	of	the	construct	of	interest	as	well	as	the	more
common	positively	worded	items,	which	represent	the	presence	of	the	construct
of	interest.	The	goal	is	to	arrive	at	a	set	of	items,	some	of	which	indicate	a	high
level	of	the	latent	variable	when	endorsed	and	others	that	indicate	a	high	level



when	not	endorsed.	The	Rosenberg	(1965)	Self-Esteem	Scale,	for	example,
includes	items	indicative	of	high	esteem	(e.g.,	“I	feel	that	I	have	a	number	of
good	qualities”)	and	of	low	esteem	(e.g.,	“I	certainly	feel	useless	at	times”).	The
intent	of	wording	items	both	positively	and	negatively	within	the	same	scale	is
usually	to	avoid	an	acquiescence,	affirmation,	or	agreement	bias.	These
interchangeable	terms	refer	to	a	respondent’s	tendency	to	agree	with	items
irrespective	of	their	content.	If,	for	example,	a	scale	consists	of	items	that
express	a	high	degree	of	self-esteem,	then	an	acquiescence	bias	would	result	in	a
pattern	of	responses	appearing	to	indicate	very	high	esteem.	If	the	scale	is	made
up	of	equal	numbers	of	positively	and	negatively	worded	items,	on	the	other
hand,	then	an	acquiescence	bias	and	an	extreme	degree	of	self-esteem	could	be
differentiated	from	one	another	by	the	pattern	of	responses.	An	“agreer”	would
endorse	items	indicating	both	high	and	low	self-esteem,	whereas	a	person	who
truly	had	high	esteem	would	strongly	endorse	high-esteem	items	and	negatively
endorse	low-esteem	items.

Unfortunately,	there	may	be	a	price	to	pay	for	including	positively	and
negatively	worded	items.	Reversals	in	item	polarity	may	be	confusing	to
respondents,	especially	when	completing	a	long	questionnaire.	In	such	a	case,
the	respondents	may	become	confused	about	the	difference	between	expressing
their	strength	of	agreement	with	a	statement,	regardless	of	its	polarity,	versus
expressing	the	strength	of	the	attribute	being	measured	(esteem,	for	example).
As	an	applied	social	science	researcher,	I	have	seen	many	examples	of	items
worded	in	the	opposite	direction	performing	poorly.	For	example,	DeVellis	and
Callahan	(1993)	described	a	shorter,	more	focused	alternative	to	the
Rheumatology	Attitudes	Index	(an	unfortunate	name,	as	the	instrument	does	not
assess	attitudes	and	is	not	an	index).	We	selected	items	from	the	original,	longer
version	based	on	empirical	criteria	and	ended	up	with	four	items	expressing
negative	reactions	to	illness	and	one	expressing	the	ability	to	cope	well	with
illness.	The	intent	was	that	users	should	reverse	score	the	“coping”	item	so	that
all	items	expressed	a	sense	of	helplessness.	More	recently,	Currey,	Callahan,	and
DeVellis	(2002)	have	examined	the	performance	of	that	single	item	worded	in
the	positive	direction.	It	consistently	performs	poorly.	When	the	item	was
reworded	simply	by	adding	the	word	not	to	change	its	valence	so	as	to	be
consistent	with	other	items,	its	performance	improved	dramatically.	We	suspect
that,	although	many	respondents	recognized	the	different	valence	of	the	original
item,	others	did	not.	This	would	result	in	a	portion	of	individuals	for	whom	the
original	item	had	positive	correlations	with	the	other	four	items	and	another
portion	for	whom	the	same	correlations	were	negative.	As	a	consequence,	for	the



sample	as	a	whole,	correlations	of	that	item	with	the	other	four	would	be
markedly	diminished	and,	thus,	would	produce	the	type	of	unsatisfactory
performance	we	observed	for	the	original,	opposite-valence	item.	Personal
experience	with	community-based	samples	suggests	to	me	that	the	disadvantages
of	items	worded	in	an	opposite	direction	outweigh	any	benefits.

Conclusion
An	item	pool	should	be	a	rich	source	from	which	a	scale	can	emerge.	It	should
contain	a	large	number	of	items	that	are	relevant	to	the	content	of	interest.
Redundancy	with	respect	to	content	is	an	asset,	not	a	liability.	It	is	the	foundation
of	internal-consistency	reliability	which,	in	turn,	is	the	foundation	of	validity.
Items	should	not	involve	a	“package	deal”	that	makes	it	impossible	for
respondents	to	endorse	one	part	of	the	item	without	endorsing	another	part	that
may	not	be	consistent	with	the	first.	Whether	or	not	positively	and	negatively
worded	items	are	both	included	in	the	pool,	their	wording	should	follow
established	rules	of	grammar.	This	will	help	avoid	some	of	the	sources	of
ambiguity	discussed	above.

Step	3:	Determine	the	Format	for	Measurement
Numerous	formats	for	questions	exist.	The	researcher	should	consider	early	on
what	the	format	will	be.	This	step	should	occur	simultaneously	with	the
generation	of	items	so	that	the	two	are	compatible.	For	example,	generating	a
long	list	of	declarative	statements	may	be	a	waste	of	time	if	the	response	format
eventually	chosen	is	a	checklist	composed	of	single-word	items.	Furthermore,
the	theoretical	models	presented	earlier	are	more	consistent	with	some	response
formats	than	with	others.	In	general,	scales	made	up	of	items	that	are	scorable	on
some	continuum	and	are	summed	to	form	a	scale	score	are	most	compatible	with
the	theoretical	orientation	presented	in	this	volume.	In	this	section,	however,	I
will	discuss	common	formats	that	depart	from	the	pattern	implied	by	the
theoretical	models	discussed	in	Chapter	2	as	well	as	ones	that	adhere	to	that
pattern.

Thurstone	Scaling
There	are	a	number	of	general	strategies	for	constructing	scales	that	influence



the	format	of	items	and	response	options.	One	method	is	Thurstone	scaling.	An
analogy	may	help	clarify	how	Thurstone	scaling	works.	A	tuning	fork	is
designed	to	vibrate	at	a	specific	frequency.	If	you	strike	it,	it	will	vibrate	at	that
frequency	and	produce	a	specific	tone.	Conversely,	if	you	place	the	fork	near	a
tone	source	that	produces	the	same	frequency	as	the	tuning	fork,	the	fork	will
begin	to	vibrate.	In	a	sense,	then,	a	tuning	fork	is	a	“frequency	detector,”
vibrating	in	the	presence	of	sound	waves	of	its	resonant	frequency	and	remaining
motionless	in	the	presence	of	all	other	frequencies.	Imagine	a	series	of	tuning
forks	aligned	in	an	array	such	that,	as	one	moves	from	left	to	right	along	the
array,	the	tuning	forks	correspond	to	progressively	higher	frequency	sounds.
Within	the	range	of	the	tuning	forks’	frequency,	this	array	can	be	used	to	identify
the	frequency	of	a	tone.	In	other	words,	you	could	identify	the	tone’s	frequency
by	seeing	which	fork	vibrated	when	the	tone	was	played.	A	Thurstone	scale	is
intended	to	work	in	the	same	way.	The	scale	developer	attempts	to	generate
items	that	are	differentially	responsive	to	specific	levels	of	the	attribute	in
question.	When	the	“pitch”	of	a	particular	item	matches	the	level	of	the	attribute
a	respondent	possesses,	the	item	will	signal	this	correspondence.	Often,	the
signal	consists	of	an	affirmative	response	for	items	that	are	“tuned”	to	the
appropriate	level	of	the	attribute	and	a	negative	response	for	all	other	items.	The
tuning	(i.e.,	determination	of	what	level	of	the	construct	each	item	responds	to)
is	typically	determined	by	having	judges	place	a	large	pool	of	items	into	piles
corresponding	with	equally	spaced	intervals	of	construct	magnitude	or	strength.

This	is	quite	an	elegant	idea.	Items	could	be	developed	to	correspond	with
different	intensities	of	the	attribute,	could	be	spaced	to	represent	equal	intervals,
and	could	be	formatted	with	agree-disagree	response	options,	for	example.	The
investigator	could	give	these	items	to	respondents	and	then	inspect	their
responses	to	see	which	items	triggered	agreement.	Because	the	items	would	have
been	precalibrated	with	respect	to	their	sensitivity	to	specific	levels	of	the
phenomenon,	the	agreements	would	pinpoint	how	much	of	the	attribute	the
respondent	possessed.	The	selection	of	items	to	represent	equal	intervals	across
items	would	result	in	highly	desirable	measurement	properties	because	scores
would	be	amenable	to	mathematical	procedures	based	on	interval	scaling.

Part	of	a	hypothetical	Thurstone	scale	for	measuring	parents’	aspirations	for	their
children’s	educational	and	career	attainments	might	look	like	the	following:



As	Nunnally	(1978)	points	out,	developing	a	true	Thurstone	scale	is	considerably
harder	than	describing	one.	Finding	items	that	consistently	“resonate”	to	specific
levels	of	the	phenomenon	is	quite	difficult.	The	practical	problems	associated
with	the	method	often	outweigh	its	advantages	unless	the	researcher	has	a
compelling	reason	for	wanting	the	type	of	calibration	that	it	provides.	Although
Thurstone	scaling	is	an	interesting	and	sometimes	suitable	approach,	it	will	not
be	referred	to	in	the	remainder	of	this	text.	Note,	however,	that	methods	based	on
item	response	theory,	discussed	in	a	later	chapter,	share	many	of	the	goals	of
Thurstone	scales	while	taking	a	somewhat	different	approach	to	achieving	them.

Guttman	Scaling
A	Guttman	scale	is	a	series	of	items	tapping	progressively	higher	levels	of	an
attribute.	Thus,	a	respondent	should	endorse	a	block	of	adjacent	items	until,	at	a
critical	point,	the	amount	of	the	attribute	that	the	items	tap	exceeds	that
possessed	by	the	subject.	None	of	the	remaining	items	should	be	endorsed.	Some
purely	descriptive	data	conform	to	a	Guttman	scale.	For	example,	a	series	of
interview	questions	might	ask,	“Do	you	smoke?”	“Do	you	smoke	more	than	10
cigarettes	a	day?”	“Do	you	smoke	more	than	a	pack	a	day?”	and	so	on.	As	with
this	example,	endorsing	any	specific	item	on	a	Guttman	scale	implies	affirmation
of	all	preceding	items.	A	respondent’s	level	of	the	attribute	is	indicated	by	the
highest	item	yielding	an	affirmative	response.	Note	that,	whereas	both	Thurstone



and	Guttman	scales	are	made	up	of	graded	items,	the	focus	is	on	a	single
affirmative	response	in	the	former	case	but	on	the	point	of	transition	from
affirmative	to	negative	responses	in	the	latter	case.	A	Guttman	version	of	the
preceding	parental	aspiration	scale	might	look	like	this:

Guttman	scales	can	work	quite	well	for	objective	information	or	in	situations
where	it	is	a	logical	necessity	that	responding	positively	to	one	level	of	a
hierarchy	implies	satisfying	the	criteria	of	all	lower	levels	of	that	hierarchy.
Things	get	murkier	when	the	phenomenon	of	interest	is	not	concrete.	In	the	case
of	our	hypothetical	parental	aspiration	scale,	for	example,	the	ordering	may	not
be	uniform	across	individuals.	Whereas	20	cigarettes	a	day	always	implies	more
smoking	than	10,	responses	to	Items	3	and	4	in	the	parental	aspiration	scale
example	may	not	always	conform	to	the	ordering	pattern	of	a	Guttman	scale.	For
example,	a	person	might	agree	with	Item	3	but	disagree	with	Item	4.	Ordinarily,
agreement	with	Item	3	would	imply	agreement	with	Item	4,	but	if	a	respondent
viewed	success	as	a	complex	factor	that	acted	simultaneously	as	a	help	and	a
hindrance	to	happiness,	then	an	atypical	pattern	of	responses	could	result.

Like	Thurstone	scales,	Guttman	scales	undoubtedly	have	their	place,	but	their
applicability	seems	rather	limited.	With	both	approaches,	the	disadvantages	and
difficulties	will	often	outweigh	the	advantages.	It	is	also	important	to	reiterate
that	the	measurement	theories	discussed	thus	far	do	not	always	apply	to	these
types	of	scales.	Certainly,	the	assumption	of	equally	strong	causal	relationships



between	the	latent	variable	and	each	of	the	items	would	not	apply	to	Thurstone
or	Guttman	scale	items.	Nunnally	and	Bernstein	(1994)	describe	briefly	some	of
the	conceptual	models	underlying	these	scales.	For	situations	in	which	ordered
items	are	particularly	appropriate,	models	based	on	item	response	theory
(discussed	in	Chapter	7)	are	potentially	an	appropriate	choice,	although
implementing	these	methods	can	be	quite	burdensome.

Scales	With	Equally	Weighted	Items
The	measurement	models	discussed	earlier	fit	best	with	scales	consisting	of
items	that	are	more	or	less	equivalent	“detectors”	of	the	phenomenon	of	interest
—that	is,	they	are	more	or	less	parallel	(but	not	necessarily	parallel	in	the	strict
sense	of	the	parallel	tests	model).	They	are	imperfect	indicators	of	a	common
phenomenon	that	can	be	combined	by	simple	summation	into	an	acceptably
reliable	scale.

One	attractive	feature	of	scales	of	this	type	is	that	the	individual	items	can	have	a
variety	of	response-option	formats.	This	allows	the	scale	developer	a	good	deal
of	latitude	in	constructing	a	measure	optimally	suited	for	a	particular	purpose.
Some	general	issues	related	to	response	formatting	will	be	examined	below,	as
will	the	merits	and	liabilities	of	some	representative	response	formats.

How	Many	Response	Categories?
Most	scale	items	consist	of	two	parts:	a	stem	and	a	series	of	response	options.
For	example,	the	stem	of	each	item	may	be	a	different	declarative	statement
expressing	an	opinion,	and	the	response	options	accompanying	each	stem	might
be	a	series	of	descriptors	indicating	the	strength	of	agreement	with	the	statement.
For	now,	let	us	focus	on	the	response	options—specifically,	the	number	of
choices	that	should	be	available	to	the	respondent.	Some	item-response	formats
allow	the	subject	an	infinite	or	very	large	number	of	options,	whereas	others
limit	the	possible	responses.	Imagine,	for	example,	a	response	scale	for
measuring	anger	that	resembles	a	thermometer,	calibrated	from	“no	anger	at	all”
at	the	base	of	the	thermometer	to	“complete,	uncontrollable	rage”	at	its	top.	A
respondent	could	be	presented	with	a	series	of	situation	descriptions,	each
accompanied	by	a	copy	of	the	thermometer	scale,	and	asked	to	indicate,	by
shading	in	some	portion	of	the	thermometer,	how	much	anger	the	situation
provoked.	This	method	allows	for	virtually	continuous	measurement	of	anger.



An	alternative	method	might	ask	the	respondent	to	indicate,	using	a	number
from	1	to	100,	how	much	anger	each	situation	provoked.	This	provides	for
numerous	discrete	responses.	Alternatively,	the	format	could	restrict	the	response
options	to	a	few	choices,	such	as	“none,”	“a	little,”	“a	moderate	amount,”	and	“a
lot,”	or	to	a	simple	binary	selection	between	“angry”	and	“not	angry.”

What	are	the	relative	advantages	of	these	alternatives?	A	desirable	quality	of	a
measurement	scale	is	variability.	A	measure	cannot	covary	if	it	does	not	vary.	If
a	scale	fails	to	discriminate	differences	in	the	underlying	attribute,	its
correlations	with	other	measures	will	be	restricted	and	its	utility	will	be	limited.
One	way	to	increase	opportunities	for	variability	is	to	include	lots	of	scale	items.
Another	is	to	provide	numerous	response	options	within	items.	If	circumstances
restrict	an	investigator	to	two	questions	regarding	anger,	for	example,	it	might	be
best	to	allow	respondents	more	latitude	in	describing	their	level	of	anger.
Assume	that	the	research	concerns	the	enforcement	of	nonsmoking	policies	in	a
work	setting.	Let	us	further	assume	that	the	investigators	want	to	determine	the
relationship	between	policy	and	anger.	If	they	were	limited	to	only	two	questions
(e.g.,	“How	much	anger	do	you	feel	when	you	are	restricted	from	smoking?”	and
“How	much	anger	do	you	feel	when	you	are	exposed	to	others	smoking	in	the
workplace?”),	they	might	get	more	useful	information	from	a	response	format
that	allowed	subjects	many	gradations	of	response	than	from	a	binary	response
format	(e.g.,	“angry”	and	“not	angry”).	For	example,	a	0-to-100	scale	might
reveal	wide	differences	in	reactions	to	these	situations	and	yield	good	variability
for	the	two-item	scale.	On	the	other	hand,	if	the	research	team	were	allowed	to
include	50	questions	about	smoking	and	anger,	simple	“angry”	versus	“not
angry”	indications	might	yield	sufficient	variability	when	the	items	were	added
to	obtain	a	scale	score.	In	fact,	being	faced	with	more	response	options	on	each
of	50	questions	might	fatigue	or	bore	the	respondents,	lowering	the	reliability	of
their	responses.

Another	issue	related	to	the	number	of	response	options	is	the	respondents’
ability	to	discriminate	meaningfully.	How	fine	a	distinction	can	the	typical
subject	make?	This	obviously	depends	on	what	is	being	measured.	Few	things
can	truly	be	evaluated	into,	say,	50	discrete	categories.	Presented	with	this	many
options,	many	respondents	may	use	only	those	corresponding	to	multiples	of	5
or	10,	effectively	reducing	the	number	of	options	to	as	few	as	five.	Differences
between	a	response	of	35	and	37	may	not	reflect	actual	difference	in	the
phenomenon	being	measured.	Little	is	gained	with	this	sort	of	false	precision.
Although	the	scale’s	variance	might	increase,	it	may	be	the	random	(i.e.,	error)



portion	rather	than	the	systematic	portion	attributable	to	the	underlying
phenomenon	that	is	increasing.	This,	of	course,	offers	no	benefit.

Sometimes,	the	respondent’s	ability	to	discriminate	meaningfully	between
response	options	will	depend	on	the	specific	wording	or	physical	placement	of
those	options.	Asking	a	respondent	to	discriminate	among	vague	quantity
descriptors,	such	as	“several,”	“few,”	and	“many,”	may	create	problems.
Sometimes,	the	ambiguity	can	be	reduced	by	the	arrangement	of	the	response
options	on	the	page.	Respondents	often	seem	to	understand	what	is	desired	when
they	are	presented	with	an	obvious	continuum.	Thus,	an	ordering	such	as

Many	Some	Few	Very	Few	None

may	imply	that	“some”	is	more	than	“few”	because	of	the	ordering	of	these
items.	However,	if	it	is	possible	to	find	a	nonambiguous	adjective	that	precludes
the	respondents’	making	assumptions	based	on	location	along	a	continuum,	so
much	the	better.	At	times,	it	may	be	preferable	to	have	fewer	response	options
than	to	have	ones	that	are	ambiguous.	So,	for	example,	it	may	be	better	in	the
above	example	to	eliminate	either	“some”	or	“few”	and	have	four	options	rather
than	five.	The	worst	circumstance	is	to	combine	ambiguous	words	with
ambiguous	page	locations.	Consider	the	following	example:

Very	Helpful	Not	Very	Helpful

Somewhat	Helpful	Not	at	All	Helpful

Terms	such	as	somewhat	and	not	very	are	difficult	to	differentiate	under	the	best
of	circumstances.	However,	arranging	these	response	options	as	they	appear
above	makes	matters	even	worse.	If	a	respondent	reads	down	the	first	column
and	then	down	the	second,	“somewhat”	appears	to	represent	a	higher	value	than
“not	very.”	But	if	a	respondent	reads	across	the	first	row	and	then	across	the
second,	the	implicit	ordering	of	these	two	descriptors	along	the	continuum	is
reversed.	Due	to	ambiguity	in	both	language	and	spatial	arrangement,
individuals	may	assign	different	meanings	to	the	two	options	representing
moderate	values,	and	reliability	would	suffer	as	a	consequence.

Still	another	issue	is	the	investigator’s	ability	and	willingness	to	record	a	large
number	of	values	for	each	item.	If	the	thermometer	method	described	earlier	is
used	to	quantify	anger	responses,	is	the	researcher	actually	going	to	attempt	a
precise	scoring	of	each	response?	How	much	precision	is	appropriate?	Can	the



shaded	area	be	measured	to	within	a	quarter	of	an	inch?	A	centimeter?	A
millimeter?	If	only	some	crude	datum—say	lower,	middle,	or	upper	third—is
extracted	from	the	scale,	what	was	the	point	in	requesting	such	a	precise
response?

There	is	at	least	one	more	issue	related	to	the	number	of	responses.	Assuming
that	a	few	discrete	responses	are	allowed	for	each	item,	should	the	number	be
odd	or	even?	Again,	this	depends	on	the	type	of	question,	the	type	of	response
option,	and	the	investigator’s	purpose.	If	the	response	options	are	bipolar,	with
one	extreme	indicating	the	opposite	of	the	other	(e.g.,	a	strong	positive	vs.	a
strong	negative	attitude),	an	odd	number	of	responses	permits	equivocation	(e.g.,
“neither	agree	nor	disagree”)	or	uncertainty	(e.g.,	“not	sure”);	an	even	number
usually	does	not.	An	odd	number	implies	a	central	“neutral”	point	(e.g.,	neither	a
positive	nor	a	negative	appraisal).	An	even	number	of	responses,	on	the	other
hand,	forces	the	respondent	to	make	at	least	a	weak	commitment	in	the	direction
of	one	or	the	other	extreme	(e.g.,	a	forced	choice	between	a	mildly	positive	or
mildly	negative	appraisal	as	the	least	extreme	response).	Neither	format	is
necessarily	superior.	The	researcher	may	want	to	preclude	equivocation	if	it	is
felt	that	subjects	will	select	a	neutral	response	as	a	means	of	avoiding	a	choice.
In	studies	of	social	comparison	choices,	for	example,	the	investigators	may	want
to	force	subjects	to	express	a	preference	for	information	about	a	more
advantaged	or	less	advantaged	person.	Consider	these	two	alternative	formats,
the	first	of	which	was	chosen	for	a	study	of	social	comparisons	among	people
with	arthritis	(DeVellis	et	al.,	1990):

1.	 Would	you	prefer	information	about:
(a)	Patients	who	have	worse	arthritis	than	you	have
(b)	Patients	who	have	milder	arthritis	than	you	have

2.	 Would	you	prefer	information	about:
(a)	Patients	who	have	worse	arthritis	than	you	have
(b)	Patients	who	have	arthritis	equally	as	bad	as	you	have
(c)	Patients	who	have	milder	arthritis	than	you	have

A	neutral	option	such	as	2b	might	permit	unwanted	equivocation.	A	neutral	point
may	also	be	desirable.	In	a	study	assessing	which	of	two	risks	(e.g.,	boredom	vs.
danger)	people	prefer	taking,	a	midpoint	may	be	crucial.	The	researcher	might
vary	the	chance	or	severity	of	harm	across	several	choices	between	a	safe,	dull
activity	and	an	exciting,	risky	one.	The	point	at	which	a	respondent	is	most
nearly	equivocal	about	risking	the	more	exciting	activity	could	then	be	used	as



an	index	of	risk	taking:

Indicate	your	relative	preference	for	Activity	A	or	Activity	B	from	the
alternatives	listed	below	by	circling	the	appropriate	phrase	following	the
description	of	Activity	B.

Activity	A:	Reading	a	statistics	book	(no	chance	of	severe	injury)

1.	 Activity	B:	Taking	a	flight	in	a	small	commuter	plane	(very	slight
chance	of	severe	injury)

2.	Activity	B:	Taking	a	flight	in	a	small	open-cockpit	plane	(slight
chance	of	severe	injury)

3.	Activity	B:	Parachute	jumping	from	a	plane	with	a	backup	chute
(moderate	chance	of	severe	injury)

4.	Activity	B:	Parachute	jumping	from	a	plane	without	a	backup	chute
(substantial	risk	of	severe	injury)

5.	Activity	B:	Jumping	from	a	plane	without	a	parachute	and
attempting	to	land	on	a	soft	target	(almost	certain	severe	injury)



The	other	merits	or	liabilities	of	this	approach	aside,	it	would	clearly	require	that
response	options	include	a	midpoint.

Specific	Types	of	Response	Formats
Scale	items	occur	in	a	dizzying	variety	of	forms.	However,	there	are	several
ways	to	present	items	that	are	used	widely	and	have	proven	successful	in	diverse
applications.	Some	of	these	are	discussed	below.

Likert	Scale

One	of	the	most	common	item	formats	is	a	Likert	scale.	When	a	Likert	scale	is
used,	the	item	is	presented	as	a	declarative	sentence,	followed	by	response
options	that	indicate	varying	degrees	of	agreement	with	or	endorsement	of	the
statement.	(In	fact,	the	preceding	example	of	risk	taking	used	a	Likert	response
format.)	Depending	on	the	phenomenon	being	investigated	and	the	goals	of	the
investigator,	either	an	odd	or	even	number	of	response	options	might	accompany
each	statement.	The	response	options	should	be	worded	so	as	to	have	roughly
equal	intervals	with	respect	to	agreement.	That	is	to	say,	the	difference	in
agreement	between	any	adjacent	pair	of	responses	should	be	about	the	same	as
for	any	other	adjacent	pair	of	response	options.	A	common	practice	is	to	include
six	possible	responses:	“strongly	disagree,”	“moderately	disagree,”	“mildly
disagree,”	“mildly	agree,”	“moderately	agree,”	and	“strongly	agree.”	These	form
a	continuum	from	strong	disagreement	to	strong	agreement.	A	neutral	midpoint
can	also	be	added.	Common	choices	for	a	midpoint	include	“neither	agree	nor
disagree”	and	“agree	and	disagree	equally.”	There	is	legitimate	room	for
discussion	concerning	the	equivalence	of	these	two	midpoints.	The	first	implies
apathetic	disinterest,	while	the	latter	suggests	strong	but	equal	attraction	to	both
agreement	and	disagreement.	It	may	very	well	be	that	most	respondents	do	not
focus	much	attention	on	subtleties	of	language	but	merely	regard	any	reasonable
response	option	in	the	center	of	the	range	as	a	midpoint,	irrespective	of	its
precise	wording.

Likert	scaling	is	widely	used	in	instruments	measuring	opinions,	beliefs,	and
attitudes.	It	is	often	useful	for	these	statements	to	be	fairly	(though	not
extremely)	strong	when	used	in	a	Likert	format.	Presumably,	the	moderation	of
opinion	is	expressed	in	the	choice	of	response	option.	For	example,	the
statements	“Physicians	generally	ignore	what	patients	say,”	“Sometimes,



physicians	do	not	pay	as	much	attention	as	they	should	to	patients’	comments,”
and	“Once	in	a	while,	physicians	might	forget	or	miss	something	a	patient	has
told	them”	express	strong,	moderate,	and	weak	opinions,	respectively,
concerning	physicians’	inattention	to	patients’	remarks.	Which	is	best	for	a
Likert	scale?	Ultimately,	of	course,	the	one	that	most	accurately	reflects	true
differences	of	opinion	is	best.	In	choosing	how	strongly	to	word	items	in	an
initial	item	pool,	the	investigator	might	profitably	ask,	“How	are	people	with
different	amounts	or	strengths	of	the	attribute	in	question	likely	to	respond?”	In
the	case	of	the	three	examples	just	presented,	the	investigator	might	conclude
that	the	last	question	would	probably	elicit	strong	agreement	from	people	whose
opinions	fell	along	much	of	the	continuum	from	positive	to	negative.	If	this
conclusion	proved	correct,	then	the	third	statement	would	not	do	a	good	job	of
differentiating	between	people	with	strong	versus	moderate	negative	opinions.

In	general,	very	mild	statements	may	elicit	too	much	agreement	when	used	in
Likert	scales.	Many	people	will	strongly	agree	with	such	a	statement	as	“The
safety	and	security	of	citizens	is	important.”	One	could	strongly	agree	with	such
a	statement	(i.e.,	choose	an	extreme	response	option)	without	holding	an	extreme
opinion.	Of	course,	the	opposite	is	equally	true.	People	holding	any	but	the	most
extreme	views	might	find	themselves	in	disagreement	with	an	extremely	strong
statement	(e.g.,	“Hunting	down	and	punishing	wrongdoers	is	more	important
than	protecting	the	rights	of	individuals”).	Of	the	two	(overly	mild	or	overly
extreme)	statements,	the	former	may	be	the	bigger	problem	for	two	reasons.
First,	our	inclination	is	often	to	write	statements	that	will	not	offend	our	subjects.
Avoiding	offensiveness	is	probably	a	good	idea;	however,	it	may	lead	us	to	favor
items	that	nearly	everyone	will	find	agreeable.	Another	reason	to	be	wary	of
items	that	are	too	mild	is	that	they	may	represent	the	absence	of	belief	or
opinion.	The	third	of	our	inattentive	physician	items	in	the	preceding	paragraph
did	not	indicate	the	presence	of	a	favorable	attitude	so	much	as	the	absence	of	an
unfavorable	one.	Items	of	this	sort	may	be	poorly	suited	to	the	research	goal
because	we	are	more	often	interested	in	the	presence	of	some	phenomenon	than
in	its	absence.

A	useful	way	of	calibrating	how	strongly	or	mildly	a	statement	should	be	worded
is	to	do	the	following:	imagine	the	typical	respondent	for	whom	the	scale	is
intended.	Try	to	imagine	how	that	person	would	respond	to	items	of	different
forcefulness.	Now,	think	about	what	sort	of	item	wording	would	be	most	likely
to	elicit	a	response	from	that	typical	respondent	that	was	at	or	near	the	center	of
the	Likert	scale	response	options	you	plan	to	use.	So,	for	example,	if	you	had



chosen	a	6-point	scale	that	had	slightly	disagree	and	slightly	agree	as	the
centermost	response	options,	you	would	want	to	create	an	item	that	would	elicit
one	of	those	responses	from	a	typical	respondent	in	the	population	of	interest.
Such	an	item	should	be	able	to	accommodate	people	whose	views	are	either	less
or	more	strong	than	the	typical	or	average	respondent	and	thus	theoretically
should	have	substantial	observed	and	true	score	variance.	By	virtue	of	its
variance	across	respondents,	the	item	will	have	a	better	chance	of	correlating
well	with	other	items	(because	covariation	is	tied	to	the	extent	of	variation)	and
thus	will	have	the	potential	to	enhance	scale	reliability.	In	contrast,	an	item	that
is	likely	to	produce	extreme	responses,	such	as	strongly	disagree	or	strongly
agree,	from	the	typical	respondent	would	do	a	poor	job	of	discriminating	across
the	full	spectrum	of	respondents.

In	summary,	a	good	Likert	item	should	state	the	opinion,	attitude,	belief,	or	other
construct	under	study	in	clear	terms.	It	is	neither	necessary	nor	appropriate	for
this	type	of	scale	to	span	the	range	of	weak	to	strong	assertions	of	the	construct.
The	response	options	provide	the	opportunity	for	gradations.

The	following	are	examples	of	items	in	Likert	response	formats:

1.	 Exercise	is	an	essential	component	of	a	healthy	lifestyle.

2.	Combating	drug	abuse	should	be	a	top	national	priority.

Semantic	Differential

The	semantic	differential	scaling	method	is	chiefly	associated	with	the	attitude
research	of	Osgood	and	his	colleagues	(e.g.,	Osgood	&	Tannenbaum,	1955).
Typically,	a	semantic	differential	is	used	in	reference	to	one	or	more	stimuli.	In



the	case	of	attitudes,	for	example,	the	stimulus	might	be	a	group	of	people,	such
as	automobile	salesmen.	Identification	of	the	target	stimulus	is	followed	by	a	list
of	adjective	pairs.	Each	pair	represents	opposite	ends	of	a	continuum,	defined	by
adjectives	(e.g.,	honest	and	dishonest).	As	shown	in	the	example	below,	there	are
several	lines	between	the	adjectives	that	constitute	the	response	options:

In	essence,	the	individual	lines	(seven	and	nine	are	common	numbers)	represent
points	along	the	continuum	defined	by	the	adjectives.	The	respondent	places	a
mark	on	one	of	the	lines	to	indicate	the	point	along	the	continuum	that
characterizes	his	or	her	evaluation	of	the	stimulus.	For	example,	if	someone
regarded	auto	salesmen	as	extremely	dishonest,	he	or	she	might	select	the	line
closest	to	that	adjective.	Either	extreme	or	moderate	views	can	be	expressed	by
choosing	which	line	to	mark.	After	rating	the	stimulus	with	regard	to	the	first
adjective	pair,	the	person	would	proceed	to	additional	adjective	pairs	separated
by	lines.

The	adjectives	one	chooses	can	be	either	bipolar	or	unipolar,	depending,	as
always,	on	the	logic	of	the	research	questions	the	scale	is	intended	to	address.
Bipolar	adjectives	each	express	the	presence	of	opposite	attributes,	such	as
friendly	and	hostile.	Unipolar	adjective	pairs	indicate	the	presence	and	absence
of	a	single	attribute,	such	as	friendly	and	not	friendly.

Like	the	Likert	scale,	the	semantic	differential	response	format	can	be	highly
compatible	with	the	theoretical	models	presented	in	the	earlier	chapters	of	this
book.	Sets	of	items	can	be	written	to	tap	the	same	underlying	variable.	For
example,	items	using	trustworthy/untrustworthy,	fair/unfair,	and
truthful/untruthful	as	endpoints	might	be	added	to	the	first	statement	in	the
preceding	example	to	constitute	an	“honesty”	scale.	Such	a	scale	could	be
conceptualized	as	a	set	of	items	sharing	a	common	latent	variable	(honesty)	and
conforming	to	the	assumptions	discussed	in	Chapter	2.	Accordingly,	the	scores
of	the	individual	“honesty”	items	could	be	added	and	analyzed	as	described	in	a
later	section	concerning	the	evaluation	of	items.



Visual	Analog

Another	item	format	that	is	in	some	ways	similar	to	the	semantic	differential	is
the	visual	analog	scale.	This	response	format	presents	the	respondent	with	a
continuous	line	between	a	pair	of	descriptors	representing	opposite	ends	of	a
continuum.	The	individual	completing	the	item	is	instructed	to	place	a	mark	at	a
point	on	the	line	that	represents	his	or	her	opinion,	experience,	belief,	or
whatever	is	being	measured.	The	visual	analog	scale,	as	the	term	analog	in	the
name	implies,	is	a	continuous	scale.	The	fineness	of	differentiation	in	assigning
scores	to	points	on	the	scale	is	determined	by	the	investigator.	Some	of	the
advantages	and	disadvantages	of	a	continuous-response	format	were	discussed
earlier.	An	additional	issue	not	raised	at	that	time	concerns	possible	differences
in	the	interpretation	of	physical	space	as	it	relates	to	values	on	the	continuum.	A
mark	placed	at	a	specific	point	along	the	line	may	not	mean	the	same	thing	to
different	people,	even	when	the	end	points	of	the	line	are	identically	labeled	for
all	respondents.	Consider	a	visual	analog	scale	for	pain	such	as	this:

Does	a	response	in	the	middle	of	the	scale	indicate	pain	about	half	of	the	time,
constant	pain	of	half	the	possible	intensity,	or	something	else	entirely?	Part	of
the	problem	with	measuring	pain	is	that	it	can	be	evaluated	on	multiple
dimensions,	including	frequency,	intensity,	and	duration.	Also,	recollections	of
the	worst	pain	a	given	person	has	ever	experienced	are	likely	to	be	distorted.
Comparisons	across	individuals	are	further	complicated	by	the	fact	that	different
people	may	have	experienced	different	levels	of	“the	worst	pain.”	Of	course,
some	of	these	problems	reside	with	the	phenomenon	used	in	this	example—pain
(see	Keefe,	2000,	for	an	excellent	discussion	of	pain	measurement)—and	not
with	the	scale	per	se.	However,	the	problem	of	idiosyncratic	assignment	of
values	along	a	visual	analog	scale	can	exist	for	other	phenomena	as	well.

A	major	advantage	of	visual	analog	scales	is	that	they	are	potentially	very
sensitive	(Mayer,	1978).	This	can	make	them	especially	useful	for	measuring
phenomena	before	and	after	some	intervening	event,	such	as	an	intervention	or
experimental	manipulation,	that	exerts	a	relatively	weak	effect.	A	mild	rebuke	in
the	course	of	an	experimental	manipulation,	for	example,	may	not	produce	a
shift	on	a	5-point	measure	of	self-esteem.	However,	a	subtle	but	systematic	shift
to	lower	values	on	a	visual	analog	scale	might	occur	among	people	in	the



“rebuke”	condition	of	this	hypothetical	experiment.	Sensitivity	may	be	more
advantageous	when	examining	changes	over	time	within	the	same	individual
rather	than	across	individuals	(Mayer,	1978).	This	may	be	so	because,	in	the
former	case,	there	is	no	additional	error	due	to	extraneous	differences	between
individuals.

Another	potential	advantage	of	visual	analog	scales	when	they	are	repeated	over
time	is	that	it	is	difficult	or	impossible	for	subjects	to	encode	their	past	responses
with	precision.	To	continue	with	the	example	from	the	preceding	paragraph,	a
subject	would	probably	have	little	difficulty	remembering	which	of	five
numbered	options	to	a	self-esteem	item	he	or	she	had	previously	chosen	in
response	to	a	multiresponse	format	such	as	a	Likert	scale.	Unless	one	of	the	end
points	of	a	visual	analog	scale	were	chosen,	however,	it	would	be	difficult	to
recall	precisely	where	a	mark	had	been	made	along	a	featureless	line.	This	could
be	advantageous	if	the	investigator	were	concerned	that	respondents	might	be
biased	to	appear	consistent	over	time.	Presumably,	subjects	motivated	to	be
consistent	would	choose	the	same	response	after	exposure	to	an	experimental
intervention	as	prior	to	such	exposure.	The	visual	analog	format	essentially	rules
out	this	possibility.	If	the	post-manipulation	responses	departed	consistently	(i.e.,
usually	in	the	same	direction)	from	the	premanipulation	response	for
experimental	subjects	and	randomly	for	controls,	then	the	choice	of	a	visual
analog	scale	might	have	contributed	to	detecting	a	subtle	phenomenon	that	other
methods	would	have	missed.

Visual	analog	scales	have	often	been	used	as	single-item	measures.	This	has	the
sizable	disadvantage	of	precluding	any	determination	of	internal	consistency.
With	a	single-item	measure,	reliability	can	be	determined	only	by	the	test-retest
method	described	in	Chapter	3	or	by	comparison	with	other	measures	of	the
same	attribute	having	established	psychometric	properties.	The	former	method
suffers	from	the	problems	of	test-retest	assessments	discussed	earlier,	notably	the
impossibility	of	differentiating	instability	of	the	measurement	process	from
instability	of	the	phenomenon	being	measured.	The	latter	method	is	actually	a
construct	validity	comparison.	However,	because	reliability	is	a	necessary
condition	for	validity,	one	can	infer	the	reliability	if	validity	is	in	evidence.
Nonetheless,	a	better	strategy	may	be	to	develop	multiple	visual	analog	items	so
that	internal	consistency	can	be	determined.

Numerical	Response	Formats	and	Basic	Neural	Processes



A	study	by	Zorzi,	Priftis,	and	Umilitá	(2002)	appearing	in	Nature	suggests	that
certain	response	options	may	correspond	to	how	the	brain	processes	numerical
information.	According	to	these	authors,	numbers	arrayed	in	a	sequence,	as	with
the	typical	Likert	scale,	express	quantity	not	only	in	their	numerical	values	but	in
their	locations.	They	suggest	that	the	visual	line	of	numbers	is	not	merely	a
convenient	representation	but	corresponds	to	fundamental	neural	processes.
They	observed	that	people	with	various	brain	lesions	that	impair	spatial
perception	in	the	visual	field	make	systematic	errors	in	simple,	visually
presented	mathematical	problems.	The	spatial	anomaly	and	the	type	of	errors	are
closely	linked.	Individuals	who	could	not	perceive	the	left	visual	field,	when
asked	to	indicate	the	midpoint	between	two	values	presented	in	a	linear	array,
consistently	erred	“to	the	right.”	For	example,	when	individuals	were	asked	what
would	be	midway	between	points	labeled	“3”	and	“9,”	errors	were	shifted	to	the
right	(i.e.,	to	higher	values).	Reversing	the	scale	from	high	to	low	continued	to
produce	shifts	to	the	right	(now,	lower	values).	When	the	same	tasks	were
presented	in	nonvisual	form	(e.g.,	by	asking	what	the	average	of	3	and	9	was),
the	pattern	did	not	appear.	In	fact,	these	individuals	showed	no	deficit	in
performing	arithmetic	when	it	was	not	presented	visually.	Control	subjects
without	the	visual	anomaly	did	not	show	the	shift	pattern	of	those	with	brain
lesions.	The	authors	conclude	that	their	work	constitutes	“strong	evidence	that
the	mental	number	line	is	more	than	simply	a	metaphor”	and	that	“thinking	of
numbers	in	spatial	terms	(as	has	been	reported	by	great	mathematicians)	may	be
more	efficient	because	it	is	grounded	in	the	actual	neural	representation	of
numbers”	(p.	138).	Although	this	study,	by	itself,	may	not	warrant	hard-and-fast
conclusions,	it	provides	tantalizing	preliminary	evidence	that	evaluating	a	linear
string	of	numbers	may	correspond	to	fundamental	neural	mechanisms	involved
in	assessing	quantity.	If	this	is	truly	the	case,	then	response	options	presented	as
a	row	of	numbers	may	have	special	merit.

Binary	Options

Another	common	response	format	gives	subjects	a	choice	between	binary
options	for	each	item.	The	earlier	examples	of	Thurstone	and	Guttman	scales
used	binary	options	(“agree”	and	“disagree”),	although	scales	with	equally
weighted	items	could	also	have	binary	response	options.	Subjects	might,	for
example,	be	asked	to	check	off	all	the	adjectives	on	a	list	that	they	think	apply	to
themselves.	Or	they	may	be	asked	to	answer	“yes”	or	“no”	to	a	list	of	emotional
reactions	they	may	have	experienced	in	some	specified	situation.	In	both	cases,
responses	reflecting	items	sharing	a	common	latent	variable	(e.g.,	adjectives



such	as	“sad,”	“unhappy,”	and	“blue”	representing	depression)	could	be
combined	into	a	single	score	for	that	construct.

A	major	shortcoming	of	binary	responses	is	that	each	item	can	have	only
minimal	variability.	Similarly,	any	pair	of	items	can	have	only	one	of	two	levels
of	covariation:	agreement	or	disagreement.	Recall	from	Chapter	3	that	the
variance	of	a	scale	made	up	of	multiple	equally	weighted	items	is	exactly	equal
to	the	sum	of	all	the	elements	in	the	covariance	matrix	for	the	individual	items.
With	binary	items,	each	item	contributes	precious	little	to	that	sum	because	of
the	limitations	in	possible	variances	and	covariances.	The	practical	consequence
of	this	is	that	more	items	are	needed	to	obtain	the	same	degree	of	scale	variance
if	the	items	are	binary.	However,	binary	items	are	usually	extremely	easy	to
answer.	Therefore,	the	burden	placed	on	the	subject	is	low	for	any	one	item.	For
example,	most	people	can	quickly	decide	whether	certain	adjectives	are	apt
descriptions	of	themselves.	As	a	result,	subjects	often	are	willing	to	complete
more	binary	items	than	ones	using	a	format	demanding	concentration	on	finer
distinctions.	Thus,	a	binary	format	may	allow	the	investigator	to	achieve
adequate	variation	in	scale	scores	by	aggregating	information	over	more	items.

Item	Time	Frames

Another	issue	that	pertains	to	the	formatting	of	items	is	the	specified	or	implied
time	frame.	Kelly	and	McGrath	(1988),	in	another	volume	in	this	series,	discuss
the	importance	of	considering	the	temporal	features	of	different	measures.	Some
scales	will	not	make	reference	to	a	time	frame,	implying	a	universal	time
perspective.	Locus	of	control	scales,	for	example,	often	contain	items	that	imply
an	enduring	belief	in	causality.	Items	such	as	“If	I	take	the	right	actions,	I	can
stay	healthy”	(Wallston	et	al.,	1978)	presume	that	this	belief	is	relatively	stable.
This	is	consistent	with	the	theoretical	characterization	of	locus	of	control	as	a
generalized	rather	than	specific	expectancy	for	control	over	outcomes	(although
there	has	been	a	shift	toward	greater	specificity	in	later	measures	of	locus	of
control	beliefs—e.g.,	DeVellis	et	al.,	1985).	Other	measures	assess	relatively
transient	phenomena.	Depression,	for	example,	can	vary	over	time,	and	scales	to
measure	it	have	acknowledged	this	point	(Mayer,	1978).	For	example,	the	widely
used	Center	for	Epidemiological	Studies	Depression	Scale	(Radloff,	1977)	uses	a
format	that	asks	respondents	to	indicate	how	often	during	the	past	week	they
experienced	various	mood	states.	Some	measures,	such	as	anxiety	scales	(e.g.,
Spielberger,	Gorsuch,	&	Lushene,	1970),	are	developed	in	different	forms
intended	to	assess	relatively	transient	states	or	relatively	enduring	traits



(Zuckerman,	1983).	The	investigator	should	choose	a	time	frame	for	a	scale
actively	rather	than	passively.	Theory	is	an	important	guide	to	this	process.	Is	the
phenomenon	of	interest	a	fundamental	and	enduring	aspect	of	individuals’
personalities,	or	is	it	likely	to	be	dependent	on	changing	circumstances?	Is	the
scale	intended	to	detect	subtle	variations	occurring	over	a	brief	time	frame	(e.g.,
increases	in	negative	affect	after	viewing	a	sad	movie)	or	changes	that	may
evolve	over	a	lifetime	(e.g.,	progressive	political	conservatism	with	increasing
age)?

In	conclusion,	the	item	formats,	including	response	options	and	instructions,
should	reflect	the	nature	of	the	latent	variable	of	interest	and	the	intended	uses	of
the	scale.

Step	4:	Have	Initial	Item	Pool	Reviewed	by	Experts
Thus	far,	we	have	discussed	the	need	for	clearly	articulating	what	the
phenomenon	of	interest	is,	generating	a	pool	of	suitable	items,	and	selecting	a
response	format	for	those	items.	The	next	step	in	the	process	is	having	a	group	of
people	who	are	knowledgeable	in	the	content	area	review	the	item	pool.	This
review	serves	multiple	purposes	related	to	maximizing	the	content	validity	(see
Chapter	4)	of	the	scale.

First,	having	experts	review	your	item	pool	can	confirm	or	invalidate	your
definition	of	the	phenomenon.	You	can	ask	your	panel	of	experts	(e.g.,
colleagues	who	have	worked	extensively	with	the	construct	in	question	or
related	phenomena)	to	rate	how	relevant	they	think	each	item	is	to	what	you
intend	to	measure.	This	is	especially	useful	if	you	are	developing	a	measure	that
will	consist	of	separate	scales	to	measure	multiple	constructs.	If	you	have	been
careful	in	developing	your	items,	then	experts	should	have	little	trouble
determining	which	items	correspond	to	which	constructs.	In	essence,	your
thoughts	about	what	each	item	measures	are	the	hypothesis,	and	the	responses	of
the	experts	are	the	confirming	or	disconfirming	data.	Even	if	all	the	items	are
intended	to	tap	a	single	attribute	or	construct,	expert	review	is	useful.	If	experts
read	something	into	an	item	you	did	not	plan	to	include,	subjects	completing	a
final	scale	might	do	likewise.

The	mechanics	of	obtaining	evaluations	of	item	relevance	usually	involve
providing	the	expert	panel	with	your	working	definition	of	the	construct.	They



are	then	asked	to	rate	each	item	with	respect	to	its	relevance	vis-à-vis	the
construct	as	you	have	defined	it.	This	might	entail	merely	rating	relevance	as
high,	moderate,	or	low	for	each	item.	In	addition,	you	might	invite	your	experts
to	comment	on	individual	items	as	they	see	fit.	This	makes	their	job	a	bit	more
difficult	but	can	yield	excellent	information.	A	few	insightful	comments	about
why	certain	items	are	ambiguous,	for	example,	might	give	you	a	new	perspective
on	how	you	have	attempted	to	measure	the	construct.

Reviewers	also	can	evaluate	the	items’	clarity	and	conciseness.	The	content	of
an	item	may	be	relevant	to	the	construct,	but	its	wording	may	be	problematic.
This	bears	on	item	reliability	because	an	ambiguous	or	otherwise	unclear	item,
to	a	greater	degree	than	a	clear	item,	can	reflect	factors	extraneous	to	the	latent
variable.	In	your	instructions	to	reviewers,	ask	them	to	point	out	awkward	or
confusing	items	and	suggest	alternative	wordings,	if	they	are	so	inclined.

A	third	service	that	your	expert	reviewers	can	provide	is	pointing	out	ways	of
tapping	the	phenomenon	that	you	have	failed	to	include.	There	may	be	a	whole
approach	that	you	have	overlooked.	For	example,	you	may	have	included	many
items	referring	to	illness	in	a	pool	of	items	concerned	with	health	beliefs	but
failed	to	consider	injury	as	another	relevant	departure	from	health.	By	reviewing
the	variety	of	ways	you	have	captured	the	phenomenon	of	interest,	your
reviewers	can	help	you	maximize	the	content	validity	of	your	scale.

A	final	word	of	caution	concerning	expert	opinion:	The	final	decision	to	accept
or	reject	the	advice	of	your	experts	is	your	responsibility	as	the	scale	developer.
Sometimes,	content	experts	might	not	understand	the	principles	of	scale
construction.	This	can	lead	to	bad	advice.	A	recommendation	I	have	frequently
encountered	from	colleagues	without	scale	development	experience	is	to
eliminate	items	that	concern	the	same	thing.	As	discussed	earlier,	removing	all
redundancy	from	an	item	pool	or	a	final	scale	would	be	a	grave	error	because
redundancy	is	an	integral	aspect	of	internal	consistency.	However,	this	comment
might	indicate	that	the	wording,	vocabulary,	and	sentence	structure	of	the	items
are	too	similar	and	could	be	improved.	Pay	careful	attention	to	all	the
suggestions	you	receive	from	content	experts.	Then	make	your	own	informed
decisions	about	how	to	use	their	advice.

At	this	point	in	the	process,	the	scale	developer	has	a	set	of	items	that	has	been
reviewed	by	experts	and	modified	accordingly.	It	is	now	time	to	advance	to	the
next	step.



Step	5:	Consider	Inclusion	of	Validation	Items
Obviously,	the	heart	of	the	scale	development	questionnaire	is	the	set	of	items
from	which	the	scale	under	development	will	emerge.	However,	some	foresight
can	pay	off	handsomely.	It	might	be	possible	and	relatively	convenient	to	include
some	additional	items	in	the	same	questionnaire	that	will	help	in	determining	the
validity	of	the	final	scale.	There	are	at	least	two	types	of	items	to	consider.

The	first	type	of	item	a	scale	developer	might	choose	to	include	in	a
questionnaire	serves	to	detect	flaws	or	problems.	Respondents	might	not	be
answering	the	items	of	primary	interest	for	the	reasons	you	assume.	There	may
be	other	motivations	influencing	their	responses.	Learning	this	early	is
advantageous.	One	type	of	motivation	that	can	be	assessed	fairly	easily	is	social
desirability.	If	an	individual	is	strongly	motivated	to	present	herself	or	himself	in
a	way	that	society	regards	as	positive,	item	responses	may	be	distorted.
Including	a	social	desirability	scale	allows	the	investigator	to	assess	how
strongly	individual	items	are	influenced	by	social	desirability.	Items	that
correlate	substantially	with	the	social	desirability	score	obtained	should	be
considered	as	candidates	for	exclusion	unless	there	is	a	sound	theoretical	reason
that	indicates	otherwise.	A	brief	and	useful	social	desirability	scale	has	been
developed	by	Strahan	and	Gerbasi	(1972).	This	10-item	measure	can	be
conveniently	inserted	into	a	questionnaire.

There	are	other	sources	of	items	for	detecting	undesirable	response	tendencies
(Anastasi,	1968).	The	Minnesota	Multiphasic	Personality	Inventory	(Hathaway
&	McKinley,	1967;	Hathaway	&	Meehl,	1951)	includes	several	scales	aimed	at
detecting	various	response	biases.	In	some	instances,	it	may	be	appropriate	to
include	these	types	of	scales.

The	other	class	of	items	to	consider	including	at	this	stage	pertain	to	the
construct	validity	of	the	scale.	As	discussed	in	Chapter	4,	if	theory	asserts	that
the	phenomenon	you	are	setting	out	to	measure	relates	to	other	constructs,	then
the	performance	of	the	scale	vis-à-vis	measures	of	those	other	constructs	can
serve	as	evidence	of	its	validity.	Rather	than	mounting	a	separate	validation
effort	after	constituting	the	final	scale,	it	may	be	possible	to	include	measures	of
relevant	constructs	at	this	stage.	The	resultant	pattern	of	relationships	can
provide	support	for	claims	of	validity	or,	alternatively,	provide	clues	if	the	set	of
items	does	not	perform	as	anticipated.



Step	6:	Administer	Items	to	a	Development	Sample
After	deciding	which	construct-related	and	validity	items	to	include	in	your
questionnaire,	you	must	administer	them,	along	with	the	pool	of	new	items,	to
some	subjects.	The	sample	of	subjects	should	be	large.	How	large	is	large?	It	is
difficult	to	find	a	consensus	on	this	issue.	Let	us	examine	the	rationale	for	a	large
sample.	Nunnally	(1978)	points	out	that	the	primary	sampling	issue	in	scale
development	involves	the	sampling	of	items	from	a	hypothetical	universe	(cf.
Ghiselli,	Campbell,	&	Zedeck,	1981).	In	order	to	concentrate	on	the	adequacy	of
the	items,	the	sample	should	be	sufficiently	large	to	eliminate	subject	variance	as
a	significant	concern.	Nunnally	suggests	that	300	people	is	an	adequate	number.
However,	practical	experience	suggests	that	scales	have	been	successfully
developed	with	smaller	samples.	The	number	of	items	and	the	number	of	scales
to	be	extracted	also	have	a	bearing	on	the	sample	size	issue.	If	only	a	single	scale
is	to	be	extracted	from	a	pool	of	about	20	items,	fewer	than	300	subjects	might
suffice.

There	are	several	risks	in	using	too	few	subjects.	First,	the	patterns	of
covariation	among	the	items	may	not	be	stable.	An	item	that	appears	to	increase
internal	consistency	may	turn	out	to	be	a	dud	when	it	is	used	on	a	separate
sample.	If	items	are	selected	for	inclusion	(as	they	very	well	may	be)	on	the
basis	of	their	contribution	to	alpha,	having	a	small	developmental	sample	can
paint	an	inaccurately	rosy	picture	of	internal	consistency.	When	the	ratio	of
subjects	to	items	is	relatively	low	and	the	sample	size	is	not	large,	the
correlations	among	items	can	be	influenced	by	chance	to	a	fairly	substantial
degree.	When	a	scale	whose	items	were	selected	under	these	conditions	is
readministered,	the	chance	factors	that	made	certain	items	look	good	initially	are
no	longer	operative.	Consequently,	the	alpha	obtained	on	occasions	other	than
the	initial	development	study	may	be	lower	than	expected.	Similarly,	a
potentially	good	item	may	be	excluded	because	its	correlation	with	other	items
was	attenuated	purely	by	chance.

A	second	potential	pitfall	of	small	sample	size	is	that	the	development	sample
may	not	represent	the	population	for	which	the	scale	is	intended.	Of	course,	this
can	also	be	the	case	if	the	development	sample	is	large,	but	a	small	sample	is
even	more	likely	to	exclude	certain	types	of	individuals.	Thus,	a	scale	developer
should	consider	both	the	size	and	composition	of	the	development	sample.	A
careful	investigator	might	choose	to	address	the	generalizability	of	a	scale	across
populations	(or	some	other	facet)	with	a	G-study,	as	discussed	in	Chapter	3.



Not	all	types	of	nonrepresentativeness	are	identical.	There	are	at	least	two
different	ways	in	which	a	sample	may	not	be	representative	of	the	larger
population.	The	first	involves	the	level	of	attribute	present	in	the	sample	versus
the	intended	population.	For	example,	a	sample	might	represent	a	narrower
range	of	the	attribute	than	would	be	expected	of	the	population.	This	constriction
of	range	may	also	be	asymmetrical	so	that	the	mean	score	obtained	on	the	scale
for	the	sample	is	appreciably	higher	or	lower	than	one	would	expect	for	the
population.	Opinions	regarding	the	appropriate	legal	drinking	age,	for	example,
might	very	well	differ	on	a	college	campus	from	opinions	on	the	same	topic	in	a
community	at	large.	A	mean	value	of	the	attribute	that	is	not	representative	does
not	necessarily	disqualify	the	sample	for	purposes	of	scale	development.	It	may
yield	inaccurate	expectations	for	scale	means	while	still	providing	an	accurate
picture	of	the	internal	consistency	the	scale	possesses.	For	example,	a	sample	of
this	sort	might	still	lead	to	correct	conclusions	about	which	items	are	most
strongly	interrelated.

A	more	troublesome	type	of	nonrepresentativeness	involves	a	sample	that	is
qualitatively	rather	than	quantitatively	different	from	the	target	population.
Specifically,	a	sample	in	which	the	relationships	among	items	or	constructs	may
differ	from	the	population	is	reason	for	concern.	If	a	sample	is	quite	unusual,
items	may	have	a	different	meaning	for	them	than	for	people	in	general.	The
patterns	of	association	among	items	might	reflect	unusual	attributes	shared
among	sample	members	but	rare	in	the	broader	community.	In	other	words,	the
groupings	of	interrelated	items	that	emerge	(e.g.,	from	a	factor	analysis)	may	be
atypical.	Stated	a	bit	more	formally,	the	underlying	causal	structure	relating
variables	to	true	scores	may	be	different	if	a	sample	is	unlike	the	population	in
important	ways.	Consider	some	rather	obvious	examples:	If	the	members	of	the
chosen	sample	do	not	understand	a	key	word	that	recurs	among	the	items	and
has	relevance	to	the	construct,	their	responses	may	tell	little	or	nothing	about
how	the	scale	would	perform	under	different	circumstances.	The	word	sick
means	“ill”	in	the	United	States	but	“nauseated”	(i.e.,	sick	to	one’s	stomach)	in
England.	A	set	of	questions	about	illness	developed	for	one	group	may	have	a
markedly	different	meaning	for	the	other.	If	the	scale	concerns	a	specific	health
problem	not	usually	associated	with	nausea	(e.g.,	arthritis),	items	that	use	the
word	ill	might	cluster	together	because	of	their	distinct	meaning	if	the	sample
were	British.	An	American	sample,	on	the	other	hand,	would	be	unlikely	to
differentiate	statements	about	being	ill	from	other	health-related	items.	Even
within	the	United	States,	the	same	word	can	have	different	meanings.	Among
rural	Southerners,	for	example,	“bad	blood”	is	sometimes	used	as	a	euphemism



for	venereal	disease,	whereas	in	other	parts	of	the	country	it	means	animosity.	If
an	item	discussing	“bad	blood	between	relatives”	performed	differently	among	a
sample	of	rural	Southerners	versus	other	samples,	it	would	hardly	be	surprising.

The	consequences	of	this	second	type	of	sample	nonrepresentativeness	can
severely	harm	a	scale	development	effort.	The	underlying	structure	that	emerges
—the	patterns	of	covariation	among	items	that	are	so	important	to	issues	of	scale
reliability—may	be	a	quirk	of	the	sample	used	in	development.	If	a	researcher
has	reason	to	believe	that	the	meaning	ascribed	to	items	may	be	atypical	among
a	development	sample,	great	caution	should	be	used	in	interpreting	the	findings
obtained	from	that	sample.

Step	7:	Evaluate	the	Items
After	an	initial	pool	of	items	has	been	developed,	scrutinized,	and	administered
to	an	appropriately	large	and	representative	sample,	it	is	time	to	evaluate	the
performance	of	the	individual	items	so	that	appropriate	ones	can	be	identified	to
constitute	the	scale.	This	is,	in	many	ways,	the	heart	of	the	scale	development
process.	Item	evaluation	is	second	perhaps	only	to	item	development	in	its
importance.

Initial	Examination	of	Items’	Performance
When	discussing	item	development,	we	referred	to	some	of	the	qualities	that	are
desirable	in	a	scale	item.	Let	us	reconsider	that	issue.	The	ultimate	quality	we
seek	in	an	item	is	a	high	correlation	with	the	true	score	of	the	latent	variable.
This	follows	directly	from	the	discussion	of	reliability	in	Chapter	3.	We	cannot
directly	assess	the	true	score	(if	we	could,	we	probably	would	not	need	a	scale)
and,	thus,	cannot	directly	compute	its	correlations	with	items.	However,	we	can
make	inferences	based	on	the	formal	measurement	models	that	have	been
discussed	thus	far.	When	discussing	parallel	tests	in	Chapter	2,	I	noted	that	the
correlation	between	any	two	items	equals	the	square	of	the	correlation	between
either	item	and	the	true	score.	This	squared	value	is	the	reliability	of	each	of	the
items.	So,	we	can	learn	about	relationships	to	true	scores	from	correlations
among	items.	The	higher	the	correlations	among	items	are,	the	higher	the
individual	item	reliabilities	are	(i.e.,	the	more	intimately	they	are	related	to	the
true	score).	The	more	reliable	the	individual	items	are,	the	more	reliable	the	scale
that	they	compose	will	be	(assuming	that	they	share	a	common	latent	variable).



So,	the	first	quality	we	seek	in	a	set	of	scale	items	is	that	they	be	highly
intercorrelated.	One	way	to	determine	how	intercorrelated	the	items	are	is	to
inspect	the	correlation	matrix.

Reverse	Scoring

If	there	are	items	whose	correlations	with	other	items	are	negative,	then	the
appropriateness	of	reverse	scoring	those	items	should	be	considered.	Earlier,	I
suggested	that	items	worded	in	opposite	directions	can	pose	problems.
Sometimes,	however,	we	may	inadvertently	end	up	with	negatively	correlated
items.	This	might	happen,	for	example,	if	we	initially	anticipated	two	separate
groups	of	items	(e.g.,	pertaining	to	happiness	and	sadness)	but	decide	for	some
reason	that	they	should	be	combined	into	a	single	group.	We	could	then	wind	up
with	statements	that	relate	equally	to	the	new,	combined	construct	(e.g.,	affect),
but	some	may	be	positive	and	others	negative.	“I	am	happy”	and	“I	am	sad”	both
pertain	to	affect;	however,	they	are	opposites.	If	we	wanted	high	scores	on	our
scale	to	measure	happiness,	then	we	would	have	to	ascribe	a	high	value	to
endorsing	the	“happy”	item	but	a	low	value	to	endorsing	the	“sad”	item.	That	is
to	say,	we	would	reverse	score	the	sadness	item.	Sometimes,	items	are
administered	in	such	a	way	that	they	are	already	reversed.	For	example,	subjects
might	be	asked	to	circle	higher	numerical	values	to	indicate	agreement	with	a
“happy”	item	and	lower	values	to	endorse	a	“sad”	one.	One	way	to	do	this	is	by
having	the	verbal	descriptors	for	the	response	options	(e.g.,	“strongly	disagree,”
“moderately	disagree,”	etc.)	always	be	in	the	same	order	for	all	items	but	having
the	numbers	associated	with	them	either	ascend	or	descend,	depending	on	the
item:

1.	 I	am	sad	often.

2.	Much	of	the	time,	I	am	happy.



This	process	may	confuse	the	subject.	People	may	ignore	the	words	after
realizing	that	they	are	the	same	for	all	items.	However,	it	is	probably	preferable
to	altering	the	order	of	the	descriptors	(e.g.,	from	“strongly	disagree”	to
“strongly	agree”	from	left	to	right	for	some	items	and	the	reverse	for	others).
Another	option	is	to	have	both	the	verbal	descriptions	and	their	corresponding
numbers	the	same	for	all	items	but	to	enter	different	values	for	certain	items	at
the	time	of	data	coding.	Changing	scores	for	certain	items	at	the	time	of	coding
is	both	tedious	and	potentially	error	prone.	For	every	subject,	every	item	to	be
reverse	scored	must	be	given	the	special	attention	involved	in	reverse	scoring.
This	creates	numerous	opportunities	for	mistakes.

The	easiest	method	for	reverse	scoring	is	to	do	so	electronically	once	the	data
have	been	entered	into	a	computer.	A	few	computer	statements	can	handle	all	the
reverse	scoring	for	all	subjects’	data.	If	the	response	options	have	numerical
values	and	the	desired	transformation	is	to	reverse	the	order	of	values,	a	simple
formula	can	be	used.	For	example,	assume	that	a	set	of	mood	items	formatted
using	a	Likert	scale	was	scored	from	1	to	7,	with	higher	numbers	indicating
agreement.	Assume	further	that,	for	ease	of	comprehension,	both	positive	mood
and	negative	mood	items	used	this	same	response	format.	However,	if	endorsing
positive	mood	items	is	assigned	a	high	score,	then	the	scale	is	essentially	a
positive	mood	scale.	Endorsing	a	positive	mood	item	should	result	in	a	high
value,	and	endorsing	a	negative	mood	item	should	yield	a	low	value.	This	is
what	would	be	obtained	if,	for	all	negative	mood	items,	responses	of	7	were
changed	to	1,	6	to	2,	and	so	forth.	This	type	of	transformation	can	be
accomplished	by	creating	a	new	score	from	the	old	score	with	the	following
formula:	NEW	=	(J	+	1	1)	−	OLD,	where	NEW	and	OLD	refer	to	the
transformed	and	original	scores,	respectively,	and	J	is	the	original	number	of
response	options.	In	the	example	presented,	J	would	equal	7	and	(J	+	1)	would
be	8.	Subtracting	a	score	of	7	from	8	would	yield	1,	subtracting	6	would	yield	2,
and	so	forth.

Some	negative	correlations	among	items	may	not	be	correctable	by	reverse
scoring	items.	For	example,	reverse	scoring	a	given	item	might	eliminate	some
negative	correlations	but	create	others.	This	usually	indicates	that	some	of	the
items	simply	do	not	belong	because	they	are	not	consistently	related	to	other
items.	Any	item	that	is	positively	correlated	with	some	and	negatively	correlated
with	others	in	a	homogeneous	set	should	be	eliminated	if	no	pattern	of	reverse
scoring	items	eliminates	the	negative	correlations.



Item-Scale	Correlations

If	we	want	to	arrive	at	a	set	of	highly	intercorrelated	items,	then	each	individual
item	should	correlate	substantially	with	the	collection	of	remaining	items.	We
can	examine	this	property	for	each	item	by	computing	its	item-scale	correlation.
There	are	two	types	of	item-scale	correlation.	The	corrected	item-scale
correlation	correlates	the	item	being	evaluated	with	all	the	scale	items,	excluding
itself,	while	the	uncorrected	item-scale	correlation	correlates	the	item	in	question
with	the	entire	set	of	candidate	items,	including	itself.	If	there	were	10	items
being	considered	for	a	scale,	the	corrected	item-scale	correlation	for	any	one	of
the	10	items	would	consist	of	its	correlation	with	the	other	9.	The	uncorrected
correlation	would	consist	of	its	correlation	with	all	10.	In	theory,	the	uncorrected
value	tells	us	how	representative	the	item	is	of	the	whole	scale.	This	is
analogous,	for	example,	to	correlating	one	subset	of	an	IQ	test	with	the	entire
test	to	determine	if	the	subscale	is	a	suitable	proxy.	However,	although	an
uncorrected	item-total	correlation	makes	good	conceptual	sense,	the	reality	is
that	the	item’s	inclusion	in	the	scale	can	inflate	the	correlation	coefficient.	The
fewer	the	number	of	items	in	the	set,	the	bigger	the	difference	the	inclusion	or
exclusion	of	the	item	under	scrutiny	will	make.	In	general,	it	is	probably
advisable	to	examine	the	corrected	item-total	correlation.	An	item	with	a	high
value	for	this	correlation	is	more	desirable	than	an	item	with	a	low	value.

Item	Variances

Another	valuable	attribute	for	a	scale	item	is	relatively	high	variance.	To	take	an
extreme	case,	if	all	individuals	answer	a	given	item	identically,	it	will	not
discriminate	at	all	among	individuals	with	different	levels	of	the	construct	being
measured	and	its	variance	will	be	0.	In	contrast,	if	the	development	sample	is
diverse	with	respect	to	the	attribute	of	interest,	then	the	range	of	scores	obtained
for	an	item	should	be	diverse	as	well.	This	implies	a	fairly	high	variance.	Of
course,	increasing	variance	by	adding	to	the	error	component	is	not	desirable.

Comparing	item	variances	may	also	be	useful,	especially	if	the	goal	is	to	develop
a	tool	that	meets	the	assumptions	of	essential	tau	equivalence.	Although	essential
tau	equivalence	does	not	assume	equal	item	variances,	it	does	assume	equal
covariances	across	items	with	the	true	score.	Thus,	when	the	assumptions	of	this
model	are	satisfied,	differences	in	item	variances	are	due	to	inconsistency	in	item
error	variances.	As	a	practical	consideration,	markedly	different	item	variances
may	be	undesirable,	because	they	probably	signify	either	substantially	different



sources	of	error	from	item	to	item	or	a	failure	to	meet	the	requirement	for	equal
item-to-true-score	covariances	required	by	the	essentially	tau-equivalent	model.
Of	course,	this	would	not	apply	if	the	model	guiding	development	is	the
congeneric	model,	which	does	not	require	anything	beyond	items	sharing	a
common	latent	variable.

Item	Means

A	mean	close	to	the	center	of	the	range	of	possible	scores	is	also	desirable.	If,
for	example,	the	response	options	for	each	item	ranged	from	1	(corresponding
with	“strongly	disagree”)	to	7	(for	“strongly	agree”),	an	item	mean	near	4	would
be	ideal.	If	a	mean	were	near	one	of	the	extremes	of	the	range,	then	the	item
might	fail	to	detect	certain	values	of	the	construct.	A	piling	up	of	scores	at	the
value	7,	for	example,	would	suggest	that	the	item	was	not	worded	strongly
enough	(i.e.,	that	it	was	rare	to	find	anyone	who	would	disagree	with	it).

Generally,	items	with	means	too	near	to	an	extreme	of	the	response	range	will
have	low	variances,	and	those	that	vary	over	a	narrow	range	will	correlate	poorly
with	other	items.	As	stated	previously,	an	item	that	does	not	vary	cannot	covary.
Thus,	either	a	lopsided	mean	or	a	low	variance	for	any	reason	will	tend	to	reduce
an	item’s	correlation	with	other	items.	As	a	result,	you	can	usually	concentrate
primarily	on	the	pattern	of	correlations	among	items	as	a	gauge	of	their	potential
value.	Inspecting	means	and	variances,	however,	is	a	useful	double-check	once	a
tentative	selection	of	items	has	been	made	on	the	basis	of	the	correlations.

Dimensionality
A	set	of	items	is	not	necessarily	a	scale.	Items	may	have	no	common	underlying
variable	(as	in	an	index	or	emergent	variable)	or	may	have	several.	Determining
the	nature	of	latent	variables	underlying	an	item	set	is	critical.	For	example,	an
assumption	underlying	alpha	is	that	the	set	of	items	is	unidimensional.	The	best
means	of	determining	which	groups	of	items,	if	any,	constitute	a	unidimensional
set	is	by	factor	analysis.	This	topic	is	sufficiently	important	to	merit	an	entire
chapter	(see	Chapter	6).	Although	factor	analysis	requires	substantial	sample
sizes,	so	does	scale	development	in	general.	If	there	are	too	few	respondents	for
factor	analysis,	the	entire	scale	development	process	may	be	compromised.
Consequently,	factor	analysis	of	some	sort	should	generally	be	a	part	of	the	scale
development	process	at	this	stage.



Reliability
One	of	the	most	important	indicators	of	a	scale’s	quality	is	the	reliability
coefficient,	alpha.	Virtually	all	the	individual-item	problems	discussed	thus	far—
a	noncentral	mean,	poor	variability,	negative	correlations	among	items,	low
item-scale	correlations,	and	weak	inter-item	correlations—will	tend	to	reduce
alpha	and	potentially	warrant	the	use	of	an	alternative,	such	as	omega.
Therefore,	after	we	have	selected	our	items—weeding	out	the	poor	ones	and
retaining	the	good	ones—alpha	is	one	way	of	evaluating	how	successful	we	have
been,	assuming	that	the	items	meet	the	assumptions	for	using	alpha.	Alpha	is	an
indication	of	the	proportion	of	variance	in	the	scale	scores	that	is	attributable	to
the	true	score.	There	are	several	options	for	computing	alpha,	differing	in	degree
of	automation.	Some	computer	packages	have	item	analysis	programs	that
compute	alpha.	In	SPSS,	the	RELIABILITY	procedure	computes	alpha	for	a	full
scale	and	for	all	k	2	1	versions	(i.e.,	for	every	possible	version	with	a	single	item
removed).	The	program	also	provides	corrected	and	uncorrected	item-scale
correlations.	SAS	includes	alpha	calculations	as	a	feature	of	the	correlation
program,	PROC	CORR.	By	including	the	option	ALPHA	in	the	PROC	CORR
statement,	the	variables	listed	in	the	VAR	statement	will	be	treated	as	a	scale	and
alpha	will	be	computed	for	the	full	set	of	items	as	well	as	all	possible	k	2	1	item
sets.	Item-scale	correlations	are	also	provided.

Another	option	for	computing	alpha	is	to	do	so	by	hand.	If	variances	for	the
individual	items	and	for	the	scale	as	a	whole	are	available,	they	can	be	plugged
into	the	first	formula	for	alpha	discussed	in	Chapter	3.	Or	one	can	use	the
Spearman-Brown	formula,	which	was	also	introduced	in	Chapter	3.	This	formula
uses	information	available	from	a	correlation	matrix	rather	than	variances	as	the
basis	for	computing	alpha.	A	shortcoming	of	this	approach	is	that	correlations
are	standardized	covariances,	and	standardizing	the	individual	items	might	affect
the	value	of	alpha.	If	one	adheres	strictly	to	the	model	of	parallel	tests,	then	this
is	inconsequential	because	the	correlations	are	assumed	to	be	equal.	However,
they	virtually	never	are	exactly	equal.	The	essentially	tau-equivalent	tests	model
does	not	require	equal	correlations	among	items,	only	equal	covariances.	Thus,
the	proportion	of	each	individual	item’s	variance	that	is	due	to	error	is	free	to
vary	under	that	model.	However,	because	the	Spearman-Brown	formula	actually
works	with	average	inter-item	correlations,	and	one	of	the	implications	of	the
tau-equivalent	model	is	that	the	average	item-scale	correlations	are	equal	for
each	item,	there	is	still	no	problem.	Nonetheless,	there	can	be	small	(but



sometimes	large)	differences	between	the	values	of	alpha	obtained	from
covariance-based	versus	correlation-based	computational	methods.	Because	the
covariance	matrix	uses	the	data	in	a	purer	form	(without	standardization),	it	is
preferred	and	should	generally	be	used.

Theoretically,	alpha	can	take	on	values	from	0.0	to	1.0,	although	it	is	unlikely
that	it	will	attain	either	of	these	extreme	values.	If	alpha	is	negative,	something	is
wrong.	A	likely	problem	is	negative	correlations	(or	covariances)	among	the
items.	If	this	occurs,	try	reverse	scoring	or	deleting	items	as	described	earlier	in
this	chapter.	Nunnally	(1978)	suggests	a	value	of	.70	as	an	acceptable	lower
bound	for	alpha.	It	is	not	unusual	to	see	published	scales	with	lower	alphas.
Different	methodologists	and	investigators	begin	to	squirm	at	different	levels	of
alpha.	My	personal	comfort	ranges	for	research	scales	are	as	follows:	below	.60,
unacceptable;	between	.60	and	.65,	undesirable;	between	.65	and	.70,	minimally
acceptable;	between	.70	and	.80,	respectable;	between	.80	and	.90,	very	good;
and	much	above	.90,	one	should	consider	shortening	the	scale	(see	the	following
section).	I	should	emphasize	that	these	are	personal	and	subjective	groupings	of
alpha	values.	I	cannot	defend	them	on	strictly	rational	grounds.	However,	they
reflect	my	experience	and	seem	to	overlap	substantially	with	other	investigators’
appraisals.	The	values	I	have	suggested	apply	to	stable	alphas.	During
development,	items	are	selected,	either	directly	or	indirectly,	on	the	basis	of	their
contribution	to	alpha.	Some	of	the	apparent	covariation	among	items	may	be	due
to	chance.	Therefore,	it	is	advisable	during	the	development	stage	to	strive	for
alphas	that	are	a	bit	higher	than	you	would	like.	Then,	if	the	alphas	deteriorate
somewhat	when	used	in	a	new	research	context,	they	will	still	be	acceptably
high.	As	noted	earlier,	if	the	developmental	sample	is	small,	the	investigator
should	be	especially	concerned	that	the	initial	alpha	estimates	obtained	during
scale	development	may	not	be	stable.	As	we	shall	see,	this	is	also	the	case	when
the	number	of	items	making	up	the	scale	is	small.

A	situation	in	which	the	suggested	“comfort	ranges”	for	alpha	do	not	apply	is
when	one	is	developing	a	scale	that	requires	critical	accuracy.	Clinical	situations
are	an	example.	The	suggested	guidelines	are	suitable	for	research	instruments
that	will	be	used	with	group	data.	For	example,	a	scale	with	an	alpha	of	.85	is
probably	perfectly	adequate	for	use	in	a	study	comparing	groups	with	respect	to
the	construct	being	measured.	Individual	assessment,	especially	when	important
decisions	rest	on	that	assessment,	demand	a	much	higher	standard.	Scales	that
are	intended	for	individual	diagnostic,	employment,	academic	placement,	or
other	important	purposes	should	probably	have	considerably	higher	reliabilities,



in	the	mid-.90s,	for	example.

In	some	situations,	such	as	when	a	scale	consists	of	a	single	item,	it	will	be
impossible	to	use	alpha	as	the	index	of	reliability.	If	possible,	some	reliability
assessment	should	be	made.	Test-retest	correlation	may	be	the	only	option	in	the
single-item	instance.	Although	this	index	of	reliability	is	imperfect,	as	discussed
in	Chapter	3,	it	is	clearly	better	than	no	reliability	assessment	at	all.	A	preferable
alternative,	if	possible,	would	be	to	constitute	the	scale	using	more	than	a	single
item.

As	noted	in	Chapter	3,	omega	is	an	alternative	to	alpha	that	may	be	appropriate
when	the	assumptions	for	essentially	tau-equivalent	tests	have	not	been	met.	As	I
also	mentioned	in	that	chapter,	Dunn	et	al.	(2014)	and	Peters	(2014)	provide
guidance	for	using	the	R	statistical	environment	for	computing	omega.

Step	8:	Optimize	Scale	Length

Effect	of	Scale	Length	on	Reliability
At	this	stage	of	the	scale	development	process,	the	investigator	has	a	pool	of
items	that	demonstrate	acceptable	reliability.	A	scale’s	alpha	is	influenced	by	two
characteristics:	the	extent	of	covariation	among	the	items	and	the	number	of
items	in	the	scale.	For	items	that	have	item-scale	correlations	about	equal	to	the
average	inter-item	correlation	(i.e.,	items	that	are	fairly	typical),	adding	more
will	increase	alpha	and	removing	more	will	lower	it.	Generally,	shorter	scales	are
good	because	they	place	less	of	a	burden	on	respondents.	Longer	scales,	on	the
other	hand,	are	good	because	they	tend	to	be	more	reliable.	Obviously,
maximizing	one	of	these	assets	reduces	the	other.	Therefore,	the	scale	developer
should	give	some	thought	to	the	optimal	trade-off	between	brevity	and
reliability.

If	a	scale’s	reliability	is	too	low,	then	brevity	is	no	virtue.	Subjects	may,	indeed,
be	more	willing	to	answer	a	3-item	scale	than	a	10-item	scale.	However,	if	the
researcher	cannot	assign	any	meaning	to	the	scores	obtained	from	the	shorter
version,	then	nothing	has	been	gained.	Thus,	the	issue	of	trading	reliability	for
brevity	should	be	confined	to	situations	when	the	researcher	has	“reliability	to
spare.”	When	this	is,	in	fact,	the	case,	it	may	be	appropriate	to	buy	a	shorter
scale	at	the	price	of	a	little	less	reliability.



Effects	of	Dropping	“Bad”	Items
Whether	dropping	“bad”	items	actually	increases	or	slightly	lowers	alpha
depends	on	just	how	poor	the	items	are	that	will	be	dropped	and	on	the	number
of	items	in	the	scale.	Consider	the	effect	of	more	or	fewer	items	that	are	equally
“good”	(i.e.,	that	have	comparable	correlations	with	their	counterparts):	With
fewer	items,	a	greater	change	in	alpha	results	from	the	addition	or	subtraction	of
each	item.	If	the	average	inter-item	correlation	among	four	items	is	.50,	the	alpha
will	equal	.80.	If	there	are	only	three	items	with	an	average	inter-item	correlation
of	.50,	alpha	drops	to	.75.	Five	items	with	the	same	average	correlation	would
have	an	alpha	of	.83.	For	9-,	10-,	and	11-item	scales	with	average	inter-item
correlations	of	.50,	alphas	would	be	.90,	.91,	and	.92,	respectively.	In	the	latter
instances,	the	alphas	are	not	only	higher	but	much	closer	in	value	to	one	another.

If	an	item	has	a	sufficiently	lower-than-average	correlation	with	the	other	items,
dropping	it	will	raise	alpha.	If	its	average	correlation	with	the	other	items	is	only
slightly	below	(or	equal	to	or	above)	the	overall	average,	then	retaining	the	item
will	increase	alpha.	I	stated	above	that	a	four-item	scale	would	attain	an	alpha	of
.80,	with	an	average	inter-item	correlation	of	.50.	How	low	would	the	average
correlation	of	one	item	to	the	other	three	have	to	be	for	that	item’s	elimination	to
help	rather	than	hurt	alpha?	First,	consider	what	the	average	inter-item
correlation	would	have	to	be	for	a	three-item	scale	to	achieve	an	alpha	of	.80.	It
would	need	to	be	.57.	So,	after	eliminating	the	worst	of	four	items,	the	remaining
three	would	need	an	average	inter-item	correlation	of	.57	for	alpha	to	hold	its
value	of	.80.	Three	items	whose	average	inter-item	correlation	was	lower	than
.57	would	have	a	lower	alpha	than	four	items	whose	inter-item	correlations
averaged	.50.	Assuming	that	the	three	best	items	of	a	four-item	scale	had	an
average	correlation	among	them	of	.57,	the	average	correlation	between	the
remaining	(and,	thus,	worst)	item	and	the	other	three	would	have	to	be	lower
than	.43	for	its	elimination	to	actually	increase	alpha.	(Having	three	items	whose
intercorrelations	average	.57	and	one	whose	average	correlation	with	the	other
three	is	.43	yields	an	overall	average	inter-item	correlation	among	the	four	of
.50.)	For	any	value	larger	than	.43,	having	a	fourth	item	does	more	good	than
lowering	the	average	inter-item	correlation	does	harm.	Thus,	the	one	“bad”	item
would	have	to	be	a	fair	bit	worse	than	the	other	three	(.57	2	.43	5	.14)	to	be
worth	eliminating.

Now,	consider	the	situation	when	there	is	a	10-item	scale	with	an	alpha	of	.80.
First	of	all,	the	average	inter-item	correlation	need	only	be	about	.29,	illustrating



the	manner	in	which	more	items	offset	weaker	correlations	among	them.	For	a	9-
item	scale	to	achieve	the	same	alpha,	the	average	inter-item	correlation	would
need	to	be	about	.31.	A	“bad”	item	would	need	to	have	an	average	inter-item
correlation	with	the	remaining	nine	items	of	about	.20	or	less	in	order	for	its
inclusion	as	a	tenth	item	to	pull	the	overall	average	inter-item	correlation	below
.29.	A	failure	to	bring	the	average	below	this	value	would	result	in	the	item’s
inclusion	benefitting	alpha.	The	average	inter-item	correlation	difference
between	the	nine	“good”	items	and	the	one	“bad”	in	this	case	is	.31	2	.20	5	.11,	a
smaller	difference	than	the	one	found	in	the	four-item	example.

Tinkering	With	Scale	Length
How	does	one	go	about	“tinkering”	with	scale	length	in	practice?	Obviously,
items	that	contribute	least	to	the	overall	internal	consistency	should	be	the	first
to	be	considered	for	exclusion.	These	can	be	identified	in	a	number	of	ways.	The
SPSS	RELIABILITY	procedure	and	the	ALPHA	option	of	PROC	CORR	in	SAS
show	what	the	effect	of	omitting	each	item	would	be	on	the	overall	alpha.	The
item	whose	omission	has	the	least	negative	or	most	positive	effect	on	alpha	is
usually	the	best	one	to	drop	first.	The	item-scale	correlations	can	also	be	used	as
a	barometer	of	which	items	are	expendable.	Those	with	the	lowest	item-scale
correlations	should	be	eliminated	first.	SPSS	also	provides	a	squared	multiple
correlation	for	each	item,	obtained	by	regressing	the	item	on	all	the	remaining
items.	This	is	an	estimate	of	the	item’s	communality,	the	extent	to	which	it	shares
variance	with	the	other	items.	As	with	item-scale	correlations,	items	with	the
lowest	squared	multiple	correlations	should	be	the	prime	candidates	for
exclusion.	Generally,	these	various	indices	of	item	quality	converge.	A	poor
item-scale	correlation	is	typically	accompanied	by	a	low	squared	multiple
correlation	and	a	small	loss,	or	even	a	gain,	in	alpha	when	the	item	is	eliminated.
Scale	length	affects	the	precision	of	alpha.	In	practice,	a	computed	alpha	is	an
estimate	of	reliability	dependent	on	the	appropriateness	of	the	measurement
assumptions	to	the	actual	data.	It	has	already	been	noted	that	alpha	increases
when	more	items	are	included	(unless	they	are	relatively	poor	items).	In
addition,	the	reliability	of	alpha	as	an	estimate	of	reliability	increases	with	the
number	of	items.	This	means	that	an	alpha	computed	for	a	longer	scale	will	have
a	narrower	confidence	interval	around	it	than	will	an	alpha	computed	for	a
shorter	scale.	Across	administrations,	a	longer	scale	will	yield	more	similar
values	for	alpha	than	will	a	shorter	one.	This	fact	should	be	considered	in
deciding	how	long	or	short	to	make	a	scale	during	development.



Finally,	it	is	important	to	remember	that	a	margin	of	safety	should	be	built	into
alpha	when	trying	to	optimize	scale	length.	Alpha	may	decrease	somewhat	when
the	scale	is	administered	to	a	sample	other	than	the	one	used	for	its	development.

Split	Samples
If	the	development	sample	is	sufficiently	large,	it	may	be	possible	to	split	it	into
two	subsamples.	One	can	serve	as	the	primary	development	sample,	and	the
other	can	be	used	to	cross-check	the	findings.	So,	for	example,	data	from	the
first	subsample	can	be	used	to	compute	alphas,	evaluate	items,	tinker	with	scale
length,	and	arrive	at	a	final	version	of	the	scale	that	seems	optimal.	The	second
subsample	can	then	be	used	to	replicate	these	findings.	The	choice	of	items	to
retain	will	not	have	been	based	at	all	on	the	second	subsample.	Thus,	alphas	and
other	statistics	computed	for	this	group	would	not	manifest	the	chance	effects,
such	as	alpha	inflation,	that	were	discussed	earlier.	If	the	alphas	remain	fairly
constant	across	the	two	subsamples,	you	can	be	more	comfortable	assuming	that
these	values	are	not	distorted	by	chance.	Of	course,	the	two	subsamples	are
likely	to	be	much	more	similar	than	two	totally	different	samples.	The
subsamples,	divided	randomly	from	the	entire	development	sample,	are	likely	to
represent	the	same	population;	in	contrast,	an	entirely	new	sample	might
represent	a	slightly	different	population.	Also,	data	collection	periods	for	the	two
subsamples	are	not	separated	by	time,	whereas	a	development	sample	and	a
totally	separate	sample	almost	always	are.	Furthermore,	any	special	conditions
that	may	have	applied	to	data	collection	for	one	subsample	would	apply	equally
to	the	other.	Examples	of	special	conditions	include	exposure	to	specific	research
personnel,	physical	settings,	and	clarity	of	questionnaire	printing.	Also,	the	two
subsamples	may	be	the	only	two	groups	to	complete	the	scale	items	together
with	all	the	items	from	the	original	pool	that	were	eventually	rejected.	If	rejected
items	exercised	any	effects	on	the	responses	to	the	scale	items,	these	would	be
comparable	for	both	subsamples.

Despite	the	unique	similarity	of	the	resultant	subsamples,	replicating	findings	by
splitting	the	developmental	sample	provides	valuable	information	about	scale
stability.	The	two	subsamples	differ	in	one	key	aspect:	In	the	case	of	the	first
subsample	on	whose	data	item	selection	was	based,	the	opportunity	existed	for
unstable,	chance	factors	to	be	confused	with	reliable	covariation	among	items.
No	such	opportunity	for	systematically	attributing	chance	results	to	reliability
exists	for	the	second	group	because	its	data	did	not	influence	item	selection.	This



crucial	difference	is	sufficient	reason	to	value	the	information	that	sample
splitting	at	this	stage	of	scale	development	can	offer.

The	most	obvious	way	to	split	a	sufficiently	large	sample	is	to	halve	it.	However,
if	the	sample	is	too	small	to	yield	adequately	large	halves,	you	can	split
unevenly.	The	larger	subsample	can	be	used	for	the	more	crucial	process	of	item
evaluation	and	scale	construction	and	the	smaller	for	cross-validation.

Exercises
Assume	that	you	are	developing	a	fear-of-snakes	measure	that	has	a	six-choice
Likert	response	format	and	uses	300	subjects.	Although	more	items	would	be
desirable	for	actual	scale	development,	complete	the	following	steps	for	these
exercises:

1.	 Generate	a	pool	of	10	Likert-format	items.
2.	 For	each	item	you	have	written,	estimate	what	Likert	scale	values	would	be

endorsed	by	the	“average	person”	(i.e.,	neither	a	snake	phobic	nor	a	snake
charmer).

3.	 Pick	an	item	from	the	pool	that	you	suspect	might	elicit	an	extreme
response	from	an	average	person	and	rewrite	it	to	elicit	a	more	moderate
response.

4.	 Generate	another	10	Likert	items	to	tap	a	construct	other	than	fear	of
snakes.	Randomly	mix	these	items	with	the	original	10	and	ask	a	few
friends	to	indicate	what	they	think	each	of	the	items	is	intended	to	measure.

5.	 What	are	the	pros	and	the	cons	of	constructing	items	that	have	an	even
versus	an	odd	number	of	response	options?

6.	 Using	either	fear	of	snakes	or	the	construct	underlying	your	second	pool	of
10	items,	list	directly	observable	behaviors	that	could	be	used	to	validate	a
scale	measuring	that	construct	and	explain	how	you	could	use	behavioral
data	for	validation.

7.	 What	would	the	alpha	for	the	scale	be	if	your	10	fear-of-snakes	items	had
an	average	inter-item	correlation	of	.30?1

8.	 How	could	you	use	split	samples	to	estimate	and	cross-validate	the	scale’s
coefficient	alpha?

Note



1.	Answer:	Alpha	=	[10	×	.30]	/	[1	+	(9	×	.30)]	=	.81.



6	Factor	Analysis

In	Chapter	2,	when	discussing	different	theoretical	models	that	could	describe
the	relationship	of	a	scale’s	items	to	the	latent	variable,	I	mentioned	the	general
factor	model.	That	model	does	not	assume	that	only	one	latent	variable	is	the
source	of	all	covariation	among	the	items.	Instead,	that	model	allows	multiple
latent	variables	to	serve	as	causes	of	variation	in	a	set	of	items.

To	illustrate	how	more	than	one	latent	variable	might	underlie	a	set	of	items,	I
will	revisit	a	specific,	albeit	hypothetical,	situation	that	I	have	mentioned	in
earlier	chapters.	Many	constructs	of	interest	to	social	and	behavioral	scientists
can	be	operationalized	at	multiple	levels	of	specificity.	The	terms	psychological
adjustment,	affect,	negative	affect,	anxiety,	social	anxiety,	and	public	speaking
anxiety	are	examples	of	hierarchical	phenomena.	Each	term	could	subsume	those
that	follow	it	in	the	list,	and	it	might	be	possible	to	develop	measures	at	each
level	of	specificity.	Presumably,	differently	worded	items	with	different	time
frames	and	response	options	could	tap	either	a	specific,	middling,	or	general
level	of	this	continuum.	Hopefully,	a	scale	developer	would	select	item	wordings
that	corresponded	with	the	intended	level	of	variable	specificity.	Factor	analysis
then	could	be	used	to	assess	whether	that	selection	process	succeeded.

To	make	this	example	more	specific,	consider	a	set	of	25	items	that	all	pertain	to
affect.	Recall	that	one	of	the	assumptions	of	classical	measurement	theory	is	that
items	composing	a	scale	are	unidimensional—that	is,	they	tap	only	a	single
construct.	Our	concern,	therefore,	is	whether	these	25	items	should	make	up	one
general	or	many	more	specific	scales.	Do	all	25	items	belong	together?	Or	is	it
more	appropriate	to	have	separate	scales	for	different	affective	states,	such	as
depression,	euphoria,	hostility,	anxiety,	and	so	on?	Maybe	it	would	be	even
better	to	split	the	positive	and	negative	affect	items	(e.g.,	“happy”	vs.	“sad”	for
depression	or	“tense”	vs.	“calm”	for	anxiety)	into	separate	scales.	How	do	we
know	what	is	most	appropriate	for	the	items	at	hand?	Essentially,	the	question	is,
does	a	set	of	items	asking	about	several	affective	states	have	one	or	many	latent
variables	underlying	it?

Attempting	to	answer	these	questions	while	excluding	factor	analysis	and	relying
only	on	the	methods	discussed	in	the	preceding	chapters	would	be	daunting.	We
could	compute	alpha	on	the	entire	set	of	mood	items.	Alpha	would	tell	us



something	about	how	much	variance	a	group	of	items	had	in	common.	If	alpha
were	low,	we	might	search	for	subsets	of	items	correlating	more	strongly	with
each	other.	For	example,	we	might	suspect	that	positive	and	negative	affect	items
do	not	correlate	with	each	other	and	that	combining	them	was	lowering	alpha.
The	alphas	for	these	more	homogeneous	(all	positive	or	all	negative	affect)
subsets	of	items	should	be	higher.	We	might	then	speculate	that	even	more
homogeneous	subsets	(e.g.,	separating	anxiety	from	depression	in	addition	to
positive	from	negative)	should	have	still	higher	alphas.	However,	at	some	point,
we	might	also	worry	that	these	more	specific	and	homogeneous	scales	would
correlate	strongly	with	each	other	because	they	were	merely	tapping	different
aspects	of	the	same	affective	state.	This	would	suggest	that	their	items	belonged
in	the	same	rather	than	in	separate	scales.

It	should	be	emphasized	that	a	relatively	high	alpha	is	no	guarantee	that	all	the
items	reflect	the	influence	of	a	single	latent	variable.	If	a	scale	consisted	of	25
items,	12	reflecting	primarily	one	latent	variable	and	the	remaining	13	primarily
another,	the	correlation	matrix	for	all	the	items	should	have	some	high	and	some
low	values.	Correlations	based	on	two	items	representing	primarily	the	same
latent	variable	should	be	high,	and	those	based	on	items	primarily	influenced	by
different	latent	variables	should	be	relatively	low.	However,	the	average	inter-
item	correlation	might	be	high	enough	to	yield	a	respectable	alpha	for	a	25-item
scale.	In	fact,	to	yield	an	alpha	of	.80	for	a	scale	of	that	length,	the	average	inter-
item	correlation	needs	only	to	be	.14.	Thus,	with	items	measuring	the	same
construct	correlating	about	.29	(a	respectable	but	certainly	not	unusually	large
average	correlation	for	items	within	a	homogeneous	subset)	and	those	between
sets	correlating	about	.00,	one	could	still	achieve	an	alpha	of	about	.80.	But,	of
course,	alpha	is	appropriate	only	for	a	unidimensional	item	set,	so	this	apparently
adequate	reliability	score	would	be	misleading	as	an	indicator	of	either	internal
consistency	or	unidimensionality	(which	we	know	does	not	apply	in	this
hypothetical	example).

Factor	analysis,	the	topic	of	this	chapter,	is	a	useful	analytic	tool	that	can	tell	us,
in	a	way	that	reliability	coefficients	cannot,	about	important	properties	of	a	scale.
It	can	help	us	determine	empirically	how	many	constructs,	or	latent	variables,	or
factors	underlie	a	set	of	items.

Overview	of	Factor	Analysis



Factor	analysis	serves	several	related	purposes.	One	of	its	primary	functions,	as
just	noted,	is	to	help	an	investigator	in	determining	how	many	latent	variables
underlie	a	set	of	items.	Thus,	in	the	case	of	the	25	affect	items,	factor	analysis
could	help	the	investigator	determine	whether	one	broad	or	several	more	specific
constructs	were	needed	to	characterize	the	item	set.	Factor	analysis	also	can
provide	a	means	of	explaining	variation	among	relatively	many	original
variables	(e.g.,	25	items)	using	relatively	few	newly	created	variables	(i.e.,	the
factors).	This	amounts	to	condensing	information	so	that	variation	can	be
accounted	for	by	using	a	smaller	number	of	variables.	For	example,	instead	of
needing	25	scores	to	describe	how	respondents	answered	the	items,	it	might	be
possible	to	compute	fewer	scores	(perhaps	even	one)	based	on	combining	items.
A	third	purpose	of	factor	analysis	is	defining	the	substantive	content	or	meaning
of	the	factors	(i.e.,	latent	variables)	that	account	for	the	variation	among	a	larger
set	of	items.	This	is	accomplished	by	identifying	groups	of	items	that	covary
with	one	another	and	appear	to	define	meaningful	underlying	latent	variables.	If,
say,	two	factors	emerged	from	an	analysis	of	the	25	affect	items,	the	content	of
individual	items	making	up	those	factor	groupings	could	provide	a	clue	about	the
underlying	latent	variables	represented	by	the	factors.	A	fourth	function	of	factor
analysis	is	related	to	all	three	of	the	previously	mentioned	functions.	Factor
analysis	aids	in	identifying	items	that	are	performing	better	or	worse.	Thus,
individual	items	that	do	not	fit	into	any	of	the	factorially	derived	categories	of
items	or	fit	into	more	than	one	of	those	categories	can	be	identified	and
considered	for	elimination.

The	following	sections	present	a	conceptual	summary	of	factor	analysis.	Readers
who	want	a	more	thorough	computational	treatment	of	factor	analysis	should
consult	a	text	devoted	to	the	topic,	such	as	Cureton	(1983),	Gorsuch	(1983),
Harman	(1976),	or	McDonald	(1984).

Examples	of	Methods	Analogous	to	Factor	Analytic
Concepts
To	get	an	intuitive	sense	of	what	factor	analysis	does,	we	can	consider	two	less
formal	but	roughly	analogous	processes	with	which	we	may	be	more	familiar.
The	first	of	these	processes	is	sometimes	used	in	human	resources	management
to	identify	common	themes	among	seemingly	diverse	specific	issues	that	may
concern	team	members	or	coworkers.



Example	1

Assume	that	a	small,	new	company	wants	to	identify	what	characteristics	its
employees	believe	are	important	for	their	coworkers	to	have.	They	believe	that
identifying	and	rewarding	widely	valued	characteristics	will	play	an	important
part	in	cultivating	a	harmonious	and	cooperative	work	environment.	The
company	hires	a	human	resources	specialist	to	assist	them.	This	person,	whom
we	will	call	Jim,	gathers	the	company’s	10	employees	together	and	explains	that
he	would	like	them	to	consider	what	characteristics	of	their	fellow	employees
they	regard	as	important	across	the	range	of	interactions	they	might	have	on	the
job,	from	developing	proposals	and	reports	together	to	interacting	with	potential
clients	together	to	sharing	a	table	in	the	cafeteria—the	full	range	of	interactions
employees	might	have.	Jim	suggests	that,	to	begin	the	process,	the	employees
each	write	on	separate	pieces	of	paper	as	many	important	characteristics	as	they
can	identify.

After	several	minutes,	during	which	employees	write	down	their	ideas,	Jim	asks
for	a	volunteer	to	read	one	of	his	or	her	ideas	to	the	group.	Alice	says	that	one
characteristic	she	wrote	down	was	“willing	to	share	ideas.”	Jim	thanks	her	and
asks	that	she	tape	the	paper	with	that	idea	written	on	it	to	the	wall.	Another
employee,	Bill,	reads	one	of	his	characteristics:	“a	sense	of	humor.”	This,	too,	is
taped	to	the	wall.	The	process	continues	with	each	individual	employee	stating
each	of	the	characteristics	he	or	she	had	written	down.	In	this	way,	people
individually	name	a	variety	of	characteristics	that	they	personally	consider
important	in	coworkers.	After	doing	so,	they	tape	the	sheets	of	paper	naming
each	characteristic	to	the	wall.	Among	the	characteristics	listed	are	the
following:



This	process	continues	for	some	time,	and	soon	the	wall	is	covered	with	more
than	30	slips	of	paper,	each	naming	a	characteristic	that	an	employee	thought
was	important.	Next,	Jim	asks	if	people	see	any	characteristics	that	they	think	go
together.	Katherine	points	out	that	“smart”	and	“is	intelligent”	are	the	same.	Jim
takes	the	sheet	of	paper	on	which	“is	intelligent”	is	written	and	moves	it	next	to
“smart.”	Frank	suggests	that	“is	well	educated”	should	also	be	part	of	that	group.
Several	other	characteristics	are	added	to	the	same	group	of	statements.	Then
Carla	observes	that	“is	friendly”	and	“makes	a	good	impression	with	clients”	are
similar	to	each	other	and	different	from	the	other	group	of	statements	already
formed.	She	suggests	that	those	two	characteristics	should	be	put	together	in	a
new	group.	Then,	“fun”	is	also	added	to	this	second	group.	“Isn’t	sloppy”	and
“knows	how	to	dress”	form	the	kernel	of	a	third	group	until	one	employee	says
she	thinks	“isn’t	sloppy”	would	go	better	with	“prepares	for	tasks”	than	with
“knows	how	to	dress.”	This	process	continues	until	Jim	and	the	employees	have
formed	several	clusters	of	statements.	Virtually	every	characteristic	described
gets	placed	into	some	group.

Jim	then	asks	people	to	give	names—a	word	or	short	descriptive	phrase—to



each	group	of	statements.	Various	groups	of	items	are	labeled	“Intelligence,”
“Appearance,”	“Conscientiousness,”	“Personality,”	“Dependability,”	and	other
category	names.	Presumably,	each	group	of	statements	represents	a	key	concept
related	to	employees’	perceptions	of	one	another’s	characteristics.

Example	2

Several	years	later,	the	company	decides	to	repeat	the	exercise.	The	managers
suspect	that	things	have	changed	enough	that	not	all	the	categories	originally
identified	may	still	be	relevant.	Jim,	the	human	resources	facilitator,	is
unavailable.	Carol,	one	of	the	company’s	executives,	decides	that	an	easier	way
of	getting	at	similar	information	might	be	to	develop	a	questionnaire	that	has
statements	like	the	ones	people	came	up	with	in	the	earlier	exercise.	Employees
would	be	asked	to	indicate	how	important	they	felt	each	characteristic	was,	using
“not	at	all,”	“somewhat,”	and	“very”	as	their	response	options.	These
questionnaires	were	administered	to	the	employees,	who	now	numbered	nearly
150.	When	Carol	got	the	questionnaires	back,	she	looked	them	over	to	see	which
things	were	most	important.	One	thing	she	noticed	was	that	different	things	were
important	to	different	people	but	certain	characteristics	tended	to	be	rated
similarly	to	one	another.	For	example,	people	who	thought	“pays	attention	to
details”	was	important	were	likely	to	consider	“prepares	for	tasks”	important	as
well.	People	who	did	not	consider	one	of	these	items	important	typically	did	not
consider	the	other	important,	either.	Carol	mulled	over	the	pile	of	questionnaires
and	thought	about	how	to	make	sense	of	them.	She	remembered	how,	during	the
original	exercise	conducted	several	years	earlier	with	the	slips	of	paper	on	the
wall,	there	seemed	to	be	more	groups	than	were	really	needed.	Some	of	the
individual	statements	were	fairly	worthless,	she	thought,	and	sometimes	if	the
same	person	had	more	than	one	of	these	worthless	statements,	a	whole	worthless
category	would	result.	She	wondered	if	there	was	a	way	of	determining	how
many	categories	it	would	take	to	distill	most	of	what	the	employees	thought
about	their	coworkers.	As	an	exercise,	she	tried	looking	for	other	sets	of	items,
like	the	two	she	had	noticed	already,	that	tended	to	be	endorsed	similarly	across
employees.	In	essence,	she	looked	for	groupings	of	similar	items	based	not	on
just	their	content	but	on	how	similarly	they	were	evaluated	by	employees.	This
took	a	great	deal	of	time,	and	Carol	was	not	really	sure	if	she	was	picking	up	on
all	the	important	clusters	of	statements,	but	she	felt	able	to	garner	some
interesting	ideas	in	this	way	from	the	questionnaires.



Shortcomings	of	These	Methods

Both	of	these	examples	are	conceptually	analogous	to	factor	analysis	but	with
certain	important	differences.	In	both	cases,	the	result	is	a	reorganization	of	a
substantial	amount	of	specific	information	into	a	more	manageable	set	of	more
general	but	meaningful	categories.	Presumably,	each	of	these	reclassifications
resulted	in	a	few	ideas	that	captured	much	of	what	the	many	individual
statements	covered.	Both	approaches	had	fairly	obvious	shortcomings,	however.

In	the	first	example,	there	was	little	control	over	the	quality	of	the	statements
generated.	This	shortcoming	arises	from	the	fact	that	the	people	developing	the
items	will	vary	in	how	skilled	they	are	at	capturing	relevant	ideas	in	concise
phrases.	Some	people	are	more	extroverted	than	others	and	may	end	up
generating	more	statements.	It	is	not	always	the	case,	however,	that	the	most
extroverted	group	members	will	be	the	most	insightful.	For	this	and	other
reasons,	this	process	often	leads	to	statements	that	are	ambiguous,	irrelevant,	or
downright	silly.	Removing	or	improving	poor	items	may	be	difficult.	Depending
on	the	dynamics	of	the	group	involved	in	the	exercise,	it	may	be	awkward	to
dismiss	such	statements	without	offending	their	authors.	Consequently,	they	end
up	being	given	as	much	credibility	as	better	statements	reflecting	more	germane
ideas.	Despite	this	unevenness	of	quality	from	item	to	item,	all	may	tend	to	be
treated	more	or	less	equally.

If	several	silly	but	similar	items	are	offered,	they	are	likely	to	constitute	a
category	based	merely	on	their	similarity.	Categories	may	be	prioritized,	but	this
is	usually	done	by	consensus	and,	depending	on	who	generated	what	statements,
there	may	be	reluctance	to	brand	certain	categories	as	trivial.	My	experience
with	exercises	of	this	sort	suggests,	furthermore,	that	there	is	a	strong	tendency
to	place	every	statement	in	some	category.	Having	several	neat	categories	and
then	one	or	two	orphaned	statements	seems	to	leave	people	with	a	lack	of
closure	so	that	orphan	statements	find	a	home,	even	if	the	fit	is	not	immediately
evident.	Furthermore,	even	when	one	can	identify	which	specific	statements
exemplify	a	category,	it	is	not	necessarily	obvious	which	are	better	or	worse
exemplars.

So	how	did	this	method	fare	overall	with	respect	to	the	functions	of	factor
analysis	identified	earlier?	Clearly,	this	method	made	it	difficult	to	identify	items
that	are	performing	better	or	worse.	Item	quality	control	is	at	odds	with	the
collective	nature	of	this	task	and	might	risk	offending	some	participants.



Although	the	method	just	described	has	some	utility	in	determining	how	many
latent	variables	underlie	the	statements	that	employees	generated,	basing	that
determination	on	the	subjective	impressions	of	the	employees,	as	it	does,	seems
less	than	ideal.	Although	the	employees	may	have	valuable	insights	into	their
workplace,	it	is	less	likely	that	they	have	experience	in	organizing	those	insights
into	coherent	groups	representing	important	underlying	constructs.	Moreover,
there	is	little	objective	basis	for	determining	whether	the	employees	as	a	group
have	done	a	good	or	bad	job	of	determining	the	number	of	latent	variables
underlying	the	statements	generated,	because	the	process	relies	solely	on
subjective	criteria.	With	regard	to	condensing	information,	a	similar	problem
arises.	Although	some	items	(or	even	whole	categories)	may	be	discarded,	the
criteria	used	are	necessarily	subjective	and	there	is	little	means	for	judging
objectively	whether	good	choices	have	been	made.	The	one	respect	in	which	this
method	may	not	do	too	badly	is	defining	the	substantive	content	or	meaning	of
the	factors.	If	the	factors	are	credible	(which	is	open	to	question),	examining	the
content	of	statements	offered	may	give	insights	into	the	underlying	constructs
that	employees	had	in	mind	as	important.

The	second	example	avoided	some	of	these	shortcomings.	Carol	could	weed	out
items	that	struck	her	as	irrelevant,	although	this	placed	quite	a	burden	on	her
judgment.	At	least	the	process	of	endorsing	items	was	somewhat	more
democratic.	Every	person	got	to	evaluate	every	item	without	risk	of	alienating	a
coworker.	Thus,	the	process	of	identifying	items	that	are	performing	better	or
worse	may	at	least	have	been	more	consistent.	Furthermore,	the	groupings	were
determined	not	by	a	mere	sense	of	apparent	statement	similarity	but	by	evidence
that	people	reacted	to	similarly	grouped	items	in	a	common	way.	That	is,	the
similarity	was	a	characteristic	of	the	items	(certain	sets	of	which	seemed	to	elicit
similar	perceptions),	not	the	respondents	(who	varied	in	their	responses	to	any
specific	item).	Seeing	one	item	in	a	group	as	unimportant	implies	a	substantial
likelihood	of	the	same	individual	seeing	the	other	items	in	the	same	group	as
unimportant.	A	different	employee	might	see	those	same	items	as	consistently
important.	The	critical	issue	is	that,	whatever	an	individual’s	assessment	of
importance,	it	tended	to	be	consistent	across	statements	within	a	group.	In	fact,
that	was	the	basis	on	which	Carol	constituted	the	groups.	Thus,	the	process	of
determining	how	many	latent	variables	there	were	may	have	been	improved
somewhat	by	adopting	this	revised,	questionnaire-based	methodology.	Of
course,	evaluating	items	by	visual	inspection	for	150	questionnaires	would	be
fairly	daunting,	and	it	is	likely	that	Carol’s	categorization	system	was	not	the
most	efficient	possible	method.	Relevant	questions	arise:	How	much	consistency



was	required	for	items	to	be	considered	a	group?	How	many	instances	of	a	single
employee	giving	divergent	assessments	(i.e.,	an	agreement	and	a	disagreement	of
importance)	for	two	items	in	the	same	potential	cluster	would	Carol	tolerate?
How	well	this	method	achieved	the	remaining	functions—condensing
information	and	defining	the	substantive	content	or	meaning	of	the	factors—is
hard	to	say.	Both	would	depend	on	how	good	a	job	Carol	was	able	to	do	at
finding	and	dropping	poor	items,	correctly	determining	what	the	important
themes	were,	and	then	using	the	items	within	clusters	to	interpret	what	the
underlying	constructs	might	be.

In	summary,	these	two	methods	clearly	leave	a	lot	to	be	desired	if	the	goal	is	to
achieve	the	functions	mentioned	above	that	are	commonly	associated	with	factor
analysis.	In	fairness,	the	goal	of	the	methodologies	described	(especially	the
first)	may	not	have	been	to	achieve	those	functions,	but	some	objective	roughly
analogous	to	what	factor	analysis	accomplishes	does	seem	to	motivate	exercises
like	the	first	one	described.	While	it	is	admittedly	a	straw	man,	the	employee
exercise	as	a	comparison	to	factor	analysis	does	serve	the	purpose	of	(a)
providing	a	more	intuitive	illustration	of	what	factor	analysis	can	accomplish
and	(b)	highlighting	the	potential	shortcomings	of	an	informal,	subjective
approach	to	identifying	underlying	variables.

Conceptual	Description	of	Factor	Analysis
Factor	analysis	is	a	category	of	procedures	that	accomplishes	the	same	type	of
classification	as	the	methods	described	above	but	do	so	in	accordance	with	a
more	structured	set	of	operations	and	provides	more	explicit	information	that	the
data	analyst	can	use	to	make	judgments.	Like	the	methods	just	described,	factor
analysis	identifies	categories	of	similar	statements.	The	factor	analyst’s	first	task
is	to	determine	how	many	categories	are	sufficient	to	capture	the	bulk	of	the
information	contained	in	the	original	set	of	statements.

Extracting	Factors
One	can	view	factor	analysis	as	beginning	from	the	premise	that	one	big
category	containing	all	the	items	is	all	that	is	needed	(i.e.,	that	one	concept	or
category	is	sufficient	to	account	for	the	pattern	of	responses).	It	then	assesses
how	much	of	the	association	among	individual	items	that	single	concept	can
explain.	The	analysis	then	performs	a	check	to	see	how	well	the	single-concept



premise	has	fared.	If	it	appears	that	one	concept	or	category	has	not	done	an
adequate	job	of	accounting	for	covariation	among	the	items,	the	factor	analysis
rejects	the	initial	premise.	It	then	identifies	a	second	concept	(i.e.,	latent	variable
or	factor)	that	explains	some	of	the	remaining	covariation	among	items.	This
continues	until	the	amount	of	covariation	that	the	set	of	factors	has	not
accounted	for	is	acceptably	small.

The	First	Factor

How	is	this	accomplished?	The	process	begins	with	a	correlation	matrix	for	all
the	individual	items.	Using	this	matrix	as	a	starting	point,	factor	analysis
examines	the	patterns	of	covariation	represented	by	the	correlations	among
items.	What	follows	is	a	conceptual	description.	Certain	mathematical	details	are
omitted	in	the	interest	of	clarity,	so	this	should	not	be	taken	literally	as	the	set	of
operations	underlying	computer-generated	factor	analyses.

As	stated	earlier,	the	process	involves	the	initial	premise	of	a	single	concept	that
can	adequately	account	for	the	pattern	of	correlations	among	the	items.	This
amounts	to	a	provisional	assertion	that	a	model	having	a	single	latent	variable
(i.e.,	a	single	factor),	with	a	separate	path	emanating	from	it	to	each	of	the	items,
is	an	accurate	representation	of	causal	relationships	(see	Figure	6.1).	This	further
implies	that	such	a	model	can	account	for	the	correlations	among	the	items.	To
test	this	assumption	conceptually,	the	factor	analysis	program	must	determine	the
correlation	of	each	item	with	the	factor	representing	the	single	latent	variable
and	then	see	if	the	observed	correlations	between	items	can	be	re-created	by
appropriately	multiplying	the	paths	linking	each	pair	of	variables	via	the	factor.
But	how	can	the	program	compute	correlations	between	observed	item	responses
and	a	factor	representing	a	latent	variable	that	has	not	been	directly	observed	or
measured?

Figure	6.1	A	single-factor	model



One	approach	is	to	posit	that	the	sum	of	all	the	item	responses	is	a	reasonable
numerical	estimate	of	the	one,	all-encompassing	latent	variable	that	is	assumed
to	account	for	inter-item	correlations.	In	essence,	this	overall	sum	is	an	estimate
of	the	latent	variable’s	“score.”	Because	the	actual	scores	for	all	items	are
presumed	for	the	time	being	to	be	determined	by	one	latent	variable,	a	quantity
combining	information	from	all	items	(i.e.,	an	overall	sum)	is	a	reasonable
estimate	of	that	latent	variable’s	numerical	value.	It	is	fairly	simple	to	add	the
individual	item	scores	together	into	a	total	score	and	to	compute	item-total
correlations	for	each	separate	item	with	the	total	of	all	items.	These	item-total
correlations	serve	as	proxies	for	the	correlations	between	the	observed	items	and
the	unobserved	latent	variable	(i.e.,	the	causal	pathways	from	latent	variable	to
individual	items).	With	values	thus	assigned	to	those	causal	pathways,	one	then
can	compute	projected	inter-item	correlations	based	on	this	one-factor	model.
These	model-derived	correlations	are	projections	of	what	the	actual	inter-item



correlations	should	be	if	the	premise	of	only	one	underlying	variable	is	correct.
The	legitimacy	of	the	premise	can	be	assessed	by	comparing	the	projected
correlations	with	the	actual	correlations.	This	amounts	to	subtracting	each
projected	correlation	from	the	corresponding	actual	correlation	based	on	the
original	data.	A	substantial	discrepancy	between	actual	and	projected
correlations	indicates	that	the	single-factor	model	is	not	adequate;	there	is	still
some	unaccounted-for	covariation	among	the	items.

It	may	help	to	consider	this	sequence	for	a	single	pair	of	items,	A	and	B,	that	are
part	of	a	larger	set.	First,	the	whole	set	of	items,	including	A	and	B,	would	be
added	together	to	get	a	summary	score.	Then,	correlations	of	A	with	that	total
score	and	B	with	that	total	score	would	be	computed.	These	two	item-total
correlations	are	assumed	to	represent	the	correlations	of	A	and	of	B	with	the
factor,	which	corresponds	with	the	underlying	latent	variable.	If	the	premise	of	a
single	underlying	latent	variable	were	correct,	then	a	path	diagram	involving	A,
B,	and	the	factor	would	have	paths	(a	and	b	in	Figure	6.2)	from	the	latter	to	each
of	the	former.	The	values	of	these	paths	would	be	the	item-total	correlations	just
described.	Based	on	this	path	diagram,	the	correlation	between	A	and	B	should
be	the	product	of	those	two	paths.	Computing	this	proposed	correlation	between
A	and	B	entails	simple	multiplication.	Once	computed,	the	proposed	correlation
can	be	compared	with	the	actual	correlation	between	A	and	B.	The	proposed
correlation	can	be	subtracted	from	the	actual	correlation	to	yield	a	residual
correlation.	A	substantial	residual	correlation	would	indicate	that	invoking	a
single	underlying	latent	variable	as	the	sole	cause	of	covariation	between	A	and
B	is	not	adequate.

Figure	6.2	A	simplified	single-factor	model	involving	only	two	terms

Operations	performed	on	the	whole	correlation	matrix	simultaneously	do	this	for
each	possible	pairing	of	items.	Rather	than	ending	with	a	single	residual
correlation,	one	computes	an	entire	matrix	of	residual	correlations	(called,



appropriately,	a	residual	matrix),	each	representing	the	amount	of	covariation
between	a	particular	pair	of	items	that	exists	above	and	beyond	the	covariation
that	a	single	latent	variable	could	explain.

Subsequent	Factors

It	is	now	possible	to	operate	on	this	residual	matrix	in	the	same	way	the	original
correlation	matrix	was	treated,	extracting	a	second	factor	corresponding	to	a	new
latent	variable.	Once	again,	correlations	between	the	items	and	that	second	latent
variable	(Factor	2	in	Figure	6.3)	can	be	computed,	and	based	on	those
correlations,	a	matrix	of	proposed	correlations	can	be	generated.	Those	proposed
correlations	represent	the	extent	of	correlation	that	should	remain	among	items
after	having	taken	the	second	factor	into	consideration.	If	the	second	factor
captured	all	the	covariation	left	over	after	extracting	the	first	factor,	then	these
projected	values	should	be	comparable	to	the	values	that	were	in	the	residual
matrix	mentioned	above.	If	not,	further	factors	may	be	needed	to	account	for	the
remaining	covariation	not	yet	ascribed	to	a	factor.

Figure	6.3	A	two-factor	model



This	process	can	proceed,	with	each	successive	factor	being	extracted	from	the
residual	matrix	that	resulted	from	the	preceding	iteration,	until	a	matrix	is
achieved	that	contains	only	acceptably	small	residual	correlations.	At	this	point,
one	can	determine	that	essentially	all	the	important	covariation	has	been
accounted	for	and	that	no	further	factors	are	needed.	It	is	possible	to	continue	the
process	until	a	residual	matrix	consisting	entirely	of	zeros	is	obtained.	This	will
occur	when	the	number	of	factors	extracted	equals	the	number	of	items	in	the
factor	analysis.	Stated	differently,	a	set	of	k	factors	will	always	be	able	to	explain
all	the	covariation	among	a	set	of	k	items.

Deciding	How	Many	Factors	to	Extract



Determining	how	many	factors	to	extract	can	be	a	knotty	issue	(e.g.,	Zwick	&
Velicer,	1986).	Of	course,	a	major	motivation	for	conducting	factor	analysis	is	to
move	from	a	large	set	of	variables	(the	items)	to	a	smaller	set	(the	factors)	that
does	a	reasonable	job	of	capturing	the	original	information	(i.e.,	to	condense
information).	Determining	what	is	a	“reasonable	job”	can	be	approached	in
several	ways.

Some	factor	analytic	methods,	such	as	those	based	on	maximum	likelihood
estimation	and	confirmatory	factor	analytic	procedures	(which	we	will	discuss
subsequently)	based	on	structural	equation	modeling	approaches,	use	a	statistical
criterion.	In	this	context,	the	term	statistical	criterion	refers	to	the	fact	that
inferential	methods	are	used	to	determine	whether	the	likelihood	of	a	particular
result	is	sufficiently	small	to	rule	out	its	chance	occurrence.	This	amounts	to
performing	a	test	to	see	if,	after	extracting	each	successive	factor,	the	remaining
residuals	contain	an	amount	of	covariation	statistically	greater	than	zero.	If	they
do,	the	process	continues	until	that	is	no	longer	the	case.	The	reliance	on	a
statistical	criterion	rather	than	a	subjective	judgment	is	an	appealing	feature	of
these	approaches.	However,	in	scale	development,	it	may	not	correspond	to	the
goal	at	hand,	which	is	to	identify	a	small	set	of	factors	that	can	account	for	the
important	covariation	among	the	items.	Statistically	based	methods	seek	an
exhaustive	account	of	the	factors	underlying	a	set	of	items.	If	some	source	of
covariation	exists	that	has	not	been	accounted	for	by	any	of	the	factors	yet
extracted,	such	programs	push	further.	What	the	scale	developer	often	is	after	is
a	parsimonious	account	of	the	factors.	That	is,	in	the	course	of	scale
development,	we	often	want	to	know	about	the	few,	most	influential,	sources	of
variation	underlying	a	set	of	items,	not	every	possible	source	we	can	ferret	out.
When	developing	a	scale,	one	typically	generates	a	longer	list	of	items	than	are
expected	to	find	their	way	into	the	final	instrument.	Items	that	do	not	contribute
to	the	major	identifiable	factors	may	end	up	being	trimmed.	Our	goal	is	to
identify	relatively	few	items	that	are	strongly	related	to	a	small	number	of	latent
variables.	Although	a	skilled	data	analyst	can	achieve	this	goal	by	means	of
factor	analytic	methods	using	a	statistical	criterion,	a	less	experienced
investigator,	paradoxically,	might	do	better	using	other	more	subjective	but
potentially	less	cryptic	guidelines.

These	relatively	subjective	guidelines	are	often	based	on	the	proportion	of	total
variance	among	the	original	items	that	a	group	of	factors	can	explain.	This	is
essentially	the	same	basis	used	by	the	statistically	based	methods.	In	the	case	of
nonstatistical	(i.e.,	not	based	on	likelihood)	criteria,	however,	the	data	analyst



assesses	the	amount	of	information	each	successive	factor	contains	and	judges
when	a	point	of	diminishing	returns	has	been	reached.	This	is	roughly	analogous
to	interpreting	correlations	(such	as	reliability	coefficients)	on	the	basis	of	their
magnitude,	a	subjective	criterion,	rather	than	on	their	p	value,	a	statistical
criterion.	Two	widely	used	nonstatistical	guidelines	for	judging	when	enough
factors	have	been	extracted	are	the	eigenvalue	rule	(Kaiser,	1960)	and	the	scree
test	(Cattell,	1966).

An	eigenvalue	represents	the	amount	of	information	captured	by	a	factor.	For
certain	types	of	factor	analytic	methods	(e.g.,	principal	components	analysis,
discussed	later	in	this	chapter),	the	total	amount	of	information	in	a	set	of	items
is	equal	to	the	number	of	items.	Thus,	in	an	analysis	of	25	items,	there	would	be
25	units	of	information.	Each	factor’s	eigenvalue	corresponds	with	some	portion
of	those	units.	For	example,	in	the	case	of	a	25-item	analysis,	a	factor	with	an
eigenvalue	of	5.0	would	account	for	20%	(5/25)	of	the	total	information;	one
with	an	eigenvalue	of	2.5	would	account	for	10%,	and	so	on.	A	consequence	of
this	relationship	between	how	information	is	quantified	and	the	number	of	items
in	the	analysis	is	that	an	eigenvalue	of	1.0	corresponds	to	1/k	of	the	total
variance	among	a	set	of	items.	Stated	differently,	a	factor	(assuming	principal
components	analysis)	that	achieves	an	eigenvalue	of	1.0	contains	the	same
proportion	of	total	information	as	does	the	typical	single	item.	Consequently,	if	a
goal	of	factor	analysis	is	to	arrive	at	a	smaller	number	of	variables	that
substantially	capture	the	information	contained	in	the	original	set	of	variables,
the	factors	should	be	more	information-laden	than	the	original	items.
Accordingly,	the	eigenvalue	rule	(Kaiser,	1960)	asserts	that	factors	with
eigenvalues	less	than	1.0	(and,	thus,	containing	less	information	than	the	average
item)	should	not	be	retained.	Although	the	rationale	for	excluding	such	factors
makes	sense,	what	about	factors	that	are	only	slightly	above	1.0?	Does	a	factor
that	explains	1%	more	information	than	the	typical	item	really	offer	the	sort	of
condensation	of	information	we	are	after?	Oftentimes,	the	answer	is	no,
suggesting	that	the	eigenvalue	rule	may	be	too	generous	a	basis	for	retaining
factors.	I	believe	this	is	generally	the	case	in	scale	development	based	on
classical	methods.

The	scree	test	(Cattell,	1966)	is	also	based	on	eigenvalues	but	uses	their	relative
rather	than	absolute	values	as	a	criterion.	It	is	based	on	a	plot	of	the	eigenvalues
associated	with	successive	factors.	Because	each	factor,	after	the	first,	is
extracted	from	a	matrix	that	is	a	residual	of	the	previous	factor’s	extraction	(as
described	earlier),	the	amount	of	information	in	each	successive	factor	is	less



than	in	its	predecessors.	Cattell	suggested	that	the	“right”	number	of	factors	can
be	determined	by	looking	at	the	drop	in	amount	of	information	(and,	thus,	in
eigenvalue	magnitude)	across	successive	factors.	When	plotted,	this	information
will	have	a	shape	characterized	by	a	predominantly	vertical	portion	on	the	left
(representing	large	eigenvalues)	transitioning	to	a	relatively	horizontal	portion
on	the	right	(corresponding	with	small	eigenvalues).	He	regarded	the	factors
corresponding	with	the	right-side,	horizontal	portion	of	the	plot	as	expendable.
In	lay	terms,	scree	describes	the	rubble	that	collects	on	the	ground	following	a
landslide.	This	term,	then,	implies	that	the	vertical	portion	of	the	plot	is	where
the	substantial	factors	are	located	while	the	horizontal	portion	is	the	scree,	or
rubble,	that	should	be	discarded.	Ideally,	the	progression	of	factors	will	have	a
point	at	which	the	information	drops	off	suddenly,	with	an	abrupt	transition	from
vertical	to	horizontal	and	a	clear	“elbow”	(see	Figure	6.4).	Cattell’s	criterion
calls	for	retaining	those	factors	that	lie	above	the	elbow	of	the	plot.	Sometimes,
the	transition	is	not	abrupt	but	gradual	(see	Figure	6.5),	with	a	gentle	curve	made
up	of	several	factors	lying	between	the	vertical	and	horizontal	regions	of	the
plot.	In	such	cases,	applying	Cattell’s	scree	test	can	be	tricky	and	involves	even
greater	reliance	on	subjective	criteria,	such	as	factor	interpretability.	A	factor	is
considered	interpretable	to	the	extent	that	the	items	associated	with	it	appear
similar	to	one	another	and	make	theoretical	and	logical	sense	as	indicators	of	a
coherent	construct.

Figure	6.4	A	scree	plot	with	a	distinct	elbow



Figure	6.5	A	scree	plot	without	a	distinct	elbow



Another	statistical	criterion	that	is	gaining	in	popularity	is	based	on	parallel
analysis	(e.g.,	Hayton,	Allen,	&	Scarpello,	2004).	The	logic	underlying	this
approach	is	that	the	magnitude	of	the	eigenvalue	for	the	last	retained	factor
should	exceed	an	eigenvalue	obtained	from	random	data	under	otherwise
comparable	conditions.	In	other	words,	in	a	real	study	involving	the	factor
analysis	of,	say,	20	variables	measured	on	500	people,	the	eigenvalue	of	any
retained	factor	should	be	greater	than	the	corresponding	eigenvalue	obtained
from	randomly	generated	data	arranged	to	represent	20	variables	measured	on
500	people.	Parallel	analysis	routines,	which	are	available	on	the	Internet	as
user-developed	macros	for	a	variety	of	statistical	packages,	generate	a	large
number	of	distributions	of	the	size	corresponding	to	the	actual	data	set.	Thus,	in
this	example,	the	algorithm	would	generate	many	(the	user	can	typically	specify
how	many;	1,000	is	often	the	default)	random	data	sets	of	20	variables	and	500
subjects.	Eigenvalues	are	extracted	for	each	of	these	artificial	data	sets,	and	a
distribution	of	the	eigenvalues	is	created	within	the	program	for	Factor	I,	Factor
II,	and	so	forth.	For	each	of	these	distributions,	a	representative	value	(e.g.,	the
median)	is	identified.	Graphical	output	is	displayed,	as	shown	in	Figure	6.6.	This
figure	has	two	lines	connecting	points	corresponding	to	eigenvalues	for
successive	factors.	The	more-or-less	straight	line	descending	gradually	from	left
to	right	represents	the	median	eigenvalues	(across	the	numerous,	computer-
generated	data	sets)	for	essentially	random	data	in	which	the	variables	are	not
related	to	common	underlying	factors.	The	other	line	in	the	figure	is	the	actual
scree	plot,	based	on	the	real	data	in	which	one	is	interested.	The	number	of
factors	to	retain	is	indicated	by	where	the	tracings	for	actual	and	random	data
cross.	The	magnitudes	of	eigenvalues	that	lie	above	the	line	representing	the
random	data	are	greater	than	would	be	expected	by	chance	alone	(i.e.,	they	are
statistically	significant).	Those	below	the	random-data	line	are	not	significant
(i.e.,	they	can	be	expected	to	occur	purely	by	chance).	In	the	example	shown	in
the	accompanying	figure,	the	first	two	factors	from	the	actual	data	achieved
eigenvalues	greater	than	those	for	the	corresponding	factors	based	on	the
randomly	generated	data.	Thus,	only	those	first	two	factors	meet	the	retention
criterion.	Note	that	the	random	data	yield	a	number	of	factors	with	eigenvalues
greater	than	1.0,	demonstrating	the	inadequacy	of	the	eigenvalue	rule.
Examination	of	the	real-data	line	shows	that	two	factors	would	also	be	retained
based	on	the	scree	test	criterion	of	retaining	factors	above	the	“elbow”	of	the	plot
(which	corresponds	with	the	third	factor).

Figure	6.6	A	plot	from	parallel	analysis	showing	magnitudes	of	eigenvalues	for
successive	factors	from	random	data	and	actual	data



Because	macros	for	conducting	parallel	analysis	in	various	statistical	packages
(including	SAS	and	SPSS)	are	readily	available	via	the	Internet	without
restrictions	on	their	use	and	at	no	charge,	applying	this	method	as	a	means	of
selecting	the	number	of	factors	to	retain	has	become	common	practice.	In	my
experience,	the	guidance	it	provides	is	consistent	with	the	judgments	I	would
make	based	on	subjective	criteria	such	as	the	scree	plot.	It	has	the	advantage,
however,	of	its	grounding	in	a	statistical	criterion	and,	thus,	has	wider
acceptability	than	subjective	methods.	Accordingly,	I	recommend	using	parallel
analysis	as	the	primary	basis	for	determining	how	many	items	to	extract.

It	is	worth	noting	that	parallel	analysis	was	first	developed	for	use	with	principal
components	rather	than	common	factors.	I	compare	these	differing	factor
analytic	approaches	in	a	later	section.	For	now,	I	merely	note	that,	whereas
principal	components	are	computed	from	the	original	correlation	matrix,
common	factors	are	computed	from	a	reduced	correlation	matrix	containing
estimates	that	have	been	adjusted	to	remove	error	variance	from	the	variables.
Parallel	analysis	has	been	extended	to	use	with	common	factors,	but	as
Timmermann	and	Lorenzo-Seva	(2011)	note,	the	number	of	eigenvalues	for	the
real	data	that	exceed	those	for	the	random	data	tends	to	be	greater	in	the	case	of



common	factors	than	in	principal	components.	The	logic	of	parallel	analysis	was
developed	with	components	in	mind.	Thus,	in	some	instances,	the	number	of
factors	parallel	analysis	indicates	should	be	retained	from	common	factors	may
be	an	overestimate	of	the	true	dimensionality	of	the	data	set.

Circumstances	may	arise	when	substantive	considerations	(such	as	the
interpretability	of	resulting	factors)	support	the	retention	of	more	or	fewer
factors	than	a	method	such	as	parallel	analysis	indicates.	When	this	occurs,	I
suggest	presenting	the	results	of	the	method	first	used	(e.g.,	parallel	analysis)
together	with	a	rationale	for	deciding	to	depart	from	the	guidance	that	method
provides.	If	the	substantive	issues	are	compelling,	there	should	be	little	difficulty
in	convincing	readers	and	reviewers	that	an	appropriate	decision	has	been
reached.	On	the	other	hand,	if	the	arguments	marshaled	in	support	of	ignoring
the	initial	results	are	not	persuasive,	then	dismissing	those	results	may	not	be
warranted.

Rotating	Factors
The	purpose	of	factor	extraction	is	merely	to	determine	the	appropriate	number
of	factors	to	examine.	Putting	information	into	the	most	understandable	form	is
not	its	intent.	The	raw,	unrotated	factors	are	rather	meaningless	mathematical
abstractions.	As	a	rough	analogy,	imagine	that	I	have	been	asked	to	describe	the
height	of	all	the	people	in	a	room.	I	decide	to	do	this	by	arbitrarily	selecting	a
person,	Joe,	at	random,	measuring	Joe’s	height,	and	describing	everyone	else	as
so	many	inches	taller	or	shorter	than	the	reference	individual.	So,	one	person
might	be	“Joe	plus	3	inches”	and	another,	“Joe	minus	2	inches.”	In	such	an
instance,	all	the	information	about	height	is	available	in	my	presentation	of	the
data	but	it	has	not	been	organized	in	the	most	informative	way.	It	would	be
easier	for	people	to	interpret	my	data	if	I	transformed	them	to	a	more	readily
understandable	form,	such	as	the	height	of	each	individual	in	the	room,
expressed	in	feet	and	inches.	Factor	rotation	is	analogous	to	this	transformation
in	that	it	presents	data	already	available	in	a	way	that	is	easier	to	understand.

Before	trying	to	interpret	factors—to	ascertain	what	the	constructs	or	latent
variables	corresponding	with	factors	are,	based	on	the	items	identified	with	each
factor—it	is	usually	necessary	to	perform	a	factor	rotation.	Factor	rotation
increases	interpretability	by	identifying	clusters	of	variables	that	can	be
characterized	predominantly	in	terms	of	a	single	latent	variable	(i.e.,	items	that



are	similar	in	that	they	all	have	a	strong	association	with,	and	thus	are	largely
determined	by,	only	one	and	the	same	factor).	Rotation	and	the	greater
interpretability	that	results	from	it	are	accomplished	not	by	changing	the	items	or
the	relationships	among	them	but	by	selecting	vantage	points	from	which	to
describe	them.

The	notion	that	the	same	set	of	information	can	be	made	more	or	less	meaningful
based	on	the	vantage	point	from	which	it	is	inspected	can	be	difficult	to	grasp.	In
the	following	sections,	I	will	provide	several	examples	intended	to	clarify	that
idea.

The	patterns	of	intercorrelations	among	a	set	of	items	are	analogous	to	physical
locations	in	space.	The	more	strongly	two	items	are	correlated,	the	closer	two
markers	representing	those	items	could	be	placed	to	each	other.	If	we	did	this	for
many	items,	the	physical	locations	of	their	markers	would	take	on	a	pattern
representing	the	patterns	of	correlations	among	the	variables.	(This	is	easiest	to
visualize	if	we	limit	ourselves	to	two	dimensions.)	Imagining	physical	objects
whose	locations	are	determined	by	underlying	rules	is,	thus,	another	way	of
thinking	about	items	whose	associations	are	determined	by	underlying	causal
variables.

Rotation	Analogy	1

How	does	rotation	allow	us	to	see	a	pattern	among	variables	that	was	always
there	but	was	not	apparent?	As	an	analogy,	imagine	a	well-organized	array	of
objects,	such	as	a	set	of	pillars	arranged	in	a	series	of	orderly,	parallel	rows.	It	is
possible	to	stand	in	certain	locations	and	choose	certain	angles	of	view	such	that
the	arrangement	of	objects	in	orderly	rows	and	columns	is	completely	obscured.
Changing	one’s	vantage	point,	however,	can	reveal	the	underlying	order.
Consider	how	an	arrangement	of	four	rows	of	10	pillars	might	appear	when
viewed	from	different	perspectives.	If	the	line	of	sight	does	not	reveal	any	of	the
natural	axes	of	linear	arrangements,	the	objects	may	appear	to	be	placed
randomly.	Viewing	from	a	higher	vantage,	stepping	a	few	feet	right	or	left,	or
merely	shifting	one’s	gaze	laterally	can	result	in	the	line	of	sight	revealing	an
alignment	of	objects	and	showing	their	orderliness.	Figures	6.7	and	6.8	illustrate
this	point.	These	figures	were	created	by	plotting	locations	for	the	pillars	and,
literally,	altering	the	vantage	point	from	which	the	array	is	viewed.	Thus,	both
figures	represent	the	very	same	configuration	of	pillars	and	differ	only	in	how
they	are	viewed.	In	the	first	of	these	figures,	it	is	difficult	at	best	to	discern	any



organization	to	the	arrangement	of	pillars.	The	line	of	sight	through	spaces
between	pillars	falls	on	other	pillars	farther	back,	making	the	grouping	appear	as
a	disorganized	mass	of	objects.	The	second	of	these	figures	represents	an
alternative	vantage	point.	Each	pillar,	Figure	6.8	reveals,	shares	a	row	(and	a
column)	with	other	pillars.	Thus,	all	the	pillars	in	a	given	row	have	something	in
common—they	possess	a	shared	attribute	(membership	in	the	same	row)	that
had	not	been	evident	from	the	earlier	vantage	point.	Merely	changing	our	point
of	view	made	something	about	the	nature	of	the	objects	apparent	that	was
obscured	in	our	initial	perspective.	Factor	rotation	is	analogous	in	that	it	attempts
to	provide	a	“vantage	point”	from	which	the	data’s	organizational	structure—the
ways	in	which	items	share	certain	characteristics—becomes	apparent.

Figure	6.7	An	orderly	arrangement	of	pillars	viewed	from	a	perspective	that
obscures	that	orderliness

Figure	6.8	An	orderly	arrangement	of	pillars	viewed	from	a	perspective	that
reveals	that	orderliness



Rotation	Analogy	2

It	is	worth	noting	that,	with	the	right	number	of	perpendicular	reference	lines,
one	can	locate	objects	no	matter	how	those	reference	lines	are	oriented.	A	two-
dimensional	example	such	as	a	large,	empty	football	field	can	be	used	as	an
illustration.	To	make	this	mundane	landscape	a	bit	more	interesting,	let	us
assume	that	a	coach	is	using	a	video	of	a	game,	shot	from	an	overhead	camera,
to	explain	a	play	to	team	members.	Further,	assume	that	the	coach	has	frozen	the
image	at	an	especially	interesting	moment	during	the	game	to	make	a	particular
point	and	that	this	frozen	image	is	projected	onto	a	large	computer	screen	that
allows	the	coach	to	draw	on	top	of	that	image.	The	coach	could	draw	a	straight
line	through	the	image	of	the	football	field	at	any	orientation	and	then	position	a
second	line	perpendicular	to	the	first.	For	example,	he	or	she	might	choose	one
line	running	exactly	north	and	south	and	another	running	precisely	east	and	west,
which	might	let	him	or	her	describe	any	location	on	the	field	using	global
positioning	coordinates	based	on	north-south	latitude	and	east-west	longitude.
With	those	two	lines,	the	coach	could	specify	the	location	of	the	player	in



possession	of	the	ball:	“Using	the	global	positioning	coordinates	for	the	center	of
the	field	as	a	reference,	the	ball	carrier	is	at	the	intersection	of	a	point	defined	by
progressing	due	northward	from	the	center	of	the	field	60	feet	and	then
proceeding	due	west	an	additional	32	feet.”	This	would	pinpoint	the	football	at	a
specific	location.	The	coach	could	specify	the	same	location	using	appropriately
modified	instructions	based	on	any	two	perpendicular	lines	drawn	through	the
football	field.	So,	the	orientation	of	the	lines	is	arbitrary	with	respect	to	their
adequacy	of	describing	a	specific	location.	Any	set	of	two	perpendicular	lines
has	the	same	informational	utility	in	locating	a	specific	spot	as	any	other	set.

Alternatively,	rather	than	using	the	north-south	and	east-west	axes,	the	coach
could	use	the	sidelines	and	goal	lines	already	drawn	on	the	field	as	the	requisite
perpendicular	axes.	Like	any	other	set	of	perpendicular	lines,	these	could	be	used
as	references	for	specifying	the	location	of	any	point	on	the	field.	They	have	the
advantage,	however,	of	making	use	of	a	meaningful	feature	of	the	field—its
organization	as	a	grid	defined	by	perpendicular	lines	(i.e.,	yard	lines	and
sidelines).	Thus,	telling	someone	that	the	ball	carrier	was	4	feet	inside	the	30-
yard	line	and	about	68	feet	from	the	home	team’s	sideline	might	be	an	easier
means	of	locating	that	player’s	position	than	using	north-south	and	east-west
reference	lines.	The	point	is	that,	while	either	set	of	reference	axes	can
unambiguously	locate	the	ball	carrier,	the	set	based	on	the	natural	properties	of
the	football	field	seems	considerably	more	appropriate	and	comprehensible	(see
Figure	6.9).

Figure	6.9	A	depiction	of	a	football	field	marked	with	yard	lines,	sidelines,	and
north-south	and	east-west	axes



Now	that	we	have	seen	how	vectors	or	reference	lines	can	be	used	to	specify	a
spatial	location,	we	should	examine	how	items	relate	to	analogous	reference
lines.	It	can	be	difficult,	however,	to	switch	between	thinking	about	items	and
their	content	on	one	hand	and	thinking	about	abstract	vectors	specifying
locations	on	the	other.	Examples	linking	the	more	familiar	items	with	their
spatial	representations	along	vectors	often	must	be	contrived	because	the	things
we	measure	as	social	and	behavioral	scientists	do	not	typically	lend	themselves
to	a	direct	translation	in	spatial	terms.	To	bridge	this	gap,	I	will	present	a
fabricated	example	based	on	items	that	we	can	link	to	physical	locations.

Rotation	Analogy	3

Extending	our	football	example,	we	will	assume	a	study	that	uses	questionnaire
items	as	a	means	of	describing	the	location	of	a	football	player	(the	one	with	the
ball)	on	a	field.	More	specifically,	let	us	assume	that	a	group	of	respondents	is
asked	to	view	a	video	of	a	football	game	and	that,	at	some	point,	the	image	is
frozen	and	the	respondents	are	asked	to	complete	a	series	of	eight	items	using	a
Likert	scale	with	responses	ranging	from	1	=	Strongly	Disagree	to	6	=	Strongly
Agree.	The	items	are	as	follows:

1.	 The	ball	carrier	is	within	easy	scoring	position.
2.	 The	ball	carrier	may	soon	be	forced	out	of	bounds.



3.	 The	ball	carrier	may	be	forced	into	his	own	end	zone.
4.	 The	ball	carrier	has	plenty	of	room	to	either	side.
5.	 If	the	ball	carrier	were	tackled	right	now,	someone	on	the	sidelines	might	be

in	danger.
6.	 The	ball	carrier	has	a	long	way	to	go	before	crossing	the	goal	line.
7.	 The	ball	carrier	is	within	field	goal	range.
8.	 The	ball	carrier	needs	to	be	careful	not	to	step	over	the	sideline.

Before	continuing	with	this	example,	let	us	take	a	moment	to	examine	more
formally	how	rotation	is	accomplished.	When	there	are	two	factors,	rotation	can
be	achieved	graphically.	One	can	obtain	a	scatterplot	that	represents	the	strength
of	correlations	between	pairs	of	items	by	the	proximity	of	those	items	and	the
loadings	of	those	items	on	arbitrary	reference	vectors	corresponding	with	two
unrotated	factors.	One	can	perform	a	graphical	rotation	by	literally	tracing	those
axes	and	then	rotating	the	tracing	until	the	lines	fall	along	item	groupings.	Then,
the	reference	axes	are	used	to	generate	coordinates	defining	the	exact	position	of
each	represented	item	in	terms	of	its	location	relative	to	the	lengths	along	the
two	axes.	These	coordinates	can	then	be	converted	into	loadings	for	each	item	on
the	two	factors.	But	automated	nongraphical	rotation	methods	based	on
mathematical	criteria	are	far	more	widely	used.	For	example,	methods	such	as
Varimax	seek	to	maximize	the	variance	of	the	squared	loadings	for	each	item.
Loadings	are	correlations	between	each	item	and	each	factor	based	on	the
orientation	of	the	vectors	(i.e.,	reference	lines)	defining	the	factors.	So,
depending	on	how	the	vectors	are	oriented,	the	loadings	will	vary,	just	as	the
values	specifying	location	of	a	football	player	on	the	field	or	the	coordinates
describing	the	position	of	a	dot	on	a	scatterplot	will	vary	depending	on	which
reference	axes	are	used.	This	variance	will	be	greatest	when	some	squared
loadings	are	relatively	large	and	others	are	relatively	small.	Thus,	satisfying	the
criterion	of	maximizing	the	variance	of	the	squared	loadings	has	the	effect	of
producing	a	maximally	uneven	set	of	loadings	for	each	item.	Finding	an
orientation	for	the	reference	axes	that	will	give	us	maximally	uneven	loadings
and	the	largest	squared	loading	variances	amounts	to	finding	a	potentially
informative	rotation.	What	we	are	seeking,	of	course,	is	a	specific	type	of
unevenness	in	which	one	loading	(i.e.,	the	loading	of	the	item	on	its	primary
factor)	is	substantial	while	all	other	loadings	for	that	item	(i.e.,	its	loadings	on
secondary	factors)	are	small	(ideally,	near	zero).	When	this	is	achieved,	we	can
describe	the	item	as	being	influenced	primarily	by	the	single	factor	on	which	it
loads	substantially—a	circumstance	called	simple	structure.	Describing	an	item
in	terms	of	only	its	primary	factor	does	a	good	job	of	capturing	the	essential



nature	of	the	information	that	item	carries.	That	is	the	goal	of	rotation.

Now,	let	us	go	back	to	our	items	describing	the	location	of	the	ball	carrier	in	the
frozen	image	of	the	football	game.	I	ran	an	analysis	of	those	eight	items	(based
on	fabricated	data)	for	illustrative	purposes.	The	first	three	eigenvalues	were
3.67,	2.78,	and	.59.	Based	on	the	fact	that	the	first	two	eigenvalues	are
substantially	larger	and	the	third	is	substantially	smaller	than	1.0,	I	extracted	two
factors.	I	requested	that	SAS	perform	a	Varimax	rotation	on	the	factors.	The	SAS
factor	plots	before	and	after	rotation	are	depicted	in	Figures	6.10	and	6.11,
respectively.	These	locate	the	individual	items	with	respect	to	the	two	factors
based	on	the	loading	of	each	item	on	those	two	factors.

Figure	6.10	Items	plotted	by	loadings	on	two	factors	prior	to	rotation



Figure	6.11	Items	plotted	by	loadings	on	two	factors	after	rotation



SAS	prints	its	factor	plots	in	a	typeface	that	uses	equal	width	for	each	character
and	cannot	interpolate	between	lines	of	text.	Consequently,	it	cannot	locate	the
points	relative	to	one	another	or	to	the	factor	vectors	with	exact	precision.	Even
with	this	limitation,	however,	the	plots	are	quite	revealing.	In	the	first	(Figure
6.10),	the	items	(represented	by	bolded	letters	in	shaded	boxes	for	clearer
visibility)	are	clustered	in	two	groups,	one	comprising	items	B,	D,	E,	and	H	and



the	other,	items	A,	F,	C,	and	G.	Proximity	corresponds	with	strength	of
correlation	in	this	figure.	So,	any	two	items	that	are	located	near	each	other	are
more	highly	correlated	than	any	pair	that	are	more	distant.	The	presence	of	two
clusters	in	this	plot,	therefore,	indicates	that	the	items	within	each	cluster
correlate	substantially	with	one	another	and	that	items	in	different	clusters	are
largely	uncorrelated	with	one	another.	Positions	relative	to	the	axes	are	also
informative	and	especially	pertinent	to	the	issue	of	rotation.	The	A-F-C-G	item
cluster	is	located	roughly	equidistant	from	the	two	vectors	representing	the
factors.	That	is,	its	loadings	on	each	factor	are	roughly	the	same	magnitude.	The
other	item	cluster,	while	somewhat	closer	to	the	vertical	than	the	horizontal
vector,	is	still	at	some	distance	from	either.	The	items	in	that	second	cluster	have
higher	loadings	on	Factor	1	but	also	fairly	substantial	(negative)	loadings	on
Factor	2.	Consequently,	it	would	be	hard	to	say	that	either	cluster	of	items
primarily	reflects	the	level	of	just	one	of	the	factors.

In	contrast,	in	the	plot	made	after	the	factors	were	rotated,	the	two	clusters	are
very	close	to	one	vector	each.	The	first	cluster	of	items	(B-D-E-H)	now	has	high
loadings	(roughly	.8	to	.9)	on	Factor	1	(represented	by	the	vertical	axis)	and	low
loadings	on	Factor	2	(less	than	.2).	The	second	cluster	(A-F-C-G)	is	contiguous
to	the	Factor	2	(horizontal)	axis,	and	the	items	collectively	represent	high	values
on	Factor	2	(roughly	in	the	range	of	.8	to	.9)	and	low	values	on	Factor	1	(about
.1).	So,	after	rotation,	we	have	a	much	better	approximation	to	simple	structure
—that	is,	each	item	loads	primarily	on	a	single	factor.

If	you	look	carefully	at	the	relative	locations	of	the	two	item	clusters	on	the	two
different	plots,	you	may	be	able	to	discern	that	they	are	quite	similar	(within	the
limitations	of	SAS’s	plotting).	The	A-F-C-G	cluster	is	roughly	90	degrees
clockwise	of	the	B-D-E-H	cluster	in	both	figures.	This	is	as	it	should	be,	because
rotation	does	not	alter	the	relationships	among	the	variables.	If	the	items	were
drawn	on	one	transparent	sheet	and	the	factors	on	another,	you	could	rotate	the
sheet	with	the	items	from	the	position	shown	in	Figure	6.10	to	the	position
shown	in	Figure	6.11	relative	to	the	factors.	(The	fact	that	the	horizontal	and
vertical	axes	have	slightly	different	scales	because	of	the	imprecision	of	how
SAS	displays	the	plots	may	make	the	distances	of	the	clusters	from	the	origin
seem	less	similar	in	the	two	figures	than	they	actually	are	numerically.)	In	fact,
rotation	actually	reorients	the	factors,	but	rather	than	displaying	the	factor	axes
at	odd	angles,	the	post-rotation	plot	essentially	rotates	the	item	locations
clockwise	rather	than	rotating	the	axes	counter-clockwise.



Having	rotated	the	factors,	it	is	now	possible	to	interpret	each	of	them	by
looking	at	what	the	items	achieving	high	loadings	on	each	of	the	factors	have	in
common.	The	items	composing	the	first	factor	all	concern	proximity	to	sidelines,
and	those	composing	the	second	concern	proximity	to	goal	lines.	Thus,	we	might
interpret	Factor	1	as	concerning	Proximity	to	Sidelines	and	Factor	2	as	Proximity
to	Goal	Lines.	Rotation	has	allowed	us	to	group	the	items	in	a	way	that	made	it
easier	to	recognize	the	common	attribute	shared	by	the	items	within	each	group.

In	summary,	the	most	important	points	about	factor	rotation	that	these	examples
illustrate	are	as	follows:	(a)	Knowing	the	correct	number	of	factors	(when	there
is	more	than	a	single	factor),	while	essential,	does	not	reveal	the	nature	of	those
factors.	The	initial	factor	extraction	process	addresses	only	the	number	of	factors
needed,	not	the	nature	of	those	factors	in	any	substantive	sense.	(b)	In	the
absence	of	rotation	of	multiple	factors,	any	meaningful	and	interpretable	pattern
among	the	items	may	be	obscured.	The	initial	solution	ignores	item	content,	and
the	item	groupings	based	on	unrotated	factors	will	typically	reveal	little	about
the	items.	The	depiction	of	the	pillars	as	viewed	from	a	disadvantageous	and
then	an	advantageous	perspective	illustrated	this	point.	(c)	Any	analytic	solution
comprising	the	correct	number	of	factors	can	specify	the	relationships	among	the
items	(or,	if	we	depict	them	spatially,	the	locations	of	the	items	relative	to	one
another)	as	well	as	any	other.	North-south	and	east-west	axes	work	just	as	well
as	goal-to-goal	and	sideline-to-sideline	axes	for	locating	any	position	on	the
field.	(d)	The	purpose	of	factor	rotation	is	to	find	a	particular	orientation	for	the
reference	axes	that	helps	us	understand	items	in	their	simplest	terms.	That	is
achieved	when	most	of	what	an	item	is	about	can	be	explained	using	as	few
variables	as	possible—ideally,	only	one.	(e)	The	rotated	factor	pattern	can
facilitate	determining	what	the	items	within	a	factor	have	in	common	and	thus
inferring	what	the	underlying	causal	factor	is	that	determines	how	the	items	are
answered.	The	two	sets	of	items	regarding	the	location	of	the	ball	carrier	in	a
football	game	were	distinctly	different.	One	set	concerned	only	proximity	to	the
sidelines,	while	the	other	concerned	only	proximity	to	the	goal	lines.	We	can
infer,	at	least	provisionally,	that	perceptions	of	proximity	to	those	different
borders	of	the	football	field	determined	how	respondents	evaluated	the	two	sets
of	items.	Of	course,	additional	validation	information	would	be	needed	to
support	this	inference.

Orthogonal	Versus	Oblique	Rotation

All	the	examples	thus	far	have	been	based	on	reference	lines	that	are



perpendicular	to	one	another.	This	corresponds	with	factors	that	are	statistically
independent	of	one	another	(i.e.,	uncorrelated).	Such	factors	are	described	as
orthogonal.	Location	along	one	line	provides	no	information	regarding
information	along	another	when	the	two	are	perpendicular.	For	example,
knowing	how	far	north	someone	is	gives	no	indication	of	how	far	west	they	are,
because	those	two	directions	are	orthogonal	to	each	other.	Similarly,	knowing
how	far	a	player	is	from	the	goal	line	gives	no	indication	of	proximity	to	the
sideline.

It	is	possible,	however,	to	allow	factors	to	be	correlated	and,	consequently,	for
the	axes	that	represent	them	graphically	to	be	nonperpendicular.	Suppose,	for
example,	that	we	chose	to	specify	locations	on	the	football	field	depicted	in
Figure	6.9	using	a	line	running	from	end	zone	to	end	zone	as	one	axis	and	a	line
running	due	east	and	west	as	the	other.	Moving	in	a	westerly	direction	also
means	moving	toward	one	of	the	end	zones.	That	is,	one	cannot	move	directly
east	or	west	without	changing	one’s	distance	from	the	goal	lines.	The	two
dimensions	are	correlated	to	some	degree.

Factor	rotation	can	likewise	allow	reference	axes	(and	the	factors	to	which	they
correspond)	to	be	correlated	and,	thus,	not	be	spatially	perpendicular.	Such	a
rotation	is	referred	to	as	oblique	rather	than	orthogonal.	Oblique	rotation	may	be
useful	when	the	underlying	latent	variables	are	believed	to	correlate	somewhat
with	one	another.	The	goal	of	simple	structure	requires	items	that	can	be
meaningfully	classified	with	respect	to	only	a	single	category.	That	is,	each	item
should	be	“about”	only	one	thing	and,	thus,	load	on	only	one	factor.	If	the
variables	are	somewhat	correlated	but	the	factors	representing	them	are	forced	to
be	totally	independent	because	of	constraints	imposed	by	the	factor	analytic
method,	it	may	be	impossible	to	achieve	this	goal.	That	is,	more	than	one	factor
may	be	associated	with	some	or	all	of	the	items	because	of	the	correlation
between	the	factors;	we	are	limited	in	our	ability	to	approximate	simple	structure
(see	Figure	6.12).

Figure	6.12	Two-factor	model	with	factors	allowed	to	correlate



If	“Conscientiousness”	and	“Dependability”	are	truly	correlated,	to	return	to	the
earlier	coworker-characteristics	example,	then	an	item	about	one	is	likely	to
share	some	variance	with	the	other	as	well.	People	who	are	more	conscientious
will	also	be	somewhat	more	dependable	(to	a	greater	or	lesser	degree	depending
on	the	strength	of	the	correlation	between	the	two	attributes).	Forcing	an
orthogonal	solution	on	data	reflecting	these	two	variables	will	make	it	very	hard
for	an	item	to	load	strongly	on	one	variable	and	weakly	on	the	other.	If,	however,
the	two	factors	are	allowed	to	be	somewhat	correlated,	the	circumstance	is
roughly	analogous	to	the	following	reasoning:	“Conscientiousness”	and
“Dependability”	are	understood	to	correlate	with	each	other.	This	fact	has	been
dealt	with	by	allowing	the	factors	to	correlate.	Now,	that	aside,	to	which	of	these



factors	is	the	item	in	question	most	strongly	related?	If	the	axes	representing	the
“Conscientiousness”	factor	and	the	“Dependability”	factor	are	not	forced	to	be
perpendicular,	then	as	scores	increase	on	one	of	the	variables,	some	degree	of
concomitant	increase	in	the	other	can	be	accommodated.	If	reality	dictates	that
an	item	substantially	influenced	by	“Conscientiousness”	is	also	influenced	by
“Dependability,”	allowing	the	factors	representing	those	constructs	to	correlate
can	more	accurately	accommodate	that	reality.	An	item	that	is	strongly	related	to
“Conscientiousness”	but	mildly	related	to	“Dependability”	may	be	able	to	load
strongly	on	the	first	of	those	factors	and	weakly	on	the	second	if	the	factors	are
not	constrained	to	statistical	independence.	In	a	sense,	the	fact	that	this	item	has
some	causal	influence	arising	from	“Dependability”	is	accommodated	by
allowing	the	two	factors	to	correlate	with	each	other.	This	provides	an	indirect
causal	path	from	“Dependability”	to	the	item	through	“Conscientiousness”	(see
Figure	6.13),	thus	removing	the	need	for	the	item	to	correlate	directly	with
“Dependability”	and	consequently	cross	load	on	both	factors.

Figure	6.13	Because	of	the	correlations	between	the	factors,	Factor	1	influences
Item	A	both	directly	(dark,	solid	pathway)	and	indirectly	(lighter,	dashed
pathway)



What	is	lost	when	factors	are	rotated	obliquely	is	the	elegance	and	simplicity	of
uncorrelated	dimensions.	One	nice	feature	of	uncorrelated	factors	is	that	their
combined	effects	are	the	simple	sum	of	their	separate	effects.	The	amount	of
information	in	a	specific	item’s	value	that	one	factor	explains	can	be	added	to	the
information	that	another	factor	explains	to	arrive	at	the	total	amount	of
information	explained	by	the	two	factors	jointly.	With	oblique	factors,	this	is	not
the	case.	Because	they	are	correlated,	there	is	redundancy	in	the	information
contained	in	the	two	factors.	For	an	item	related	to	both	“Conscientiousness”	and
“Dependability,”	the	amount	of	variation	explained	by	those	two	factors	together
is	less	than	the	sum	of	the	parts.	Some,	perhaps	a	great	deal,	of	the	information



accounted	for	by	one	factor	overlaps	with	the	information	accounted	for	by	the
other.	A	simple	sum	would	include	the	overlapping	information	twice,	which
would	not	accurately	reflect	the	total	influence	of	the	factors	on	that	item.

Another	complication	of	correlated	factors	is	the	added	complexity	of	the	causal
relationships	between	items	and	factors.	When	the	factors	are	independent,	the
only	relationship	between	a	factor	and	a	specific	item	is	direct.	Changes	in	the
level	of	the	factor	will	result	in	changes	in	the	item	along	a	single,	direct	causal
pathway.	When	factors	are	correlated,	however,	this	is	not	the	case.	If	(as
described	earlier	when	discussing	an	item	influenced	by	“Conscientiousness”
and	“Dependability”)	both	of	two	hypothetical	factors	influence	Item	A,	for
example,	and	the	factors	are	correlated,	the	factors	exert	an	indirect	as	well	as	a
direct	influence	on	A.	That	is,	Factor	1	can	influence	Factor	2	and,	through
Factor	2,	indirectly	affect	Item	A.	This	is	in	addition	to	the	direct	effect	of	Factor
1	on	that	item.

Of	course,	by	a	parallel	process,	Factor	B	also	can	affect	the	item	not	only
directly	but	also	indirectly	through	its	relationship	to	Factor	A.	The	same	sort	of
direct-plus-indirect	influence	of	factors	also	may	apply	to	all	other	items.	As	a
result,	speaking	of	the	relationship	between	an	item	and	a	factor	usually	has	to
be	qualified	explicitly	to	either	include	or	exclude	such	indirect	effects.
Otherwise,	there	is	ambiguity	and,	thus,	potential	confusion.

Choosing	Type	of	Rotation

As	a	practical	matter,	the	choice	between	orthogonal	versus	oblique	rotation
should	depend	on	one	or	more	considerations.	Among	these	is	how	one	views
the	concepts	the	factors	represent.	If	theory	strongly	suggests	correlated
concepts,	it	probably	makes	sense	for	the	factor	analytic	approach	(specifically,
rotation)	to	follow	suit.	Thus,	if	analyzing	items	related	to	“Conscientiousness”
and	“Dependability,”	allowing	factors	to	correlate	would	best	fit	our	sense	of
what	these	concepts	imply.	Alternatively,	theory	might	suggest	orthogonal
factors.	“Dependability”	and	“Fun,”	for	example,	may	be	more	independent	and,
thus,	might	warrant	an	orthogonal	solution.	When	theory	does	not	provide	strong
guidance,	as	when	the	scale	under	development	represents	concepts	not
previously	studied,	the	magnitude	of	the	correlations	between	factors	may	serve
as	a	guide.	Specifically,	an	oblique	rotation	can	be	specified	and	the	resultant
correlations	among	factors	examined.	If	these	are	quite	small	(e.g.,	less	than	.15),
the	data	analyst	might	opt	for	orthogonal	rotation.	This	slightly	compromises	the



approximation	of	simple	structure	but	results	in	a	simpler	model.	For	example,
some	items	may	show	secondary	loadings	(i.e.,	loadings	on	a	factor	other	than
the	one	on	which	they	load	most	strongly)	that	are	slightly	increased	relative	to
the	oblique	solution	but	still	small	enough	to	associate	each	item	unambiguously
with	only	one	factor.	Thus,	loadings	of	a	particular	item	on	three	factors	rotated
to	an	oblique	solution	might	be	.78,	.16,	and	.05.	When	an	orthogonal	solution	is
chosen,	the	loadings	might	be	.77,	.19,	and	.11.	Although	the	second	pattern
departs	slightly	more	than	the	first	from	simple	structure,	the	item	in	question
can	still	be	linked	unambiguously	to	the	first	factor.	Thus,	little	has	been
sacrificed	in	opting	for	the	simpler	(i.e.,	orthogonal)	model	in	this	case.	If	the
factors	are	more	substantially	correlated,	opting	for	the	oblique	solution	might
yield	a	substantial	improvement	in	approximation	to	simple	structure.	For
example,	a	secondary	loading	of	.40	obtained	with	an	orthogonal	rotation	might
diminish	to	.15	with	an	oblique	solution.	This	will	not	always	be	the	case,
however,	and	only	examining	the	difference	between	the	two	rotation	methods
can	definitively	indicate	how	much	they	differ	in	approximating	simple
structure.

A	final	practical	issue	concerns	the	magnitude	of	the	correlation	between	two
factors	and	how	large	it	needs	to	be	before	combining	them	into	one	larger
factor.	There	is	no	simple	answer	to	this	question	because	the	relationships	of
items	to	factors	also	need	to	be	considered.	Under	some	circumstances,	however,
an	oblique	rotation	may	reveal	that	even	when	two	factors	are	highly	correlated,
some	items	have	substantial	loadings	on	both.	In	that	case,	it	might	make	good
sense	to	extract	one	fewer	factor	to	see	if	the	two	that	were	highly	correlated
factors	merge	into	one.	It	might	very	well	be,	for	example,	that	real-world	data
would	support	a	single	factor	combining	items	about	conscientiousness	and
dependability	rather	than	separating	them.

Bifactor	and	Hierarchical	Factor	Models
Virtually	all	of	the	scale	development	approaches	discussed	in	this	book	assume
that	the	items	making	up	a	scale	are	unidimensional.	Factor	analysis	is	the	tool
of	choice	for	identifying	which	potential	candidate	items	will	fit	this	assumption.
Though	the	entire	set	of	items	in	which	a	researcher	is	interested	may	be
multidimensional,	if	he	or	she	can	identify	subsets	that	are	unidimensional,	then
each	of	those	subsets	can	be	treated	as	a	separate	scale	and	the	work	of
developing	a	measurement	instrument	(or	perhaps	more	accurately,	a	set	of



related	measurement	instruments)	can	continue.

Prior	to	this	point,	our	discussion	of	factor	analysis	has	been	about	the	most
common	multidimensional	factor	analytic	model,	that	is,	a	model	based	on
simple	structure.	Recall	that	I	described	simple	structure	as	existing	when	items
each	have	a	strong	loading	on	one	factor	(which	I	referred	to	as	its	primary
factor)	and	weak	loadings	on	all	other	(i.e.,	secondary)	factors.	Restated	from	the
perspective	of	the	factors	rather	than	the	items,	in	simple	structure,	each	factor	is
a	strong	determinant	of	some	of	the	items	(i.e.,	those	that	we	consider	as	making
up	that	factor)	and	a	negligible	determinant	of	the	remaining	items.	We	are	about
to	look	at	alternatives	to	simple-structure	models,	and	some	clarification	is	in
order	first.	The	two	models	described	in	the	following	sections	are,	once	again,
multidimensional	(i.e.,	multifactorial)	models,	but	the	relationships	between
items	and	factors	do	not	conform	to	simple	structure	as	previous	models	have.
Compared	to	simple-structure	approaches,	these	models	represent	a	different
way	of	thinking	about	factors	in	relation	to	items.	As	we	shall	see,	for	these
models,	items	are	influenced	by	what	we	might	call	a	global	factor	and	a	local
factor.	We	will	eventually	refine	these	terms	to	suit	each	of	the	models	we
discuss,	but	these	general	terms	will	serve	our	purpose	for	the	time	being	and
will	allow	us	to	differentiate	these	models	as	a	pair	from	those	we	have
considered	earlier.

Why	do	we	need	factor	analytic	models	other	than	those	based	on	simple
structure?	Some	item	sets	simply	do	not	conform	to	simple	structure.	They	may
manifest	a	large	first	(global)	factor	but	also	show	evidence	of	sets	of	items	that
tap	into	coherent,	homogeneous	subcomponents	(local	factors).	That	is,	items
seem	to	have	dual	membership,	in	a	first	factor	they	all	share	and	also	in
additional	factors	that	subsets	of	the	items	share.	The	question	arises	as	to
whether	these	items	are	in	any	way	unidimensional	or	inescapably
multidimensional.	In	a	strict	sense,	they	cannot	be	described	as	unidimensional
based	on	the	evidence	that	a	simple-structure	factor	model	will	produce.	Yet	if
somehow	we	could	put	that	first,	global	factor	aside,	their	relationships	to	the
local	factors	might	look	very	much	like	latent	variables	defined	by	subsets	of
items	that	appear	to	have	simple	structure	and	are	thus	unidimensional	within
subsets.	But	how	can	we	get	past	the	dual-identity	issue	and	get	at	that	kernel	of
simple	structure?	The	models	I	describe	here	may	provide	a	means.	Reise,
Moore,	and	Haviland	(2010)	provide	an	excellent	summary	of	these	models,	and
I	have	drawn	from	their	insights	extensively	in	what	follows.



We	will	consider	two	types	of	non-simple-structure	models.	A	bifactor	model
specifies	a	general	factor	(the	name	for	a	global	factor	in	the	context	of	bifactor
models)	that	contributes	variance	to	all	items	and	a	set	of	uncorrelated,	specific
factors	(the	term	for	local	factors	within	a	bifactor	model)	that	contribute
variance	to	subsets	of	items	(see	Figure	6.14).	Thus,	in	the	example	depicted,
each	item	receives	variance	from	the	general	factor	plus	only	one	specific	factor.
With	the	bifactor	model,	we	have	a	configuration	of	variables	that	resembles
unidimensionality	at	the	level	of	the	specific	traits	despite	the	presence	of	a
general	trait.	Were	a	conventional	simple-structure	factor	analytic	approach
taken	to	data	that	fit	a	bifactor	model,	items	would	tend	to	cross-load	on	a	first
factor	(capturing	primarily	the	same	latent	variable	that	the	general	factor	does	in
the	bifactor	model)	and	one	or	more	specific	traits.	In	this	approach,	accounting
for	the	general	factor	essentially	sets	aside	the	variance	shared	by	all	of	the
items.	What	remains	are	more	limited	sources	of	variance	(the	specific	factors).
Items	within	each	of	those	factors	may	demonstrate	essential	unidimensionality.
That	is,	each	item	may	load	strongly	on	only	one	specific	factor,	and	each	of	the
specific	factors	may	contain	items	that	can	easily	be	interpreted	as	representing
distinct,	coherent	constructs.

Figure	6.14	Bifactor	model



Obviously,	the	bifactor	model	is	suited	to	sets	of	items	that	have	both	a	global
(i.e.,	general)	and	local	(i.e.,	specific)	latent	variable	exerting	influence	over
them.	This	is	also	true	of	another	factor	analytic	approach	that	may	seem	similar
at	first	blush,	a	hierarchical	model.	In	a	hierarchical	model	(see	Figure	6.15),	a
set	of	more	local	first-order	factors	fall	under	a	global,	or	higher-order,	factor
that	determines	the	latent	variables	represented	by	the	first-order	factors.
Although	the	discussion	that	follows	assumes	a	model	with	only	two	tiers	(i.e.,
multiple	first-order	factors	and	a	single	higher-order	factor),	in	theory	the
hierarchy	could	be	extended	with	second-order	factors	as	causes	of	first-order
factors,	third-order	as	causes	of	second-order,	and	so	forth.



Figure	6.15	Hierarchical	model

Although	the	hierarchical	and	bifactor	models	may	seem	similar,	in	that	both
involve	global	and	local	factors,	there	is	an	important	conceptual	difference.
They	imply	different	causalities.	In	the	bifactor	model,	each	item	value	is
determined	directly	by	both	a	specific	factor	and	the	general	factor.	In	the
hierarchical	model,	the	more	general	higher-order	factor	is	a	cause	of	the	first-
order	factors,	which	in	turn	determine	the	item	values.	The	higher-order	factor
has	no	direct	causal	influence	on	the	item	values,	but	rather	all	such	influence	is
mediated	by	the	first-order	factors	(Reise	et	al.,	2010).	Thus,	whereas	individual
items	are	the	indicators	for	the	general	factor	in	the	bifactor	model,	in	the
hierarchical	model	the	first-order	factors	are	the	(latent)	indicators	of	the	higher-
order	factor.	For	a	hierarchical	model	of	the	sort	depicted	in	Figure	6.15,	the
analysis	leading	to	the	higher-order	factor	would	involve	two	conceptual	steps:



first	obtaining	appropriate	scores	factor-analytically	for	the	first-order	factors
(e.g.,	for	each	first-order	factor,	the	average	value	of	the	scores	that	load	on	it)
and	then	factor	analyzing	those	first-order	factor	scores	to	obtain	their	loadings
on	the	higher-order	factor.

A	couple	of	simplified	examples,	one	for	each	of	these	new	factor	analytic
models,	may	make	them	clearer.	We	can	consider	what	might	be	an	appropriate
factor	analytic	model	first	for	a	set	of	athletic	abilities	and	then	for	sociopolitical
views.

A	person	may	have	general	athletic	skills	such	as	strength	and	agility.	In
addition,	that	person	may	have	specific,	practice-based	skills	relevant	to
individual	sports	activities.	These	might	include	the	ability	to	throw	a	fastball
across	home	plate,	to	kick	a	football	through	the	uprights,	or	to	sink	a	basketball
from	midcourt.	Those	latter	skills	are	partially	determined	by	general	athletic
ability	but	are	also	determined	to	a	considerable	degree	by	practicing	the	specific
skill.	Thus,	not	everyone	with	good	strength	and	agility	could	necessarily	throw
97	mile	per	hour	fastballs	that	were	consistently	just	inside	the	corner	of	the
strike	zone.	So,	if	we	had	some	measure	of	a	wide	set	of	specific	skills	such	as	a
person’s	ability	to	throw	fastball	strikes,	it	might	be	best	to	model	the	indicators
corresponding	to	that	skill	set	using	a	bifactor	model.	Such	a	model	would
represent	each	skill	as	influenced	by	a	general	athletic	ability	factor	and	a	skill-
specific	practice	factor.	Thus,	values	for	the	indicator	for	throwing	fastball
strikes	would	be	influenced	jointly	by	“general	athletic	ability”	and	“pitching
practice.”	Note	that	the	cause	of	“pitching	practice,”	the	specific	factor	in	this
example,	is	not	the	general	factor,	“athletic	ability.”	Rather,	both	of	these	factors
directly	contribute	to	proficiency	at	throwing	fastball	pitches.	Figure	6.16
illustrates	this.	Items	A,	B,	and	C	are	directly	caused	by	both	pitching	practice
and	athletic	ability.	Moreover,	after	accounting	for	general	athletic	ability,	the
items	representing	pitching	practice	are	essentially	unidimensional	and	thus
potentially	suitable	for	combining	into	a	scale.	In	essence,	the	pitching	items	are
a	unidimensional	set	nested	within	the	broader	model.

Figure	6.16	Bifactor	model	of	athletic	abilities



In	other	situations	a	hierarchical	model	would	fit	our	data	better	than	a	bifactor
model.	Let	us	now	assume	that	the	measurement	problem	we	are	facing	is	to
identify	a	suitable	factor	model	for	a	set	of	indicators	of	sociopolitical	views.
Items	might	ask	respondents	to	indicate	how	they	feel	about	government
spending	policies,	such	as	financial	support	for	poverty	programs	or	small
businesses,	and	how	they	view	personal-choice	social	issues	such	as	gay
marriage	or	gun	ownership.	The	broad	spending	policy	and	social	issues
categories	each	might	have	several	items	representing	specific	instances	of	those
variables.	An	initial	factor	analysis	of	these	various	items	might	reveal	two
(first-order)	factors	whose	content	suggests	that	one	is	tapping	views	on	the
spending	policies	and	the	other	is	tapping	beliefs	about	personal	choices.



Moreover,	although	the	results	might	indicate	that	these	factors	are	clearly
distinct,	they	may	correlate	with	one	another.	The	researcher	may	conclude	that,
in	addition	to	the	two	specific	primary	factors,	there	is	a	higher-order	causal
factor	such	as	“liberalism/conservatism”	that	is	determining	respondents’	views
on	both	spending	policies	and	social	issues.	Thus,	liberalism/conservativism	is	a
determinant	of	views	regarding	both	spending	policies	and	social	issues,	and
those	two	coherent	views	are	the	immediate	determinants	of	responses	to	the
individual	items.	Note	that	liberalism/conservatism	is	not	a	direct	cause	of
responses	to	the	items.	For	example,	some	individuals	who	identify	as
conservative	or	liberal	more	generally	may	hold	views	on	the	specific	issues
under	consideration	that	run	counter	to	the	views	of	most	liberals	or
conservatives.	(A	concrete	example	of	this	is	members	of	the	notably
conservative	Reagan	administration	who,	after	the	attempted	assassination	of	the
president,	did	not	share	the	views	of	most	conservatives	regarding	gun	control.)
When	such	is	the	case,	the	more	distal,	secondary	factor	will	not	have	a
substantial	causal	influence	on	responses	to	all	of	the	individual	items.	That	is,
the	causal	impact	of	the	secondary	factor	on	the	item	responses	is	mediated	by
the	primary	factor	rather	than	being	direct.	The	conceptual	ordering	of	these
variables,	with	causality	flowing	from	second-order	factor,	to	first-order	factor,
to	items,	fits	a	hierarchical	factor	analytic	model	(see	Figure	6.17).

Figure	6.17	Hierarchical	model	of	sociopolitical	views



The	primary	purpose	of	either	a	bifactor	or	hierarchical	approach	to	factor
analysis	is	to	unravel	the	inherent	multidimensionality	some	data	possess	and	to
identify	clusters	of	items	that	are	essentially	unidimensional.	The	bifactor	model
is	especially	useful	in	this	regard	for	the	many	types	of	variables	whose
indicators	tap	both	a	more	general	and	multiple	more	specific	constructs.	The
bifactor	approach	essentially	allows	the	investigator	to	set	aside	the	general
factor	and	then	examine	the	extent	to	which	doing	so	produces	unidimensional
item	groupings.

This	solution,	however,	is	not	without	complications	and	limitations.	For
example,	the	observed	responses	to	items	will	still	contain	variance	from	both
the	common	and	the	specific	factors.	Thus,	simple	assessments	of	reliability	that



do	not	account	for	the	bifactor	structure	will	likely	overestimate	reliability.	In
fact,	as	Reise	et	al.	(2010)	point	out,	more	of	the	apparent	reliability	may	arise
from	the	common	than	the	specific	factor,	even	for	the	items	making	up	a
specific	factor.	Thus,	reliability	estimates	must	be	chosen	that	accurately	reflect
the	bifactor	structure	of	the	data.

Also,	as	Reise	et	al.	(2010)	note,	conventional	factor	analysis	statistical	packages
intended	for	simple	structure	models	do	a	poor	job	of	identifying	the	presence	of
a	general	factor	accompanied	by	more	specific	factors.	Thus,	researchers	should
use	software	expressly	intended	for	bifactor	analysis	(e.g.,	the	Psych	package
within	the	R	data	analytic	environment)	to	explore	data	fitting	that	model	(see
Reise	et	al.,	2010,	for	further	details	on	suitable	software	packages).	These
analyses	can	be	fairly	complex	and	benefit	from	the	researcher’s	experience	and
judgment.	Many	researchers	who	do	not	specialize	in	psychometrics	wisely	may
choose	not	to	attempt	running	bifactor	analyses	without	expert	guidance.
Nonetheless,	it	is	useful	for	all	researchers	engaged	in	measurement	to	be	aware
of	these	extensions	of	factor	analysis—particularly	the	bifactor	model—because
they	may	provide	useful	alternatives	to	simple-structure	models	for	achieving
essential	unidimensionality.

Interpreting	Factors
In	the	example	involving	“Conscientiousness”	and	“Dependability”	items,	we
have	assumed	that	we	knew	a	priori	exactly	what	the	latent	variables	were.
Often,	this	is	not	the	case,	and	then	we	will	rely	on	the	factor	analysis	to	give	us
clues	regarding	the	nature	of	those	latent	variables.	This	is	done	by	examining
the	items	that	most	strongly	exemplify	each	factor	(i.e.,	that	have	the	largest
loadings	on	a	particular	factor).	The	items	with	the	highest	loadings	are	the	ones
that	are	most	similar	to	the	latent	variable	(and,	thus,	correlate	most	strongly).
Therefore,	they	can	provide	a	window	into	the	nature	of	the	factor	in	question.
This	is	most	easily	done	when	there	are	several	items	that	clearly	tap	one
common	variable	with	quite	substantial	loadings	(e.g.,	greater	
than	.65)	on	the	same	factor.	Returning	to	the	example	of	characteristics
considered	important	in	a	coworker,	if	“smart,”	“has	a	mind	like	a	steel	trap,”	“is
well	educated,”	and	perhaps	one	or	two	other	items	related	to	intellectual
capacity	all	loaded	substantially	on	the	same	factor,	with	no	other	items	having
large	loadings	on	that	factor,	it	would	be	fairly	easy	to	conclude	that	“Importance
Ascribed	to	Intellect”	or	some	equivalent	description	was	an	apt	label	for	that



factor.

Although	choosing	a	label	for	a	factor	may	seem	straightforward	in	some	cases,
assigning	a	name	is	not	the	same	as	establishing	validity.	Whether	the	item	set
continues	to	perform	as	the	assigned	name	implies	will	ultimately	determine
validity.	When	factors	explain	relatively	little	variance	and	have	multiple,
seemingly	disparate	items	that	load	comparably	on	them,	the	factor	analyst
should	be	especially	cautious	in	interpretation.	If	the	analysis	yielded	one	factor
with	items	that	seem	dissimilar,	it	probably	is	best	not	to	take	the	factor	too
seriously	as	an	indicator	of	a	latent	variable.

Another	point	worth	remembering	at	the	interpretation	stage	is	that	a	factor
analysis	can	find	the	structure	accounting	for	associations	only	among	the	items
analyzed—it	will	not	necessarily	reveal	the	nature	of	phenomena	per	se.	A
researcher	attempting	to	determine	the	fundamental	dimensions	of	personality,
for	example,	could	not	obtain	an	“Extroversion”	factor	if	no	items	pertaining	to
extroversion	were	included.

Sometimes,	inclusion	of	a	specific	phrase	can	create	a	false	appearance	of	a
conceptually	meaningful	factor.	When	some	statements	are	worded	in	the	first
person	and	others	are	not,	for	example,	that	may	account	for	the	pattern	of
associations	observed.	As	an	illustration,	consider	the	following	hypothetical
items:

1.	 I	like	apples.
2.	 Oranges	taste	good.
3.	 I	prefer	apples	to	some	other	fruits.
4.	 There	are	many	people	who	like	oranges.
5.	 I	enjoy	an	apple	every	now	and	then.
6.	 Oranges	generally	have	a	pleasant	fragrance.
7.	 I	find	the	crispness	of	apples	appealing.
8.	 A	fresh	orange	can	be	a	tasty	treat.

Were	the	odd	items	to	load	on	one	factor	and	the	even	items	on	a	second	factor,
we	would	not	know	if	the	“I”	wording	of	the	odd	items	was	the	cause	of	the	two
factors	or	if	people	were	expressing	differential	attitudes	toward	the	two	types	of
fruit	mentioned.	Both	explanations	are	plausible	but	confounded.	This	is	a	case
where	we	may	or	may	not	be	comparing	apples	to	oranges.



Principal	Components	Versus	Common	Factors
There	are	two	broad	classes	of	data	analytic	techniques	that	some	authors	regard
as	fundamentally	the	same	but	others	view	as	fundamentally	different.	These	are
factor	analysis	and	principal	components	analysis.	The	term	factor	analysis	is
sometimes	used	to	embrace	both	techniques	and	at	other	times	to	describe	one	as
opposed	to	the	other.	The	terms	common	factors	and	components	are	often	used
as	a	less	ambiguous	way	of	referring	specifically	to	the	composites	arising	from
factor	analysis	and	principal	components	analysis,	respectively.	There	is	a	basis
for	asserting	both	the	similarity	and	the	dissimilarity	of	these	methods.

Principal	components	analysis	yields	one	or	more	composite	variables	that
capture	much	of	the	information	originally	contained	in	a	larger	set	of	items.	The
components,	moreover,	are	defined	as	weighted	sums	of	the	original	items.	That
is,	principal	components	are	linear	transformations	of	the	original	variables.
They	are	grounded	in	actual	data	and	are	derived	from	the	actual	items.	They	are
merely	a	reorganization	of	the	information	in	the	actual	items.

Common	factor	analysis	also	yields	one	or	more	composite	variables	that
capture	much	of	the	information	originally	contained	in	a	larger	set	of	items.
However,	these	composites	represent	hypothetical	variables.	Because	they	are
hypothetical,	all	we	can	obtain	are	estimates	of	these	variables.	A	common	factor
is	an	idealized,	imaginary	construct	that	presumably	causes	the	items	to	be
answered	as	they	are;	the	nature	of	the	construct	is	inferred	by	examining	how	it
affects	certain	items.

Same	or	Different?
The	above	descriptions	highlight	some	differences	between	components	and
factors.	One	of	those	differences	is	that	factors	represent	idealized,	hypothetical
variables	we	estimate	whereas	components	are	alternative	forms	of	the	original
items	with	their	information	combined.	The	idea	behind	extracting	common
factors	is	that	we	can	remove	variance	from	each	item	that	is	not	shared	with	any
of	the	other	items.	From	the	perspective	of	factor	analysis,	as	was	the	case	with
reliability,	unshared	variation	is	essentially	error.	Thus,	the	combinations	we
arrive	at	in	extracting	common	factors	are	estimates	of	hypothetical,	error-free,
underlying	variables.	It	is	in	this	sense	that	common	factors	are	idealized—they
are	estimates	of	what	an	error-free	variable	determining	a	set	of	items	might	look



like.	Furthermore,	factors	determine	how	items	are	answered,	whereas
components	are	defined	by	how	items	are	answered.	Thus,	in	principal
components	analysis,	the	components	are	end	products	of	the	items,	and	the
actual	scores	obtained	on	items	determine	the	nature	of	the	components.	In
common	factor	analysis,	however,	we	invoke	the	concept	of	an	idealized
hypothetical	variable	that	is	the	cause	of	the	item	scores.	A	factor	is	an	estimate
of	that	hypothetical	variable	and	represents	a	cause,	not	an	effect,	of	item	scores.

What	about	the	similarities?	There	are	several.

First,	the	computational	difference	between	the	two	is	minor.	Remember,	in
common	factor	analysis,	the	goal	is	to	estimate	an	idealized,	error-free	variable.
But	we	must	generate	this	estimate	from	the	actual	data.	As	we	have	noted,
factor	analytic	methods	generally	are	based	on	a	correlation	matrix	representing
all	the	associations	among	the	items	to	be	factored.	Back	in	Chapter	3,	I	pointed
out	that	all	the	off-diagonal	values	in	a	covariance	or	correlation	matrix	represent
only	shared,	or	communal,	variance.	As	I	pointed	out	then,	a	correlation	matrix
is	simply	a	standardized	version	of	a	variance-covariance	matrix.	The
correlations	themselves	are	standardized	covariances,	and	the	unities	are
standardized	item	variances.	Each	standardized	item	variance	represents	all	the
variability,	both	shared	and	unique,	that	an	item	manifests.	To	create	an
idealized,	error-free	variable,	the	unique	portion	of	variance	contained	in	the
item	variances	along	the	main	diagonal	of	the	correlation	matrix	must	be	purged.
More	specifically,	each	unity	must	be	replaced	by	a	communality	estimate,	a
value	less	than	1.0	that	approximates	only	a	given	variable’s	shared	variation
with	other	variables	included	in	the	factor	analysis.	For	example,	if	we	estimated
that	a	particular	variable	shared	45%	of	its	total	variation	with	other	items	in	the
correlation	matrix,	we	would	assign	it	a	communality	estimate	of	.45	and	place
that	value	in	the	matrix,	replacing	the	1.0	that	represented	the	item’s	total
variance.	We	would	do	this	for	every	variable,	replacing	each	unity	with	a
communality	estimate.	(Often,	communality	estimates	are	obtained	by	regressing
the	variable	in	question	on	all	the	remaining	variables	so	as	to	obtain	the	squared
multiple	correlation,	R2,	which	serves	as	the	estimate.)	This	purging	process
creates	an	altered	correlation	matrix	that	is	used	for	extracting	common	factors
rather	than	components,	as	shown	in	Table	6.1.



Note:	The	correlation	matrix	at	the	top,	which	is	used	for	principal	components	analysis,	retains
unities	in	the	main	diagonal.	The	correlation	matrix	at	the	bottom,	which	is	used	for	common	factor
analysis,	has	communality	estimates,	rather	than	unities,	along	the	main	diagonal.

Substituting	communality	estimates	for	unities	is	the	only	computational
difference	separating	the	extraction	of	common	factors	from	the	extraction	of
principal	components.

What	about	the	cause	versus	effect	issue?	We	obtain	both	factors	and
components	by	analyzing	scores	on	observed	items.	As	the	explanation	of
communality	estimates	demonstrates,	empirical	relationships	among	the	items
ultimately	are	the	foundation	for	common	factors.	This,	of	course,	is	also	true	for
components.	So,	computationally,	both	are	grounded	in	empirical	data.
Furthermore,	most	data	analysts	conceptualize	both	components	and	common
factors	as	ways	of	understanding	the	variables	underlying	a	set	of	items.	That	is,
both	components	and	factors	are	customarily	thought	of	as	revealing	the	cause
for	observed	scores	on	a	set	of	items.	Components	analysis	and	factor	analysis,
in	fact,	are	often	used	interchangeably;	under	most	circumstances	in	which	items
have	something	meaningful	in	common,	the	different	methods	support	the	same
conclusions.	In	many	factor	analytic	routines	(such	as	PROC	FACTOR	in	the
SAS	statistical	package),	principal	components	analysis	is	the	default.	That	is,
unities	are	retained	in	the	correlation	matrix	unless	communalities	are	specified.



So,	while	there	are	both	technical	similarities	and	differences	between	the	two,
the	distinctions	between	them	are	often	overlooked	with	few	if	any	adverse
consequences.

One	important	difference,	however,	is	the	nature	of	the	variance	explained	by
components	versus	factors.	The	former	account	for	a	specified	portion	of	the
total	variance	among	the	original	variables,	whereas	the	latter	account	for	the
shared	or	common	variance.	Reducing	the	diagonal	values	of	the	correlation
matrix,	as	one	does	when	extracting	common	factors,	reduces	both	the
numerator	and	the	denominator	of	the	ratio	expressing	proportion	of	variance.
But	it	reduces	the	denominator	to	a	greater	degree	because	of	the	specific
calculations	involved	in	computing	the	relevant	variances.	As	a	result,	the
proportion	of	variance	explained	by	a	set	of	comparable	components	and	factors
will	not	be	equal	or	conceptually	equivalent.	Factors	will	explain	a	larger
proportion	of	a	more	restricted	variance	(i.e.,	shared	variance),	while
components	will	explain	a	smaller	proportion	of	total	variance.	When	discussing
factor	analytic	results	and	reporting	the	proportion	of	variance	explained	by	the
factors,	it	is	critical	to	be	clear	about	what	type	of	analysis	(components	or
common	factors)	and,	thus,	what	type	of	variance	(shared	or	total)	is	being
explained.

Another	difference	worth	noting	is	that,	in	some	statistical	packages,	some	of	the
output	obtained	from	the	extraction	of	common	factors	will	appear	nonsensical.
In	both	types	of	analysis,	the	cumulative	amount	of	variance	explained	will
mount	as	each	successive	factor/component	is	extracted.	With	common	factors,
this	proportion	often	exceeds	1.0	at	some	point,	continues	to	rise	as	successive
factors	are	considered,	and	then,	as	if	by	magic,	returns	to	a	value	of	precisely
1.0	as	the	kth	(i.e.,	last	possible)	factor	is	extracted.	Although	this	looks	strange,
it	is	simply	an	artifact	of	the	computation	method	and	can	be	ignored.	If	the	data
analyst	has	used	reasonable	criteria	for	deciding	how	many	factors	to	extract,	the
number	chosen	will	typically	precede	the	point	in	the	extraction	sequence	where
this	anomaly	arises.	It	is	possible,	however,	for	the	selected	number	of	factors	to
explain	virtually	all	(i.e.,	100%)	the	shared	variance	among	the	original	items.

Confirmatory	Factor	Analysis
Another	bifurcation	of	factor	analytic	methods	differentiates	between
exploratory	and	confirmatory	techniques.	These	terms	originally	referred	to	the



intent	of	the	data	analyst	rather	than	the	computational	method.	Thus,	the	same
analysis	might	be	used	on	the	same	set	of	items	either	to	determine	what	their
underlying	structure	is	(exploratory)	or	to	confirm	a	particular	pattern	of
relationships	predicted	on	the	basis	of	theory	or	previous	analytic	results
(confirmatory).	With	increasing	frequency,	these	terms	are	now	used	to
differentiate	between	different	types	of	analytic	tools	rather	than	different
research	objectives.	When	people	use	the	term	confirmatory	factor	analysis,	they
are	often	talking	about	methods	based	on	structural	equation	modeling	(SEM).
Although	these	methods	should	be	used	in	a	confirmatory	rather	than
exploratory	fashion,	standard	factor	analytic	techniques	can	be	used	for	either.
Thus,	“confirmatory”	does	not	necessarily	equate	to	SEM-based.

The	SEM-based	methods,	however,	offer	some	real	benefits	over	traditional
factor	analytic	methods	in	certain	situations.	These	benefits	arise	because	the
SEM	models	are	extremely	flexible.	Conditions	that	are	assumed	by	traditional
factoring	methods,	such	as	independence	of	the	item	error	terms	from	one
another,	can	be	selectively	altered	in	SEM-based	approaches.	Also,	traditional
methods	for	the	most	part	constrain	the	data	analyst	either	to	allowing	factors	to
correlate	with	one	another	or	requiring	that	all	be	independent	of	one	another.
SEM-based	approaches	can	mix	correlated	and	uncorrelated	factors	if	theory
indicates	such	a	model	applies.

SEM-based	approaches	also	can	provide	a	statistical	criterion	for	evaluating	how
well	the	real	data	fit	the	specified	model.	Used	judiciously,	this	can	be	an	asset.
Sometimes,	however,	it	can	lead	to	over-factoring.	Extracting	more	factors	often
improves	a	model’s	fit.	Applying	a	strictly	statistical	criterion	may	obscure	the
fact	that	some	statistically	significant	factors	may	account	for	uninterestingly
small	proportions	of	variance.	Especially	in	the	early	stages	of	instrument
development,	this	may	be	contrary	to	the	goals	of	the	investigator	who	is
concerned	with	finding	the	smallest	number	of	most	information-laden	factors
rather	than	accounting	for	the	maximum	amount	of	variance	possible.

Another	double-edged	sword	in	SEM-based	approaches	is	the	common	practice
of	testing	alternative	models	and	comparing	how	they	fit	the	data.	Again,	used
prudently,	this	can	be	a	valuable	tool.	Conversely,	used	carelessly,	it	can	result	in
model	specifications	that	may	make	little	theoretical	sense	but	result	in
statistically	better	model	fit.	As	an	example,	removing	the	constraint	that	item
errors	be	uncorrelated	with	one	another	might	yield	quite	small	values	for	the
correlations,	but	the	model	might	still	statistically	outperform	a	constrained



model.	One	researcher	may	decide	to	ignore	the	small	correlations	in	favor	of	a
simpler	model,	while	another	is	persuaded	by	a	statistical	criterion	to	reject	the
more	parsimonious	alternative.	As	another	example,	a	model	that	separates	two
distinct	but	highly	correlated	factors	(perhaps	like	“Conscientiousness”	and
“Dependability”)	might	fit	better	than	one	that	combines	the	two.	If	the
correlation	between	them	is	very	high,	the	decision	to	keep	them	separate	may
seem	arbitrary.	For	example,	a	correlation	of,	say,	.85	between	two	indicators	of
the	same	construct	would	usually	be	considered	good	evidence	of	their
equivalence.	But	a	model	that	specified	separate	factors	that	correlated	with	each
other	at	.85	might	fit	the	data	better	than	a	model	that	combined	the	two	into	a
single	factor.

These	comments	are	not	intended	to	suggest	that	SEM-based	approaches	to
confirmatory	factor	analysis	are	bad.	The	advent	of	these	methods	has	made
enormous	contributions	to	understanding	a	variety	of	measurement	issues.	I	am
suggesting,	however,	that	the	inherent	flexibility	of	these	approaches	creates
more	opportunities	for	making	poor	decisions,	particularly	when	the	data	analyst
is	not	familiar	with	these	methods.	With	the	possible	exception	of	principal
components	analysis	(in	which	factors	are	linear	combinations	of	the	items),	no
factoring	method	produces	a	uniquely	correct	solution.	These	methods	merely
produce	plausible	solutions,	of	which	there	may	be	many.	There	is	no	guarantee
that	a	more	complex	model	that	statistically	outperforms	a	simpler	alternative	is
a	more	accurate	reflection	of	reality.	It	may	or	it	may	not	be.	With	all	factor
analytic	approaches,	common	sense	is	needed	to	make	the	best	decisions.	The
analyses	are	merely	guides	to	the	decision-making	process	and	evidence	in
support	of	those	decisions.	They	should	not,	in	my	judgment,	entirely	replace
investigator	decision	making.	Also,	it	is	important	that	the	basis	for	decisions,
statistical	or	otherwise,	be	described	accurately	in	published	reports	of
confirmatory	factor	analysis.

One	last	note	on	this	subject:	Researchers	in	some	areas	of	inquiry	(e.g.,
personality	research)	consider	obtaining	consistent	results	from	traditional
factoring	methods	as	stronger	confirmatory	evidence	than	demonstrating	good
model	fit	according	to	a	statistical	criterion.	For	example,	Saucier	and	Goldberg
(1996)	state	that,	“because	exploratory	factor	analysis	provides	a	more	rigorous
replication	test	than	confirmatory	analysis,	the	former	technique	may	often	be
preferred	to	the	latter”	(p.	35).	The	reasoning	is	that	if	data	from	different
samples	of	individuals	on	different	occasions	produce	essentially	identical	factor
analytic	results	using	exploratory	approaches,	the	likelihood	of	those	results



being	a	recurring	quirk	is	quite	small.	Remember	that,	in	SEM-based	approaches
to	this	same	situation,	the	data	analyst	specifies	the	anticipated	relationships
among	variables	and	the	computer	program	determines	if	such	a	model	can	be
reconciled	with	the	empirical	data.	In	other	words,	the	computer	is	given	a	heavy
hint	as	to	how	things	should	turn	out.	In	contrast,	rediscovering	a	prior	factor
structure	without	recourse	to	such	hints,	as	may	happen	with	repeated
exploratory	analyses,	can	be	very	persuasive.

Using	Factor	Analysis	in	Scale	Development
The	following	example	should	make	some	of	the	concepts	discussed	in	this
chapter	more	concrete.	Some	colleagues	and	I	(DeVellis	et	al.,	1993)	developed
a	scale	assessing	parents’	beliefs	about	who	or	what	influences	their	children’s
health.	Although	the	full	scale	has	30	items	and	assesses	several	aspects	of	these
beliefs,	for	this	presentation,	I	will	discuss	only	12	of	the	items:

1.	 I	have	the	ability	to	influence	my	child’s	well-being.
2.	 Whether	my	child	avoids	injury	is	just	a	matter	of	luck.
3.	 Luck	plays	a	big	part	in	determining	how	healthy	my	child	is.
4.	 I	can	do	a	lot	to	prevent	my	child	from	getting	hurt.
5.	 I	can	do	a	lot	to	prevent	my	child	from	getting	sick.
6.	 Whether	my	child	avoids	sickness	is	just	a	matter	of	luck.
7.	 The	things	I	do	at	home	with	my	child	are	an	important	part	of	my	child’s

well-being.
8.	 My	child’s	safety	depends	on	me.
9.	 I	can	do	a	lot	to	help	my	child	stay	well.
10.	 My	child’s	good	health	is	largely	a	matter	of	good	fortune.
11.	 I	can	do	a	lot	to	help	my	child	be	strong	and	healthy.
12.	 Whether	my	child	stays	healthy	or	gets	sick	is	just	a	matter	of	fate.

These	were	administered	to	396	parents,	and	the	resultant	data	were	factor
analyzed.	The	first	objective	of	the	factor	analysis	was	to	determine	how	many
factors	there	were	underlying	the	items.	SAS	was	used	to	perform	the	factor
analysis,	and	a	scree	plot	was	requested.	A	scree	plot	similar	to	the	type	printed
by	SAS	appears	below	(see	Figure	6.18).	Note	that	12	factors	(i.e.,	as	many	as
the	number	of	items)	are	plotted;	however,	2	of	those	are	located	on	the	initial
portion	of	the	plot	and	the	remainder	form	the	scree	running	along	its	bottom.
This	strongly	suggests	that	2	factors	account	for	much	of	the	variation	among	the



items.

Figure	6.18	A	scree	plot	from	factor	analysis	of	selected	items

Having	determined	how	many	factors	to	retain,	we	reran	the	program	specifying
two	factors	and	Varimax	(orthogonal)	rotation.	Had	we	failed	to	approximate
simple	structure,	we	might	have	performed	an	oblique	rotation	to	improve	the	fit
between	items	and	factors.	However,	in	this	case,	the	simpler	orthogonal	rotation
yielded	meaningful	item	groupings	and	strong,	unambiguous	loadings.	This	is
evident	from	the	table	of	factor	loadings,	shown	in	Table	6.2.	Each	row	contains
the	loadings	of	a	given	item	on	the	two	factors.	An	option	available	in	SAS	has
reordered	the	items	in	the	table	so	that	those	with	high	loadings	on	each	factor
are	grouped	together.



In	this	table,	factor	loadings	greater	than	.50	have	been	underlined.	Each	factor	is
defined	by	the	items	that	load	most	heavily	on	it	(i.e.,	those	underlined).	By
referring	to	the	content	of	those	items,	one	can	discern	the	nature	of	the	latent
variable	that	each	factor	represents.	In	this	case,	all	the	items	loading	strongly	on
Factor	1	concern	the	parent	as	an	influence	over	whether	a	child	remains	safe
and	healthy.	Those	loading	primarily	on	Factor	2,	on	the	other	hand,	concern	the
influence	of	luck	or	fate	on	the	child’s	health.

These	two	homogeneous	item	sets	can	be	examined	further.	For	example,	alpha
could	be	computed	for	each	grouping.	Computing	alpha	on	these	item	groupings
using	SAS	yields	the	information	shown	in	Table	6.3.	Both	scales	have
acceptable	alpha	reliability	coefficients.	Note	that	the	SAS	CORR	procedure
calculates	alpha	for	unstandardized	and	standardized	items.	The	latter	calculation
is	equivalent	to	using	the	correlation-based	alpha	formula.	For	both	scales,	these
two	methods	of	computing	alpha	yield	quite	similar	values.	Note	also	that	for



neither	scale	would	alpha	increase	by	dropping	any	item.	Alphas	nearly	as	high
as	those	obtained	for	the	full	scales	result	from	dropping	one	item	(i.e.,	Item	H
from	Scale	1	and	Item	B	from	Scale	2).	However,	retaining	these	items	provides
a	bit	of	additional	insurance	that	the	reliability	will	not	drop	below	acceptable
levels	on	a	new	sample	and	does	not	increase	the	scales’	lengths	substantially.



All	the	caveats	applicable	to	scales	in	general	at	this	point	in	their	development
are	applicable	to	factor	analytically	derived	scales.	For	example,	it	is	very
important	to	replicate	the	scales’	reliability	using	an	independent	sample.	In	fact,
it	probably	would	be	useful	to	replicate	the	whole	factor	analytic	process	on	an
independent	sample	to	demonstrate	that	the	results	obtained	were	not	a	one-time
chance	occurrence.



Sample	Size
The	likelihood	of	a	factor	structure	replicating	is	at	least	partially	a	function	of
the	sample	size	used	in	the	original	analysis.	In	general,	the	factor	pattern	that
emerges	from	a	large-sample	factor	analysis	will	be	more	stable	than	that
emerging	from	a	smaller	sample.	Inevitably,	the	question	arises,	“How	large	is
large	enough?”	This	is	difficult	to	answer	(e.g.,	MacCallum,	Widaman,	Zhang,	&
Hong,	1999).	As	with	many	other	statistical	procedures,	both	the	relative	(i.e.,	to
the	number	of	variables	analyzed)	and	the	absolute	number	of	subjects	should	be
considered,	but	factors	such	as	item	communalities	also	play	a	role	(MacCallum
et	al.,	1999).	The	larger	the	number	of	items	to	be	factored	and	the	larger	the
number	of	factors	anticipated,	the	more	subjects	should	be	included	in	the
analysis.	It	is	tempting,	based	on	this	fact,	to	seek	a	standard	ratio	of	subjects	to
items.	However,	as	the	sample	gets	progressively	larger,	the	ratio	of	subjects	to
items	often	can	diminish.	For	a	20-item	factor	analysis,	100	subjects	would
probably	be	too	few,	but	for	a	90-item	factor	analysis,	400	might	be	adequate.
Tinsley	and	Tinsley	(1987)	suggest	a	ratio	of	about	5	to	10	subjects	per	item	up
to	about	300	subjects.	They	suggest	that	when	the	sample	is	as	large	as	300,	the
ratio	can	be	relaxed.	In	the	same	paper,	they	cite	another	set	of	guidelines,
attributed	to	Comrey	(1973),	that	classifies	a	sample	of	100	as	poor,	200	as	fair,
300	as	good,	500	as	very	good,	and	1,000	as	excellent.	Comrey	(1988)	stated
that	a	sample	size	of	200	is	adequate	in	most	cases	of	ordinary	factor	analysis
that	involve	no	more	than	40	items.	Although	the	relationship	of	sample	size	to
the	validity	of	factor	analytic	solutions	is	more	complex	than	these	rules	of
thumb	indicate,	they	will	probably	serve	investigators	well	in	most
circumstances.

It	is	certainly	not	uncommon	to	see	factor	analyses	used	in	scale	development
based	on	more	modest	samples	(e.g.,	150	subjects).	However,	the	point	is	well
taken	that	larger	samples	increase	the	generalizability	of	the	conclusions	reached
by	means	of	factor	analysis.	Of	course,	replicating	a	factor	analytic	solution	on	a
separate	sample	may	be	the	best	means	of	demonstrating	its	generalizability.

Conclusion
Factor	analysis	is	an	essential	tool	in	scale	development.	It	allows	the	data
analyst	to	determine	the	number	of	factors	underlying	a	set	of	items	so	that
procedures	such	as	computing	Cronbach’s	alpha	can	be	performed	correctly.	In
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addition,	it	can	provide	us	with	insights	into	the	nature	of	the	latent	variables
underlying	our	items.

Exercises
1.	 Explain	the	concept	of	simple	structure	and	how	it	relates	to	selecting	items

for	inclusion	in	a	scale.
2.	 Parallel	analysis	is	a	statistically	based	method	for	determining	how	many

factors	or	principal	components	to	retain.	Briefly	describe	how	this	method
determines	which	factors	or	components	to	retain.

3.	 Assume	that	a	set	of	variables	is	initially	analyzed	by	extracting	common
factors,	and	the	results	reveal	a	substantial	first	factor	and	several	smaller
factors.	Moreover,	each	of	the	items	loads	on	both	the	first	factor	and	one	of
the	lesser	factors.	The	investigator	would	like	to	construct	a	set	of	scales
from	these	items	but	is	troubled	by	the	pattern	of	loadings	that	this	initial
analysis	reveals.	What	alternative-factor	analytic	method	might	be	used	to
determine	whether	the	items	can	be	construed	as	belonging	to	a	set	of
relatively	unidimensional	groupings?



7	An	Overview	of	Item	Response	Theory

Item	response	theory	(IRT)	is	an	alternative	to	classical	measurement	theory,
also	called	classical	test	theory	(CTT).	IRT	has	received	increasing	attention	in
recent	years	and	is	often	presented	as	a	modern	and	superior	alternative	to	CTT
(e.g.,	De	Boeck	&	Wilson,	2004;	Embretson	&	Reise,	2010;	Nering	&	Ostini,
2010;	Reise	&	Revicki,	2015).	The	two	approaches	share	several	fundamental
characteristics.	For	example,	scale	unidimensionality	is	a	requirement	of	both
classical	and	IRT	approaches.	That	is,	items	must	share	one	and	only	one
underlying	variable	if	they	are	to	be	combined	into	a	scale.	Stated	differently,
under	both	approaches,	the	items	must	share	a	single	common	cause	and	thus	be
correlated	with	one	another.	If	a	set	of	items	is	multidimensional	(as	a	factor
analysis	might	reveal),	then	the	separate,	unidimensional	item	groupings	must	be
dealt	with	individually.	This	is	true	under	both	classical	and	IRT	approaches.	So,
for	example,	if	a	set	of	50	items	formed	five	separate	factors,	each	of	the	five
item	clusters	would	be	treated	separately,	potentially	yielding	five	scales.

Both	approaches	to	measurement	also	differentiate	between	item	variation	that
arises	from	the	actual	levels	of	the	latent	variable	and	variation	that	arises	from
error,	but	the	way	that	the	distinction	between	true	score	and	error	is	handled
differs	across	the	two	measurement	approaches.	The	basic	idea	underlying
classical	measurement	theory	is	that	an	observed	score	is	simply	the	result	of	the
respondent’s	true	score	plus	error.	That	error	is	not	differentiated	into
subcategories,	such	as	differences	across	time,	settings,	or	items.	Instead,	all
sources	of	error	are	collected	in	a	single	error	term.	IRT	methods	differentiate
error	more	finely,	particularly	with	respect	to	characteristics	of	individual	items
that	may	affect	their	performance.

A	goal	of	IRT	is	to	enable	a	researcher	to	establish	certain	characteristics	of
items	that	are	independent	of	who	is	completing	them.	This	is	analogous	to
physical	measurement	in	which	one	can	assess	an	attribute	of	an	object	(e.g.,
length	or	weight)	without	regard	to	the	specific	nature	of	the	object.	Twenty
pounds,	for	example,	means	the	same	thing	no	matter	what	is	being	weighed.
Thus,	a	conventional	bathroom	scale	yields	information	about	a	specific
characteristic	of	objects	(i.e.,	weight)	irrespective	of	the	nature	of	the	object
being	weighed.	IRT	aspires	to	do	the	same	thing	with	questionnaire	items.
Classical	methods	have	an	inherent	linkage	between	the	measurement	tool	and



the	people	being	measured	that	IRT	approaches,	at	least	in	theory,	do	not.	For
example,	a	scale’s	reliability	under	classical	measurement	theory	is	influenced
by	the	correlations	among	the	items	making	up	that	scale.	If	the	individuals
whose	data	form	the	basis	for	that	reliability	assessment	are	extremely	uniform
in	their	levels	of	the	attribute	the	scale	measures,	their	range	of	true	scores	will
be	small.	A	consequence	of	that	truncation	of	range	is	that	the	correlations
among	the	items	will	be	smaller	and,	hence,	the	scale	reliability	will	be	lower
relative	to	a	sample	in	which	people	vary	more	widely	with	respect	to	the
measured	attribute.	Consequently,	the	reliability	one	obtains	under	classical
measurement	theory	is	not	only	about	the	performance	of	the	measurement
instrument	but,	under	some	circumstances,	is	also	about	the	characteristics	of	the
sample	under	study.	IRT	methods	do	not	base	reliability	assessments	on	sample
data	in	the	same	way	that	classical	measurement	approaches	do.	Of	course,
ultimately,	for	both	approaches,	item	information	is	gathered	from	people.
Consequently,	whether	the	theoretical	advantage	that	IRT	has	over	classical
measurement	approaches	is	realized	depends	on	the	extent	to	which	items	under
IRT	are	evaluated	across	large,	heterogeneous	samples.

Describing	all	the	differences	between	classical	and	IRT	approaches	is	beyond
the	scope	of	this	chapter.	For	a	relatively	accessible	overview	of	IRT,	readers	are
referred	to	Hambleton,	Swaminathan,	and	Rogers	(1991).	Rather	than	attempting
an	exhaustive	comparison,	in	the	sections	that	follow,	I	will	focus	on	three	key
distinctions	between	classical	and	IRT-based	measurement	approaches:	(1)	the
emphasis	on	items	versus	the	scale	as	a	whole,	(2)	the	identification	of	items
with	specific	levels	of	the	attribute	being	measured,	and	(3)	the	visual
representation	of	item	and	scale	characteristics.

The	first	important	distinction	between	the	two	approaches	is	that	IRT	pays
considerable	attention	to	the	properties	of	individual	items	composing	a	scale.
Classical	approaches,	in	contrast,	tend	to	emphasize	characteristics	of	the	scale
as	a	whole.	As	an	example	of	this	difference,	consider	reliability.	When	we
discussed	Cronbach’s	coefficient	alpha	within	the	context	of	classical
measurement,	we	observed	that	alpha	can	be	enhanced	either	by	increasing	the
number	of	items	or	by	improving	the	average	inter-item	correlation.	Thus,	either
more	items	or	better	items	(in	the	sense	of	being	more	strongly	associated	with
the	latent	variable)	will	improve	reliability.	In	classical	measurement	theory,	a
scale’s	reliability	is	often	increased	by	redundancy—adding	more	items.
Typically,	reliability	is	enhanced	in	IRT	approaches	not	by	redundancy	but
(where	possible)	by	identifying	better	items.	That	is,	IRT	approaches	view



reliability	as	fundamentally	about	the	individual	items,	whereas	classical
approaches	tend	to	view	it	from	the	perspective	of	the	scale	as	a	whole.	While
classical	methods,	such	as	examining	item-total	correlations,	can	also	determine
how	each	individual	item	contributes	to	overall	scale	reliability,	this	process	is
less	ingrained	in	classical	than	in	IRT	approaches	to	scale	development	and
evaluation.

A	second	difference	between	the	two	measurement	approaches	is	that	IRT
explicitly	examines	what	level	of	the	attribute	being	measured	most	strongly
influences	an	item.	Different	items	may	be	“tuned”	to	different	levels	of	an
attribute	and,	thus,	may	be	sensitive	to	differences	over	different	portions	of	the
full	continuum	of	that	attribute.	For	example,	an	item	such	as	“I	sometimes	feel
sad”	probably	measures	a	lower	level	of	sadness	or	depression	than	an	item	such
as	“I	feel	that	life	is	not	worth	living.”	The	first	item	may	differentiate	someone
who	rarely	experiences	feelings	of	sadness	or	depression	from	others	who
experience	those	feelings	more	frequently.	It	may	not	do	a	good	job	of
differentiating	people	who	occasionally	are	sad	from	those	who	very	often	are
sad.	On	the	other	hand,	the	second	item	may	differentiate	only	people	at	the
upper	extreme	of	the	continuum.	People	along	a	substantial	portion	of	that
continuum	may	all	fail	to	endorse	this	item,	with	only	those	who	are
substantially	more	sad	or	depressed	answering	affirmatively.	IRT	approaches
would	identify	these	two	items	as	representing	different	points	on	a	continuum
of	depression.	By	determining	which	items	are	relevant	to	which	regions	of	the
continuum	for	the	variable	being	measured,	IRT	methods	can	help	the	test
developer	represent	the	full	range	of	the	continuum	for	the	attribute	being
measured	(depression	in	this	example)	with	appropriate	items.	That	is,	items	can
be	included	in	a	scale	that	represents	low,	moderate,	and	high	levels	of	the
attribute	more	readily	under	IRT	because	the	methods	explicitly	relate	the
individual	items	to	the	portion	of	the	attribute	continuum	for	which	they	are
relevant.	While	there	are	classical	measurement	methods	that	can	accomplish
similar	results	(such	as	examining	the	proportions	of	respondents	endorsing	each
item	and	the	total	scores	that	typify	endorsers	and	nonendorsers),	those	methods
are	not	a	customary	step	in	classical	measurement	methods.	In	contrast,
assessing	item	“difficulty”	is	an	integral	part	of	most	IRT	approaches.

How	strongly	an	item	relates	to	the	latent	variable	and	where	along	the
continuum	an	item	falls	both	have	an	impact	on	reliability.	Items	strongly
associated	with	the	latent	variable	will	also	be	strongly	associated	with	one
another,	thus	increasing	the	average	inter-item	correlation	and	scale	reliability.



Moreover,	by	developing	good	items	along	the	full	range	of	the	variable,	one	can
assure	that	the	resultant	scale	is	reliable	across	a	wide	range	of	the	attribute
being	measured	and	not	just	at	certain	portions	of	the	continuum.	Thus,	both	of
these	common,	item-oriented	aspects	of	IRT	can	enhance	the	reliability	of	a
scale.

A	third	contrasting	feature	of	IRT	relative	to	classical	measurement	methods	is
closely	related	to	the	first	two.	IRT	approaches	make	extensive	use	of	graphical
depictions	as	a	way	of	representing	the	properties	of	individual	items	and	scales
as	a	whole.	We	will	look	at	some	of	these	depictions	shortly,	but	first,	I	will
discuss	the	origins	of	some	of	the	terms	commonly	used	to	discuss	item
properties	under	IRT	and	closely	linked	to	the	graphical	depictions	IRT	employs.

Because	IRT	originated	in	the	context	of	ability	testing,	its	vocabulary	contains
terms	usually	associated	with	that	content	area.	Also,	because	items	on	ability
tests	are	usually	graded	as	“correct”	or	“incorrect”	(even	though	their	original
format	may	involve	more	than	two	response	options),	the	classic	applications
and	examples	of	IRT	involve	items	that	take	on	one	of	two	states	(e.g.,	“pass”	vs.
“fail”).	It	is	easiest	to	discuss	IRT	initially	for	items	of	this	type,	although	there
is	no	reason	why	the	methods	stemming	from	the	theory	should	not	be	extended
(as,	indeed,	they	have	been)	to	items	with	other	response	formats	(e.g.,	Likert
scales)	tapping	other	content	domains.	We	will	consider	items	of	this	latter	type
later	in	the	chapter.

IRT	is	really	a	family	of	models	rather	than	a	theory	specifying	a	single	set	of
procedures.	One	important	way	in	which	the	alternative	IRT	models	differ	is	in
the	number	of	item	parameters	with	which	they	are	concerned.	A	common
approach	in	recent	years	has	been	the	three-parameter	model,	which,	not
surprisingly,	concentrates	on	three	aspects	of	an	item’s	performance.	These	are
the	item’s	difficulty,	its	capacity	to	discriminate,	and	guessing—	or	more
generally,	its	susceptibility	to	false	positives.	An	early,	and	still	popular,	member
of	the	IRT	family	is	Rasch	modeling	(e.g.,	Rasch,	1960;	Wright,	1999),	which
quantifies	only	the	difficulty	parameter.

Item	Difficulty
Although	the	term	is	a	clear	carryover	from	ability	testing,	the	concepts	it
represents	are	more	widely	applicable.	Item	difficulty	refers	to	the	level	of	the



attribute	being	measured	that	is	associated	with	a	transition	from	“failing”	to
“passing”	that	item.	Most	of	us	have	seen	old	movies	depicting	carnivals	or
amusement	parks	featuring	a	certain	feat	of	strength.	The	“measurement	device”
is	a	vertical	track	along	which	a	weight	travels.	At	the	top	of	the	track	is	a	bell.
Initially,	the	weight	rests	at	the	bottom	of	the	track	on	the	end	of	a	plank	serving
as	a	kind	of	seesaw.	“Respondents”	strike	the	end	of	this	seesaw	opposite	the
weight	with	a	large	mallet,	thus	sending	the	weight	flying	upward	along	the
track.	Their	goal	is	to	propel	the	weight	with	enough	force	to	strike	the	bell.	For
our	purposes,	we	can	think	of	the	entire	apparatus	as	the	“item”	(see	Figure	7.1).

Figure	7.1	A	hypothetical	apparatus	for	testing	strength	in	which	striking	the	pad
with	the	hammer	with	sufficient	force	causes	the	bell	to	ring

The	difficulty	of	the	item	is	the	amount	of	strength	the	“respondent”	must
possess	(or,	more	accurately,	the	force	she	or	he	must	transmit)	in	order	to	“pass”
the	item	(i.e.,	ring	the	bell).	Clearly,	one	could	construct	different	items	with



different	degrees	of	difficulty	(e.g.,	more	difficult	“items”	with	longer	tracks	or
heavier	weights).	It	should	be	possible,	however,	to	calibrate	the	difficulty	of	a
particular	apparatus	that	is	independent	of	any	characteristic	of	the	person	who
happens	to	be	swinging	the	mallet	at	the	moment.

Because	this	“item”	is	a	physical	object,	it	would	be	fairly	easy	to	determine
with	reasonable	precision	how	much	force	was	needed	to	cause	the	bell	to	ring
(ignoring,	for	the	moment,	the	effect	of	striking	the	seesaw	in	slightly	different
locations	relative	to	the	fulcrum).	So,	the	carnival	operator	could	presumably
order	a	10-pound	apparatus	or	a	100-pound	apparatus	to	achieve	either	a	high	or
low	“passing	rate”	among	people	playing	the	game.	Each	might	be	specifically
suitable	for	different	groups	of	customers	(e.g.,	children	attending	a	school	fair
vs.	adults	attending	an	athletic	camp).

One	can	characterize	a	questionnaire	item	in	a	similar	way.	Consider,	for
example,	items	measuring	depression,	as	we	did	earlier.	One	could	construct	the
item	to	be	relatively	“easy”	(e.g.,	“I	sometimes	feel	sad”)	or	relatively	“difficult”
(e.g.,	“I	feel	that	life	is	not	worth	living”).	In	the	first	instance,	only	a	modest
amount	of	the	attribute	“depression”	would	be	needed	to	“pass”	(i.e.,	endorse)
the	item.	But	would	not	the	likelihood	of	the	person	having	had	that	feeling
depend	on	who	was	asked?	If,	for	example,	we	posed	the	question	to	people	who
were	clinically	depressed,	we	would	probably	find	a	larger	proportion	of	that
sample	endorsing	the	item	than	if	we	administered	it	to	the	general	population.
The	goal	of	determining	item	difficulty	is	to	establish	in	an	absolute	sense	how
much	of	the	attribute	is	required	to	pass	the	item.	If	this	can	be	done,	then	a
person’s	passing	the	item	has	a	constant	meaning	with	respect	to	level	of
depression,	irrespective	of	who	that	person	is	or	the	average	level	of	depression
in	the	sample	under	study.	In	other	words,	the	person	can	be	characterized	not
merely	in	reference	to	a	specific	sample	but	in	terms	of	a	metric	independent	of
any	specific	sample.

Item	Discrimination
The	second	parameter	IRT	addresses	is	the	degree	to	which	an	item
unambiguously	classifies	a	response	as	a	“pass”	or	“fail.”	Stated	differently,	the
less	the	ambiguity	about	whether	a	person	is	truly	a	pass	or	fail,	the	higher	the
discrimination	of	the	item	in	question.	Using	our	carnival	bell	analogy,	there
may	be	occasions	when	the	weight	barely	makes	contact	with	the	bell,	causing



observers	to	disagree	as	to	whether	the	bell	actually	rang.	Some	might	hear	a
faint	ring,	while	others	hear	nothing.	Within	the	range	of	force	that	propels	the
weight	so	that	it	touches	the	bell	but	does	not	produce	what	all	agree	is	a	clear
ringing	sound,	the	device	is	providing	ambiguous	information.	Looking	at	this
ambiguity	another	way,	the	same	force	applied	many	times	might	result	in
observers	determining	that	the	bell	rang	on	some	occasions	but	did	not	ring	on
others.	A	somewhat	greater	force	will	consistently	produce	an	unambiguous	ring,
while	a	somewhat	weaker	force	will	produce	an	equally	unambiguous	failure	to
ring.	But	there	is	a	small	range	of	force	in	which	the	device	is	ambiguous.	An
alternative	device	might	operate	differently	and	produce	less	ambiguous	results.
For	example,	the	weight	touching	the	bell	might	close	an	electrical	circuit	that
trips	a	relay,	causing	a	light	to	illuminate	and	remain	lit	until	it	is	reset.	If	well
engineered,	such	a	device	would	probably	yield	consistent	results	over	a	fairly
small	range	of	forces	and,	thus,	would	discriminate	better	than	the	standard
device.	Alternatively,	a	device	that	had	no	bell	at	all	but	instead	required	the
observers	to	raise	their	hands	if	the	weight	crossed	a	predetermined	line	marked
next	to	its	track	would	probably	produce	more	ambiguity	and,	thus,	would
discriminate	less	well.	So,	a	device	or	item	that	discriminates	well	has	a	narrow
portion	of	the	range	of	the	phenomenon	of	interest	in	which	the	results	are
ambiguous.	A	less	discriminating	device	or	item	has	a	larger	region	of
ambiguity.

Guessing,	or	False	Positives
The	third	parameter	in	IRT	is	guessing,	or	false	positives.	The	“guessing”
nomenclature	is,	once	again,	a	legacy	of	IRT’s	origins	in	ability	testing.	On	a
multiple-choice	test,	a	respondent	who	did	not	actually	know	the	correct	answer
could	pass	the	item	by	guessing	the	correct	response	option.	Such	a	guess	is	a
false	positive.	That	is,	it	yields	a	positive	indication	that	the	respondent
possesses	a	certain	level	of	ability	even	though	the	person	does	not	actually
know	the	correct	answer	to	the	item	in	question.	Thus,	regarding	the	parameter
as	reflecting	a	false	positive	rather	than	guessing	allows	us	to	generalize	more
easily	beyond	the	ability-testing	context.	Another	carnival	analogy	may	clarify
the	idea	of	a	false	positive.	You	may	have	seen	booths	in	which	a	person	sits
behind	a	protective	barrier	of	some	sort	above	a	tank	of	water	on	a	platform	that
is	connected	to	a	lever	extending	to	one	side	on	which	a	target	is	painted	(see
Figure	7.2).



Figure	7.2	A	hypothetical	apparatus	for	measuring	throwing	accuracy	in	which
striking	the	target	with	a	ball	causes	the	platform	to	collapse	and	the	person
sitting	on	it	to	fall	into	a	tank	of	water

Contestants	are	invited	to	throw	baseballs	at	the	target,	which,	if	hit,	causes	the
platform	to	collapse	and	the	person	to	fall	into	the	tank	of	water	below	him	or
her.	We	can	think	of	this	device	as	an	“item”	that	measures	throwing	accuracy.
Causing	the	person	on	the	platform	to	fall	into	the	tank	of	water	constitutes	a
“pass”	on	this	item.	(By	now,	you	should	be	able	to	describe	how	variations	in
the	apparatus	could	increase	or	decrease	the	difficulty	and	discrimination	of	the
device.)	With	this	particular	device,	one	can	imagine	how	“false	positives”	might
occur—that	is,	how	a	respondent	with	virtually	no	ability	could	score	a	“pass”



by	causing	the	person	perched	above	the	tank	to	be	dunked.	One	way	might	be
that	the	“respondent”	throws	wildly	but	the	ball	just	happens	to	hit	the	target	(it
has	to	go	somewhere,	after	all).	Or,	alternatively,	the	apparatus	might
malfunction	and	the	platform	might	collapse	spontaneously.	In	these	cases,	the
player/respondent	would	“pass”	based	not	on	ability	but	on	some	unrelated
circumstance.	Thus,	it	is	possible	to	“pass”	this	test	of	throwing	accuracy	even	if
one	has	little	or	no	ability.	As	noted	earlier,	in	the	context	of	ability	testing,	false
positives	most	commonly	occur	as	the	result	of	successfully	guessing	the	correct
response	to	a	question	despite	not	really	knowing	the	answer.	(In	measurement
contexts	where	the	opportunities	for	guessing	or	other	types	of	false	positives	are
minimal,	such	as	using	scales	to	measure	weight,	a	two-parameter	model	is	often
sufficient.)

Each	of	these	three	item	parameters—difficulty,	discrimination,	and	false
positives—bears	a	fairly	obvious	relationship	to	measurement	error.	If	(a)	the
difficulty	of	an	item	is	inappropriate,	(b)	the	area	of	ambiguity	between	a	pass
and	a	fail	is	large,	or	(c)	the	item	indicates	the	presence	of	a	characteristic	even
when	it	is	absent,	then	the	item	is	prone	to	error.	IRT	quantifies	these	three
aspects	of	an	item’s	performance	and,	thus,	provides	a	means	for	selecting	items
that	will	likely	perform	well	in	a	given	context.	Now,	let’s	see	how	these	three
parameters	relate	to	the	third	important	feature	that	differentiates	IRT	approaches
from	classical	methods:	the	use	of	graphical	depictions	to	illustrate	item
properties.

Item-Characteristic	Curves
An	item’s	difficulty,	discrimination,	and	generation	of	false	positives	can	be
summarized	in	the	form	of	an	item-characteristic	curve	(ICC)	that	graphically
represents	the	item’s	performance.	Typically,	an	ICC	is	roughly	S-shaped,	and
different	parts	of	the	curve	reveal	information	about	each	of	the	three	parameters
of	interest.

Figure	7.3	shows	what	an	ICC	might	look	like.	The	X	axis	represents	the
strength	of	the	characteristic	or	attribute	being	measured	(e.g.,	knowledge,
strength,	accuracy,	depression,	social	desirability,	or	virtually	any	other
measurable	phenomenon).	The	Y	axis	represents	the	probability	of	“passing”	the
item	in	question	based	on	the	proportions	of	failing	and	passing	scores	observed.
Seeing	how	an	ICC	can	be	used	to	assess	item	quality	is	actually	easier	if	we



look	at	a	diagram	representing	two	items	that	we	can	compare.

Figure	7.3	Hypothetical	item	characteristic	curve	(ICC)	for	a	pass-fail	item

Figure	7.4	illustrates	item	difficulty	by	showing	two	curves.	Note	that	the	points
at	which	the	curves	attain	a	50%	probability	of	their	respective	items	being
passed	are	different.	For	the	lighter	curve,	that	point	is	farther	to	the	right.	That
is,	the	amount	of	the	attribute	must	be	higher	for	an	individual	to	have	a	50%
chance	of	passing	the	item	represented	by	the	lighter	line	than	the	item
represented	by	the	darker	line.	Using	that	criterion,	the	item	represented	by	the
lighter	line	is	more	difficult.	Difficulty	in	this	case	is	not	a	subjective	judgment
but	a	factual	description	of	the	point	on	the	X	axis	corresponding	with	the
curve’s	crossing	of	the	.50	probability	value	on	the	Y	axis.

Figure	7.4	Two	hypothetical	ICCs	for	dichotomous	items	differing	in	difficulty



Figure	7.5	illustrates	how	we	assess	discrimination	using	the	same	two	ICCs.
The	item	corresponding	with	the	darker	curve	has	a	steeper	slope	at	the	50%-
pass	point	than	does	the	item	represented	by	the	lighter	curve.	A	consequence	of
this	is	that	a	smaller	increase	in	the	attribute	yields	a	greater	increase	in
confidence	that	a	respondent	will	pass	this	item	than	is	the	case	for	the	item
represented	by	the	lighter	line.	So,	the	steeper	dark	line	reveals	that	the	region	of
the	X	axis	that	corresponds	with	an	ambiguous	score	is	smaller	than	the
equivalent	region	for	the	other	item.	Thus,	the	dark-line	item	discriminates	more
effectively	than	the	light-line	item	between	those	who	fail	and	those	who	pass.

Figure	7.5	Two	hypothetical	ICCs	for	dichotomous	items	differing	in
discrimination



Finally,	in	Figure	7.6,	we	can	look	at	the	two	items’	propensities	to	yield	passing
grades	even	when	the	ability	(or	whatever	attribute	is	being	measured)	of	the
respondent	is	essentially	zero.	As	you	might	have	guessed,	this	is	determined	by
the	point	at	which	the	ICC	intersects	with	the	Y	axis.	For	the	dark-line	item,	the
intercept	value	is	zero.	Thus,	the	probability	of	a	person	passing	the	item	if	he	or
she	completely	lacks	the	attribute	in	question	is	quite	small.	For	the	light-line
item,	there	is	a	substantial	probability	(about	20%)	that	someone	with	no	ability
will	pass	the	item	and,	thus,	be	indistinguishable,	based	on	the	item	in	question,
from	someone	with	high	ability.	(Note	that	this	would	be	the	case	with	a
multiple-choice	item	having	five	possible	answers,	one	of	which	was	correct.)
The	corresponding	diagram	points	out	the	differences	in	the	Y	intercepts	of	the
two	items—the	basis	for	concluding	that,	once	again,	the	dark-line	item	is	the
better	performer.

Figure	7.6	Two	hypothetical	ICCs	for	dichotomous	items	differing	in	false
positives



In	theory,	one	can	use	IRT	to	establish	the	parameters	for	each	of	many	items.
Then,	depending	on	the	details	of	the	intended	application,	optimally	performing
items	can	be	used	to	address	the	measurement	problem	at	hand.	For	example,
“easy”	items	could	be	assembled	for	use	with	respondents	who	possess	relatively
low	levels	of	the	ability	in	question	and	difficult	items	for	those	possessing	high
levels.	This	is	directly	analogous	to	using	the	10-pound	bell	apparatus	at	a	fair	or
carnival	intended	for	children	and	the	100-pound	apparatus	at	a	camp	for	adult
athletes.	Using	the	wrong	item—like	using	the	wrong	bell	apparatus—can	lead
either	to	frustration	(if	the	task	is	too	difficult)	or	a	lack	of	motivation	(if	the	task
is	too	easy).	Also,	if	the	measure	being	compiled	will	be	the	basis	of	important
decisions,	then	minimizing	the	range	of	ambiguity	for	each	item	and	the
likelihood	of	false	positives	are	also	attractive	possibilities.

An	extension	of	this	idea	is	the	use	of	adaptive	testing.	In	adaptive	testing,	the
items	administered	to	each	individual	can	be	tailored	to	that	person’s	level	of	the
attribute.	Whether	or	not	a	previous	item	was	passed	can	guide	the	selection	of
the	next	item,	giving	preference	to	an	item	that	is	tuned	to	the	ability	level	that
prior	responses	suggest	the	respondent	has.	This	process	is	typically	managed	by



a	computer	and	is	often	referred	to	as	computerized	adaptive	testing,	or	CAT.
Although	this	methodology	requires	a	large	pool	of	items	representing	a	wide
range	of	ability	levels,	it	is	a	powerful	tool	that	IRT	approaches	make	possible.

IRT	approaches	have	the	distinct	advantage	of	directing	our	attention	to	three	(in
the	three-parameter	version	that	currently	is	popular)	important	aspects	of	an
item’s	performance.	With	methods	rooted	in	classical	measurement	theory,	we
may	know	(e.g.,	from	its	performance	in	factor	analysis	or	coefficient	alpha
computations)	if	an	item	is	performing	well	or	poorly	but	may	not	have	as	clear
an	understanding	of	the	nature	of	any	deficiencies	it	possesses.	IRT,	in	contrast,
may	help	us	assess	an	item’s	strengths	and	weaknesses	more	specifically.

IRT	Applied	to	Multiresponse	Items
The	introduction	to	IRT	presented	above	applies	to	three-parameter	models	and
deals	with	dichotomous	responses,	such	as	True-False.	As	I	suggested	earlier,
there	are	several	IRT	models.	Commonly	in	the	social	and	behavioral	sciences,
we	deal	with	ordered,	multilevel	responses	of	the	types	we	have	typically
discussed	in	previous	chapters.

For	instruments	with	multilevel	response	options,	such	as	Likert	scales,	specially
adapted	IRT	models	apply.	One	of	the	most	common	of	these	is	the	graded
response	model	developed	by	Fumiko	Samejima	(e.g.,	Samejima,	1969)	and
commonly	applied	by	means	of	David	Thissen’s	Multilog	software	program
(Thissen,	Chen,	&	Bock,	2003).	This	model	provides	information	about	how
each	of	the	multiple-response	options	relates	to	ability.	For	a	good	item,	each
response	option	should	occupy	a	more-or-less	distinct	portion	of	the	ability
continuum.

Imagine,	for	example,	an	item	such	as	“I	experience	dizziness	when	I	first	wake
up	in	the	morning”	with	response	options	of	
(0)	“never,”	(1)	“rarely,”	(2)	“some	of	the	time,”	(3)	“most	of	the	time,”	and	(4)
“almost	always.”	One	would	expect	that	the	likelihood	of	endorsing
progressively	higher	options	would	be	associated	with	progressively	higher
levels	of	morning	dizziness	(i.e.,	progressively	higher	levels	of	the	attribute
being	assessed).	In	a	way,	an	item	such	as	this	takes	the	place	of	several	binary
items.	So,	instead	of	separate	yes-no	items	such	as	“I	never	experience	dizziness
when	I	first	wake	up	in	the	morning,”	“I	rarely	experience	dizziness	when	I	first



wake	up	in	the	morning,”	“Some	of	the	time	I	experience	dizziness	when	I	wake
up	in	the	morning,”	and	so	forth,	one	item	is	presented	with	several	response
options	from	which	the	respondent	can	choose.

If	the	item	worked	well	on	a	given	population,	the	likelihood	of	choosing	the
first	response	option	(i.e.,	“never”)	should	be	high	for	people	with	low	levels	of
the	attribute	(dizziness)	and	should	diminish	virtually	to	zero	as	the	level	of	the
attribute	increases.	So,	the	curve	representing	the	likelihood	of	selecting	this	first
response	option	should	be	high	at	its	leftmost	extreme	(the	region	of	the
continuum	corresponding	with	low	levels	of	morning	dizziness)	and	low	at	its
rightmost	extreme.	At	the	other	end	of	the	scale,	the	likelihood	of	choosing	the
last	response	option	(i.e.,	“almost	always”)	should	be	virtually	zero	for	people	at
low-to-moderate	levels	of	the	attribute,	progressing	as	dizziness	increased	and
approaching	100%	for	people	with	the	highest	levels	of	morning	dizziness.	The
curve	for	this	response	should	be	very	low	at	lower	ends	of	the	continuum	of
morning	dizziness,	rising	to	a	maximum	value	at	the	rightmost	extreme	of	the
continuum.	Thus,	the	curves	for	both	of	these	extreme	response	options	are
nonsymmetrical,	with	one	end	very	low	and	the	other	end	very	high.	Also,	each
of	these	two	curves	should	be	positioned	at	an	extreme	of	the	continuum
corresponding	with	the	level	of	the	attribute	the	response	option	represents.	The
curves	for	the	in-between	response	options,	by	contrast,	ideally	should	be	more
or	less	symmetrical,	with	low	likelihood	of	endorsement	by	respondents	at	the
extremes	of	the	attribute	continuum	and	peak	likelihood	at	some	point	on	that
continuum	that	is	appropriate	for	the	response	option	in	question.	For	higher
response	options,	the	peak	should	occur	at	higher	levels	of	the	attribute
continuum	than	for	lower	response	options.

We	can	depict	the	likelihood	of	choosing	each	of	the	response	options,	based	on
one’s	level	of	the	attribute	being	measured,	with	a	series	of	category-response
curves.	A	complete	set	of	hypothetical	category-response	curves	for	five
response	options	used	in	the	earlier	example	might	look	something	like	the	one
shown	in	Figure	7.7.

Figure	7.7	Idealized	category	response	curves	for	five	response	options



In	the	idealized	illustration	shown	in	Figure	7.7,	each	labeled	curve	corresponds
with	a	response	option	in	the	morning	dizziness	example	given	previously.	The
baseline	represents	the	strength	of	the	attribute	being	measured	by	the	item.	The
ability	scale	is	centered	on	0	and	can	be	interpreted	in	a	way	analogous	to
standardized	scores.	Note	that	this	illustration	is	an	idealized	example	and	not	an
actual	graph	from	real	data.	This	example	retains	a	characteristic	of	true	item-
response	curves:	For	any	level	of	the	attribute,	the	sums	of	the	various	curves	at
that	point	on	the	baseline	equals	1.0.	So,	for	a	vertical	line	drawn	at	any	point	on
the	attribute	scale,	the	values	(from	the	left-hand	axis)	of	the	points	at	which	it
crosses	the	category	response	curves	will	sum	to	1.0.	In	other	words,	the
probability	of	choosing	some	response	equals	unity	for	any	respondent	with	any
level	of	the	attribute	being	assessed.

A	less	idealized	but	still	hypothetical	example	is	illustrated	in	Figure	7.8.	The
location	of	each	response	option’s	curve	along	the	attribute	dimension	indicates
the	“difficulty”	of	that	response	option.	We	can	see	that	the	peaks	for	each
successive	response	option	curve	are	ordered	as	we	would	expect,	with	the



response	options	indicating	less	morning	dizziness	to	the	left	of	those	indicating
more.	That	is,	indicating	more	frequent	dizziness	is	associated	with	a	curve
positioned	higher	(farther	to	the	right)	along	the	attribute	continuum,	as	we
would	hope.

Figure	7.8	Hypothetical	example	with	category	response	curves	crowded	at	the
lower	end	of	the	attribute	scale

Another	notable	feature	of	Figure	7.8	is	that	response	curves	seem	to	be	crowded
toward	the	left	side	of	the	scale.	This	means	that	the	question	differentiates	more
finely	among	people	with	relatively	little	dizziness	than	it	does	among	people
with	relatively	much	dizziness.	If	we	consider	the	range	on	the	attribute	scale
between	–1.5	and	–.5,	we	see	that	all	five	of	the	response	options	are
occasionally	selected	by	respondents	with	that	range	of	dizziness	values,
although	response	Options	1	and	3	are	most	often	chosen.	Moreover,	within	that
1-point	range,	those	at	the	higher	end	are	most	likely	to	choose	Option	3	(“most
of	the	time”)	whereas	those	at	the	low	end	will	more	often	choose	Option	1
(“rarely”).	Thus,	even	within	that	narrow	range,	we	can	still	make



differentiations	between	people	who	are	higher	and	lower	with	respect	to
dizziness.

In	contrast,	if	we	look	farther	up	the	attribute	scale,	at	the	range	between	2.0	and
3.0,	the	overwhelming	likelihood	is	that	respondents	with	dizziness	levels
anywhere	between	those	values	will	choose	Option	4	(“almost	always”).	In	fact,
“almost	always”	is	the	most	likely	response	for	any	respondent	scoring	above
about	.8	on	the	attribute	scale.	Thus,	this	item	provides	little	differentiation
among	people	varying	between	.8	and	3.0	with	respect	to	their	levels	of
dizziness.

The	item-response	curves	in	Figure	7.8	have	even	more	to	tell.	Note	that
response	Option	2	(“some	of	the	time”)	overlaps	quite	a	bit	with	1	(“rarely”)	and
3	(“most	of	the	time”).	There	is	virtually	no	portion	of	the	ability	range	in	which
the	response	“some	of	the	time”	is	the	most	likely	to	be	chosen.	In	essence,	the
“some	of	the	time”	response	option	is	not	doing	anything	that	the	response
options	to	either	side	of	it	cannot	accomplish.	A	respondent	who	possessed	a
degree	of	morning	dizziness	comparable	to	a	score	of	–1.5	on	the	attribute	scale
(the	point	where	respondents	are	most	likely	to	choose	response	Option	2)	would
still	be	more	likely	to	choose	either	response	Option	1	or	3.	Choosing	Option	2
in	this	hypothetical	case	amounts	to	equivocating	between	rarely	having	fatigue
and	sometimes	having	fatigue.	Considering	this	item	in	isolation,	without	regard
to	any	other	items	that	might	be	included	with	it	in	a	scale,	dropping	the	“some
of	the	time”	response	option	would	probably	make	sense.

The	shape	of	the	individual	curves	also	gives	us	information	about
discrimination.	This	is	most	obvious	for	the	last	curve,	which	most	closely
resembles	the	curves	we	examined	for	the	three-parameter,	binary	response
model	(as	shown	in	Figure	7.3).	The	leftmost	curve	is	sort	of	a	crude	mirror
image	of	what	we	saw	under	the	three-parameter	model	in	that	it	attains	its
highest	level	at	the	extreme	left	and	descends	as	it	progresses	up	the	attribute
scale,	but	again,	the	steepness	of	its	slope	is	indicative	of	its	discrimination.	For
the	curves	in	between,	steepness	(or,	perhaps	more	accurately,	kurtosis)	indicates
discrimination.	Response	options	whose	curves	are	tall	and	pointy	discriminate
better	than	ones	whose	curves	are	more	broad	and	flat.	In	Figure	7.8,	response
Option	2	(“some	of	the	time”)	has	a	curve	that	is	fairly	squat,	indicating	that	the
response	option	does	not	discriminate	well.	This	further	supports	the	notion	that
eliminating	that	option	might	be	appropriate.



To	conclude	this	section,	we	will	look	at	category	response	curves	generated
from	actual	data	(provided	by	and	used	with	the	permission	of	my	UNC
colleagues	Darren	DeWalt	and	David	Thissen)	and	will	use	those	curves	to
illustrate	another	purpose	they	can	serve.	Figure	7.9	represents	an	item
administered	to	a	group	of	female	pediatric	patients	as	part	of	an	effort	to
develop	an	item	battery	to	assess	depression.	The	item	asked	the	children	to
indicate	how	frequently	they	had	cried	more	than	usual	in	the	recent	past.
Similar	but	not	identical	to	our	previous	examples,	the	response	options	were	0
(“never”),	1	(“almost	never”),	2	(“sometimes”),	3	(“often”),	and	4	(“almost
always”).	The	clustering	of	curves	to	the	right	suggests	that	respondents	had	to
be	fairly	high	on	the	attribute	(i.e.,	depression)	in	order	to	provide	an	answer
other	than	“never.”

Figure	7.9	Category	response	curves	for	girls	on	an	item	concerning	crying
more	than	usual

Figure	7.10	superimposes	the	responses	of	boys	over	those	of	girls.	While	this
figure	is	quite	busy,	it	reveals	that	the	curves	for	boys	and	girls	are	generally
similar	but	by	no	means	identical.	To	make	one	critical	difference	between	boys’
and	girls’	responses	clearer,	in	Figure	7.11,	I	have	edited	out	the	curves



representing	the	three	middle	response	options,	leaving	only	those	for	“never”
and	“almost	always.”	What	this	edited	figure	reveals	is	that,	for	Option	0,	the
boys’	curve	is	higher	than	the	girls’,	while	for	Option	4,	the	girls’	is	higher	than
the	boys’.

Figure	7.10	Superimposed	category	response	curves	for	boys	and	girls	on	item
concerning	crying	more	than	usual

Figure	7.11	Superimposed	category	response	curves	for	girls	and	boys	showing
only	the	extreme	response	options



How	should	we	interpret	this	difference?	It	suggests	that	across	essentially	the
full	range	of	values	for	the	attribute	(depression),	boys	are	more	likely	than	girls
to	say	that	they	have	not	(i.e.,	to	choose	the	“never”	response	option)	cried	more
than	usual.	At	the	upper	end	of	the	attribute	scale,	girls	are	more	likely	than	boys
to	acknowledge	that	they	cried	more	than	usual	“almost	always”	over	the	time
interval	in	question.	This	pattern	suggests	one	of	two	things:	Either	(1)	girls	are
more	depressed	than	boys	or	(2)	a	lower	level	of	depression	generates	higher
responses	for	girls	than	it	does	for	boys.	That	is,	either	the	item	is	reflecting	true
gender	differences	between	boys	and	girls	or	the	item	does	not	perform
equivalently	for	the	two	genders.	Our	suspicion	was	that	admitting	to	crying	may
be	more	difficult	for	boys	than	girls.	As	a	consequence,	boys	who	choose	any
response	option	other	than	“never”	might	actually	be	more	depressed	than	girls
choosing	the	same	response	option.	This	suggests	that	the	item	is	manifesting
differential	item	functioning	(DIF).	That	is,	different	groups	of	respondents
(boys	and	girls	in	this	case)	with	identical	levels	of	the	attribute	obtain	different
item	scores,	indicating	that	the	item	maps	onto	the	attribute	scale	differently	as	a
function	of	gender	group.	By	looking	at	other	items	measuring	depression	that



did	not	ask	about	crying	and	by	observing	essentially	similar	scores	for	boys	and
girls,	we	found	further	evidence	of	DIF	for	the	item	in	question.	While	there	are
other	methods	for	identifying	DIF,	many	investigators	find	the	visual
information	that	IRT	packages	produce	to	be	especially	compelling.

In	summary,	inspecting	category	response	curves	can	provide	information	of
several	types	about	how	an	item	is	performing.	Among	the	many	things	an
inspection	of	category	response	curves	can	reveal	are	(a)	information	about	how
fully	an	item	represents	the	full	range	of	the	attribute	being	measured,	(b)	if	the
ordered	response	options	accurately	represent	progressively	higher	regions	of	the
attribute	scale,	
(c)	whether	all	response	options	are	necessary	and	useful,	(d)	how	well	the	item
discriminates	at	various	levels	of	the	attribute,	and	(e)	if	an	item	manifests	DIF.
Other	types	of	graphical	output	can	be	obtained	from	many	IRT	packages,	and
the	visual	representation	of	item	performance	is	among	the	most	useful	features
of	IRT.

Theta	and	Computerized	Adaptive	Testing	(CAT)
At	the	heart	of	all	measurement	approaches	is	the	notion	that	the	strength	of
attribute	being	measured	varies	across	individuals	or	time.	IRT	is	no	exception.
Earlier	in	this	chapter	I	used	the	term	“ability”	to	describe	such	an	attribute.	That
attribute,	regardless	of	its	substantive	content,	is	often	referred	to	as	theta	in	the
context	of	IRT	and	can	be	signified	by	the	uppercase	Greek	letter	Θ.	As
mentioned	earlier	in	this	chapter,	items	can	be	constructed	to	have	different
levels	of	difficulty.	In	essence,	difficulty	is	calibrated	in	terms	of	theta.	Thus,	an
affirmative	response	to	a	more	difficult	item	(or	selection	of	a	response	option
representing	a	higher	value)	implies	that	the	respondent	has	a	higher	theta	value
(i.e.,	that	he	or	she	possess	a	higher	level	of	the	attribute	the	item	assesses)
relative	to	respondents	endorsing	only	the	items	associated	with	lower	theta
values.	For	each	item,	the	data	analyst	can	determine	the	level	(or	range)	of	theta
values	at	which	the	item	discriminates	among	participants	with	different	levels
of	the	attribute.	Some	items	may	work	well	across	a	wide	range	of	theta.	Others
will	only	perform	well	across	a	narrow	range	of	theta.

A	hypothetical	item,	such	as,	“I	worry	about	my	future,”	accompanied	by
response	options	(0)	“Never,”	(1)	“A	Little	of	the	Time,”	
(2)	“Most	of	the	Time,”	and	(3)	“Always,”	may	be	capable	of	providing	a



general	snapshot	of	the	attribute	it	assesses	across	a	broad	range	of	theta.
However,	it	may	not	differentiate	very	well	between	smaller	gradations	of	the
attribute,	such	as	rarely	feeling	content	and	seldom	(i.e.,	a	bit	more	often	than
rarely)	feeling	content.	People	at	both	of	these	latter	levels	of	contentment	might
choose	“A	Little	of	the	Time,”	and	thus	the	item	could	not	discriminate	the
subtle	difference	in	contentment	between	them.	Yet	for	some	applications,
discriminating	between	rarely	content	and	seldom-content	individuals	may	be
important.	Of	course,	additional	items	could	be	created	that	concentrated	in
greater	detail	on	a	shorter	portion	of	the	full	range	of	the	attribute.	Such	an	item
might	have	responses	such	as	“Never,”	“Very	Rarely,”	“Rarely,”	“Seldom,”	and
“Occasionally.”	Or	the	item	stem	itself	might	be	reworded	to	target	a	different
level	of	theta.	For	example,	“I	have	a	sense	of	dread	about	my	future”	clearly
raises	the	stakes.	Either	of	these	alternative	item	forms	might	zero	in	on	higher
levels	of	the	worry	attribute	than	the	original	item.

In	fact,	a	battery	of	items	of	this	sort	could	be	developed	that	targeted	different
portions	of	the	theta	continuum,	some	concentrating	primarily	on	low	levels,
others	on	medium	levels,	and	still	others	on	high	levels	of	worry.	It	is	likely	that
a	large	and	well-crafted	set	of	such	items	could	outperform	fewer,	more	general
items.	That	is,	this	expanded	set	could	resolve	smaller	differences	in	theta	with
greater	precision	(i.e.,	differentiate	respondents	whose	levels	of	worry	were	more
similar)	while	also	spanning	the	full	range	of	theta	(i.e.,	include	items	targeted	to
several	different	levels	of	worry	from	extremely	low	to	extremely	high).	The
problem	with	this	strategy	is	that	it	requires	a	large	number	of	items.
Furthermore,	any	given	respondent	might	have	to	complete	a	substantial	number
of	items	that	were	outside	of	her	or	his	theta	range	(i.e.,	that	concerned	either
higher	or	lower	levels	of	the	attribute	than	the	respondent	possessed).	This	is
potentially	taxing	to	respondents	who	may	grow	weary	of	completing	many
items	and	be	annoyed	by	items	that	do	not	apply	to	their	circumstances.
Recognizing	these	potential	problems	may	oblige	the	scale	developers	either	to
choose	a	shorter	set	of	items	that	might	not	do	as	good	a	job	of	detecting	more
subtle	differences	in	theta,	or	a	longer	instrument	that	discriminates	with	greater
precision	but	is	potentially	more	burdensome.

Computerized	adaptive	testing	(CAT)	offers	a	possible	remedy	for	this	dilemma.
In	CAT,	a	large	bank	of	items	is	developed,	and	each	is	carefully	calibrated	so
that	the	theta	value	to	which	it	corresponds	is	known.	Respondents	complete	the
items	via	computer,	with	a	preconstructed	algorithm	adaptively	determining	the
number	and	order	of	the	items	presented.	The	first	few	items	are	typically	fairly



general,	yielding	only	a	rough	idea	of	the	respondent’s	level	of	the	attribute
being	assessed.	Based	on	the	responses	to	those	initial	items,	a	computer
algorithm	can	present	subsequent	items	selectively,	choosing	those	from	within
the	available	pool	that	are	most	relevant	and	informative	for	the	theta	level	the
specific	respondent	manifests.	That	is,	the	computer	can	present	items	that
populate	a	region	of	the	theta	continuum	proximal	to	the	attribute	level	revealed
by	prior	responses.	So,	for	example,	if	early	responses	indicate	that	the
respondent	worries	about	his	or	her	future	more	than	most	people,	items	can	be
selected	that	focus	on	higher	levels	of	worry	whereas	items	targeting	extremely
low	levels	can	be	omitted.	As	the	assessment	continues,	the	computer	can	further
refine	item	selection,	assuring	that	the	items	presented	are	relevant	to	the
respondent’s	attribute	level	and	sufficient	in	number	to	provide	an	accurate
characterization.

Strictly	speaking,	adaptive	testing	of	this	sort	is	not	dependent	on	the	use	of	an
IRT	approach.	In	fact,	well	before	these	methods	were	developed,	standardized
intelligence	tests	used	a	similar	strategy	of	asking	a	few	“locator”	questions	to
determine	which	and	how	many	of	the	questions	relating	to	a	particular	area	of
intelligence	to	administer.	However,	the	capacity	that	IRT	offers	for	calibrating
items	to	specific	levels	of	theta	(and	for	expressing	that	information
quantitatively),	coupled	with	the	ability	of	computers	to	capitalize	in	real	time	on
the	stream	of	responses	provided	and	use	those	data	to	select	the	next	item
presented,	have	substantially	increased	the	utility	and	adoption	of	adaptive
testing.

CAT	can	be	quite	attractive	when	it	is	feasible.	It	requires	a	substantial	bank	of
items	that	have	been	tested	sufficiently	to	provide	trustworthy	calibration.	Also,
algorithms	for	CAT	need	to	account	for	item	properties	other	than	their
calibration	scores.	For	example,	selecting	solely	on	the	basis	of	theta	might
inadvertently	sacrifice	content	breadth	if	items	are	excluded	that	represent
important	elements	of	the	construct	under	examination.	Empirical	studies
comparing	CAT	to	the	use	of	fixed	item	sets	are	still	relatively	rare,	although
available	reports	suggest	a	small	advantage	for	CAT	relative	to	static	item	sets	of
modest	size	(e.g.,	Choi,	Reise,	Pilkonis,	Hays,	&	Cella,	2010).	It	seems	likely
that	the	broader	the	content	domain	of	interest	and	the	more	variable	the	attribute
levels	among	various	segments	of	the	population,	the	greater	the	benefits	of	CAT
may	be.

For	a	more	extensive	overview	of	CAT,	readers	can	consult	Bjorner,	Chang,



Thissen,	and	Reeve	(2007).	A	recent	volume	that	readers	can	use	to	further	their
understanding	of	a	wide	range	of	IRT	topics	is	the	Handbook	of	Item	Response
Theory	Modeling:	Applications	to	Typical	Performance	Assessment	(Reise	&
Revicki,	2015).

Complexities	of	IRT
While	very	attractive,	IRT	is	not	a	quick	solution	to	measurement	problems.	Like
classical	measurement	theory,	IRT	does	not	determine	the	characteristics	of
items;	it	merely	quantifies	them.	So,	the	technology	per	se	allows	a	researcher	to
assess	item	performance	but	does	not	directly	cause	one	to	write	better	items	or
make	poorly	constructed	items	suddenly	work	well.	Also,	the	assessment	process
can	be	daunting	when	using	methods	based	on	IRT.	Classical	measurement
trades	precision	for	simplicity	by	adopting	a	less	differentiated	but	more
tractable	conceptualization	of	error	sources.	IRT	makes	the	opposite	choice,
gaining	precision	but	sacrificing	simplicity.	The	application	of	IRT	methods,
furthermore,	requires	a	considerable	degree	of	expert	judgment.	These	methods
are	still	in	an	active	stage	of	development,	with	new	issues	popping	up	and	new
solutions	being	offered.

To	have	confidence	that	the	characteristics	of	items	are	being	assessed
independently	of	the	characteristics	of	the	sample	being	studied,	a	primary
objective	of	IRT,	one	must	demonstrate	that	those	characteristics	are	consistent
across	a	wide	variety	of	respondents	differing	in	various	respects,	including
ability	level.	It	is	important	that	the	item	characteristics	not	be	associated	with
other	attribute-independent	sample	characteristics,	such	as	gender,	age,	or	other
variables	that	should	be	uncorrelated	with	the	one	being	measured.	Item	scores
should	vary	only	when	the	attribute	of	interest	varies,	not	because	of	differences
in	any	extraneous	variables.	So,	for	example,	if	we	assume	that	spelling	ability	is
unrelated	to	gender,	we	would	have	to	demonstrate	that	boys	and	girls	with	equal
ability	would	have	the	same	probability	of	passing	an	item.	If	this	were	not	true,
then	gender	or	some	factor	other	than	spelling	ability	would	be	influencing	the
item.	Also,	as	with	classical	theory,	items	being	examined	in	a	set	(i.e.,	making
up	a	scale	for	measuring	a	variable)	must	share	only	a	single	underlying	variable.

One	consequence	of	these	requirements	is	that	researchers	must	have	access	to
large	numbers	of	diverse	respondents	in	order	to	characterize	items	accurately.	A
central	goal	of	IRT	is	to	relate	items	to	specific	levels	of	the	attribute	being



assessed.	Good	items	and	large	samples	are	necessary	for	this	to	be	achieved.
The	theoretical	independence	of	item	characteristics	and	sample	characteristics
that	is	a	hallmark	of	IRT	requires	that	items	have	been	evaluated	across	the	full
range	of	the	attribute	of	interest	and	that	the	measurement	tool	includes	items
that	collectively	are	sensitive	to	all	levels	of	that	attribute.

How	does	an	instrument	developer	ascertain	the	true	level	of	the	attribute	in	a
way	that	allows	for	the	generation	of	the	ICCs?	Returning	to	our	hammer-and-
bell	analogy,	how	do	you	define	strength	in	order	to	determine	how	much
strength	it	takes	to	ring	the	bell	on	a	particular	piece	of	equipment?	In	many
cases,	if	the	true	level	of	the	attribute	were	knowable	in	some	manageable
fashion,	there	would	be	little	need	to	develop	a	new	measure.	In	theory,	given
responses	from	a	large	number	of	people	to	a	fixed	set	of	items,	a	computer
program	should	be	able	to	sort	out	differences	arising	from	item	versus	person
characteristics.	To	return	again	to	the	analogy	of	the	carnival	devices	(bell-
ringing	apparatus	and	dunking	machine),	if	enough	people	use	two	of	each
device,	for	example,	it	should	be	possible	to	determine	which	version	of	each
type	of	device	is	harder	and,	also,	to	judge	the	skills	of	individuals	at	these	two
tasks.	In	practice,	there	is	often	a	back-and-forth,	iterative	process	involving
administering	items	to	gauge	the	level	of	the	attribute	for	particular	respondents,
and	then	using	that	attribute	estimate	as	a	guide	in	determining	the
characteristics	of	other	items.	When	the	best	items	are	identified	on	that	basis,
they	can	be	used	to	obtain	an	improved	estimate	of	individuals’	levels	of	the
attribute	for	the	next	round	of	item	selection,	and	so	on.

Given	the	nature	of	these	processes,	it	is	easy	to	see	why	IRT	has	been	most
enthusiastically	embraced	by	commercial	organizations	concerned	with	ability
testing,	such	as	those	administering	the	Graduate	Record	Examinations.	The
constant	administration	and	evaluation	of	items	over	time	provides	an	excellent
basis	for	finding	items	whose	characteristics	are	stable	across	variation	in	a	wide
range	of	other	respondent	characteristics.

Another	complexity	of	IRT	concerns	the	use	of	different	items	to	measure	the
same	thing	at	different	times.	Earlier,	I	briefly	mentioned	computerized	adaptive
testing	(CAT)	(Van	der	Linden	&	Glas,	2000)	as	an	approach	to	data	collection
that	is	often	associated	with	IRT.	In	CAT,	items	are	individually	calibrated	to	the
attribute	scale	using	IRT	methods	and,	thus,	they	can	be	selected	for
administration	so	that	they	match	the	attribute	level	of	a	particular	respondent.
This	implies	that	different	items	will	be	optimally	appropriate	for	different



attribute	strengths.	Such	differences	can	occur	either	between	people	who	differ
with	respect	to	the	attribute	or	within	a	given	individual	whose	level	of	the
attribute	changes.

Consequently,	using	CAT	often	entails	scores	from	different	items	being
compared	with	one	another.	For	example,	if	an	attribute	changes	as	a	result	of	an
intervention,	the	best	items	for	measuring	that	attribute	in	any	individual	may	be
different	after	the	intervention	than	before.	For	the	consumer	of	a	scientific
report	that	bases	a	claim	of	intervention	success	on	a	comparison	between
different	items	across	(because	of	initial	differences	in	the	attribute)	and	within
(because	of	changes	resulting	from	the	intervention)	individuals,	trusting	the
data	may	require	a	leap	of	faith.	Most	of	us	have	far	more	experience	(and,
perhaps,	comfort)	with	circumstances	in	which	the	same	items	were	given	before
and	after	an	intervention	than	with	the	scenario	I	have	just	described.	When	IRT
methods	have	been	properly	applied	and	items	have	been	carefully	calibrated	to
the	attribute	continuum	on	the	basis	of	data	collected	from	large,	diverse
samples,	scores	from	different	items	can	be	converted	to	a	common	attribute
metric	in	the	same	way	that	measurements	taken	in	inches	or	millimeters	can	be
converted	to	a	common	metric	for	length.	When	the	precision	with	which	items
can	be	mapped	onto	the	attribute	dimension	is	low,	however,	interpreting	scores
based	on	different	item	sets	may	be	problematic.	Furthermore,	because
consumers	of	research	reports	may	not	fully	understand	all	the	issues	involved	in
the	type	of	item-dissimilar	comparisons	that	CAT	may	involve,	the	authors	of
those	reports	may	face	a	greater	degree	of	skepticism.

Conclusions
Measurement	methods	based	on	IRT	have	many	attractive	features.	But
developing	good	items	is	hard	work,	irrespective	of	the	theoretical	framework
that	guides	the	process.	Writing	items	that	consistently	measure	the	attribute
under	study	and	are	insensitive	to	other	respondent	characteristics	is	not	a	trivial
task.	Whereas,	in	a	measure	based	on	classical	theory,	having	multiple	items	can
offset	the	imperfections	of	some	of	those	items	to	a	degree,	the	logic	of	IRT	has
each	individual	item	standing	and	being	judged	on	its	own.	Because	one	can
discover,	by	examining	ICCs,	for	example,	that	an	item	performs	well	does	not
mean	that	one	will.	Having	credible	independent	knowledge	of	the	attributes
being	measured	is	a	requirement	of	IRT	that	is	difficult	to	satisfy	strictly	but	that
can	be	adequately	approximated	with	repeated	testing	of	large	and



heterogeneous	samples.	When	this	is	not	an	option,	it	may	be	exceedingly
difficult	to	convince	critics	that	the	assumption	has	been	adequately	met.

My	personal	view	is	that	where	the	assumptions	of	classical	measurement	theory
are	applicable	(i.e.,	where	the	items	are	intended	as	equivalent	indicators	of	a
common	underlying	variable),	the	tractability	and	performance	of	such	measures
make	them	attractive	options.	On	the	other	hand,	if	large	samples	are	available,
CAT	is	a	preferred	mode	of	administration,	or	score	equivalence	across	multiple
studies	is	of	paramount	importance,	then	the	added	complexity	of	IRT-based
approaches	may	be	the	best	choice.	The	mere	use	of	those	methods,	however,	is
by	no	means	a	guarantee	of	the	desired	end	product.	The	researcher	must
demonstrate	that	the	assumptions	of	the	chosen	method	have	been	met	within
acceptable	limits	and	that	the	resultant	measurement	tool’s	reliability	and
validity	are	empirically	verifiable.

Does	IRT	render	classical	methods	obsolete?	Many	advocates	of	IRT	recognize
that	both	classical	measurement	theory	and	IRT	have	a	role	to	play.	For	example,
Embretson	and	Hershberger	(1999),	in	the	first	of	their	recommendations	for
changes	to	current	measurement	approaches,	state	that	“IRT	and	CTT
approaches	should	be	integrated	in	a	comprehensive	approach	to	measurement
issues”	(p.	252).

At	least	two	large	empirical	studies	(Fan,	1998;	Stage,	2003)	that	compared
characteristics	of	educational	tests	based	on	classical	methods	and	IRT
concluded	that	the	classical	methods	performed	as	well	as	or	better	than	IRT	did.
Fan’s	(1998)	study	was	based	on	40	samples	of	1,000	individuals	each,	drawn
from	a	pool	of	roughly	193,000	Texas	schoolchildren	tested	in	reading	and
mathematics	skills.	Item	and	person	characteristics	showed	substantial
consistency	across	methods.	Stage	(2003)	compared	classical	and	IRT	methods
using	data	from	the	Swedish	Standard	Aptitude	Tests.	Based	on	a	sample	of
2,461	test	takers	randomly	drawn	from	a	pool	of	82,506,	she	concluded	that
while	a	three-parameter	IRT	model	fit	the	data	poorly,	a	model	based	on	classical
test	theory	performed	quite	well.	More	recently,	Silvestro-Tipay	(2009)
conducted	a	similar	but	smaller	study	using	test	scores	from	326	college
freshmen.	He	concluded,

The	findings	here	simply	show	that	the	two	measurement	frameworks
produced	very	similar	item	and	person	statistics	both	in	terms	of	the



comparability	of	item	and	person	statistics,	difficulty	level	of	items,	internal
consistency,	and	differential	item	functioning	between	the	two	frameworks.
(p.	29)

In	a	similar	vein,	two	researchers	from	Educational	Testing	Service	and	the
College	Board	recently	presented	a	paper	describing	the	results	of	a	simulation
study	comparing	IRT	and	CTT	approaches	with	specifying	test	forms	(Davey	&
Hendrickson,	2010).	They	concluded	that	“both	approaches	offer	an	interesting
mix	of	both	theoretical	and	practical	advantages	and	drawbacks,	with	neither
emerging	as	a	clear	favorite	on	paper.”	They	further	note	that

the	most	notable	result	of	the	study	was	the	relatively	small	difference
evident	between	the	performance	of	the	classical	and	IRT	assembly
methods.	…	The	similarity	in	performance	across	methods	may	mean	that
the	practitioner’s	choice	depends	largely	on	preference	or	operational
convenience.	(p.	2)

These	reports	should	not	be	interpreted	as	suggesting	that	IRT	has	no	advantages
in	any	situation.	None	of	these	studies	is	definitive,	and	some	differences	were
identified	when	the	methods	were	compared.	IRT	analyses	in	some	cases
provided	more	detailed	information	than	classically	based	analyses.	As	we	saw
in	the	graphs	for	multiresponse	items,	IRT	methods	can	yield	useful	insights,
such	as	indicating	that	not	all	response	options	are	necessary	or	that	an	item	does
not	capture	information	across	the	full	range	of	the	attribute	being	measured.	IRT
approaches	also	afford	clear	theoretical	advantages	(such	as	the	independence	of
item	characteristics	from	sample	characteristics),	and	as	methods	are	improved,
some	of	its	practical	barriers	may	be	lowered.	But	at	a	minimum,	these	studies
argue	that	IRT	is	not	necessarily	superior	to	classical	measurement	methods.	In
short,	reports	of	the	demise	of	classical	measurement	are	premature.

Addressing	the	virtues	and	vices	of	the	two	approaches,	Zickar	and	Broadfoot
(2008)	note,

Just	as	CTT	has	its	own	limitations,	researchers	have	noted	severe
limitations	of	IRT	that	make	the	use	of	its	methods	difficult,	impossible,	or
impractical	in	certain	scenarios.	These	limitations	include	the	need	for	large



sample	sizes,	strong	assumptions	of	unidimensionality	[which	is	also	true
under	classical	methods],	and	difficulty	running	programs.	(p.	48)

Later	in	the	same	volume,	these	authors	state,

Although	the	urban	legend	is	that	CTT	is	dead,	we	believe	that	there	are
many	scenarios	in	which	it	would	be	preferable	to	use.	Most	of	the	reasons
can	be	categorized	due	to	limitations	in	data	that	might	preclude	IRT	and
practical	considerations	that	might	make	CTT	more	preferable.	(p.	50)

IRT	will	continue	to	increase	in	popularity.	It	will	have	distinct	advantages	over
earlier	methods	in	certain	circumstances.	IRT	and	classical	methods	will	coexist,
much	as	regression	analysis	shares	the	stage	with	structural	equation	modeling
approaches.	Although	both	IRT	and	structural	equation	modeling	have	carried
things	further	than	their	antecedents,	the	earlier	methods	retain	their	utility.

Exercises
1.	The	following	figures	represent	the	results	of	IRT	analysis	of	two
hypothetical	items,	each	having	five	response	options.
1a.	Based	on	these	plots,	evaluate	the	items	with	respect	to	the	following
and	explain	what	characteristic(s)	of	the	plot	serve(s)	as	a	basis	for	your
determination.
1b.	Which	of	the	two	items	does	a	better	job	of	capturing	the	full	range	of
the	phenomenon	it	is	assessing?
1c.	Which	item’s	response	options	do	a	better	job	of	discriminating
different	levels	of	the	phenomenon?
2.	Describe	the	difference	in	appearance	for	the	item	characteristic	curves
(ICCs)	of	two	binary	items	differing	in	their	discrimination	parameters.

Figure	7.12	ICC	for	hypothetical	Item	1



Figure	7.13	ICC	for	hypothetical	Item	2



8	Measurement	in	the	Broader	Research
Context

The	opening	chapter	of	this	volume	set	the	stage	for	what	was	to	follow	by
providing	some	examples	of	when	and	why	measurement	issues	arise,	discussing
the	role	of	theory	in	measurement,	and	emphasizing	the	false	economy	of
skimping	on	measurement	procedures.	In	essence,	it	sketched	the	larger	context
of	research	before	the	focus	shifted	to	the	specific	issues	covered	in	later
chapters.	This	chapter	returns	to	the	big	picture	and	looks	briefly	at	the	scale
within	the	larger	context	of	an	investigation.

Before	Scale	Development

Look	for	Existing	Tools
Early	in	this	volume,	I	suggested	that	scale	development	often	arises	from	a	lack
of	appropriate	existing	instruments.	It	is	important	and	efficient	to	be	quite
certain	that	a	suitable	measurement	alternative	does	not	already	exist.	Elsewhere
(DeVellis,	1996),	I	have	suggested	ways	of	searching	for	appropriate	scales.
Essentially,	this	process	involves	searching	published	and	electronic	compendia
of	measures	to	determine	whether	a	suitable	instrument	already	exists.	Published
series	such	as	the	Mental	Measurements	Yearbook	(e.g.,	Spies,	Carlson,	&
Geisinger,	2010)	and	Tests	in	Print	(Murphy,	Spies,	&	Plake,	2006)	contain
primarily	clinical	measures,	including	tests	of	ability	and	personality.	These	are
often	the	tools	that	applied	psychologists	will	use	for	assessing	clients.	Tools
intended	primarily	for	research	are	less	prominent,	but	some	are	included.
Another	category	of	resources	is	targeted	compilations,	such	as	the	classic
Measures	of	Personality	and	Social	Psychological	Attitudes	(Robinson,	Shaver,
&	Wrightsman,	1991).	Relevant	journals	are	also	an	excellent	place	to	find	what
measurement	strategies	have	worked	successfully	for	others	interested	in	the
same	constructs.

With	increasing	frequency,	researchers	can	find	information	about	measurement
instruments	on	the	Internet.	In	fact,	the	Internet	may	be	where	the	most	rapid
expansion	of	measurement-related	information	is	appearing.	As	an	example	of



the	expansion	of	Internet	resources,	both	the	Mental	Measurements	Yearbook
(Spies	et	al.,	2010)	and	Tests	in	Print	(Murphy	et	al.,	2006)	are	now	searchable
online	at	the	website	for	the	Buros	Institute	of	Mental	Measurements	at	the
University	of	Nebraska	at	Lincoln	(http://www.unl.edu/buros/).	Another	notable
example	of	an	online	resource	for	information	about	measures	is	the	website
associated	with	the	Patient-Reported	Outcomes	Measurement	Information
System	(PROMIS).	PROMIS	is	a	research	initiative	supported	by	the	National
Institutes	of	Health	as	part	of	its	Roadmap	for	Medical	Research	(see	Ader,
2007,	for	an	overview)	to	bring	greater	order	and	clarity	to	the	assessment	of
important	end	states	in	health	research	(PROMIS,	2010).	This	site	is	a	gateway
to	information	developed	through	a	collaborative	effort	involving	multiple
universities	and	sponsored	by	the	National	Institutes	of	Health.	The	PROMIS
investigators	have	reviewed,	evaluated,	classified,	modified,	and	developed
items	assessing	health	outcomes	in	five	broad	domains:	physical	functioning,
social	functioning,	emotional	distress,	pain,	and	fatigue.	These	items	have
undergone	careful	scrutiny	using	methods	based	in	item	response	theory.	The
items	in	the	various	domain	banks	may	represent	the	most	carefully	studied
items	of	their	type.	As	the	PROMIS	effort	continues,	items	will	undergo
extensive	validation	and	new	item	sets	will	likely	be	added.

Although	there	are	exceptions,	such	as	those	noted	above,	Internet-based
repositories	of	widely	used	measurement	scales	tend	to	be	transitory.	Exigencies
of	funding,	staffing,	and	other	administrative	issues	complicate	the	maintenance
of	such	sites,	and,	as	a	result,	many	do	not	last	more	than	a	few	years.
Nonetheless,	the	Internet	remains	a	valuable	resource	for	researchers	seeking	to
locate	scales.	Internet	search	engines	are	an	excellent	tool	for	identifying
measurement	instruments	targeting	specific	variables.	In	a	sense,	advances	in
search	algorithms	have	reduced	the	necessity	for	localized	repositories.	If	a	tool
has	been	developed	to	measure	a	particular	variable,	an	Internet	search	is	likely
to	find	either	the	tool	itself	or	information	about	how	it	can	be	located.

As	with	any	Internet-based	information,	the	consumer	needs	to	consider	the
origin	of	the	information	and	its	trustworthiness.	Sites	sponsored	by	universities,
government	agencies,	or	other	established	institutions	or	organizations	usually
offer	accurate	and	credible	information.	In	general,	however,	caution	is
warranted.	Just	as	there	is	an	abundance	of	“junk	science”	books,	there	are	also
plenty	of	Internet	sites	that	may	adopt	a	tone	and	appearance	of	scientific
legitimacy	that	is	not	commensurate	with	their	content.	The	skills	you	have
gained	from	this	book	should	help	you	evaluate	measurement	information

http://www.unl.edu/buros/


sources	more	critically	in	any	format	and	determine	whether	the	measures
described	have	demonstrated	adequate	reliability	and	validity.	Whether	or	not	the
scale	has	been	published	in	a	peer-reviewed	journal	is	yet	another	means	of
evaluating	its	credibility.	Of	course,	in	addition	to	having	passed	peer	review,	a
scale	will	be	useful	only	if	it	fits	the	researcher’s	conceptualization	of	the
variable	of	interest.	Thus,	scrutiny	beyond	the	imprimatur	of	appearance	in	a
journal	is	warranted	before	deciding	that	a	particular	scale	is	a	good	choice	for	a
given	research	project.

View	the	Construct	in	the	Context	of	the	Population	of
Interest
It	is	often	important	to	assess	whether	the	theoretical	constructs	we	as
researchers	identify	correspond	with	the	actual	perceptions	and	experiences	of
the	people	we	plan	to	study.	Focus	groups	(e.g.,	Krueger	&	Casey,	2000)	and
other	qualitative	approaches	(e.g.,	DeWalt,	Rothrock,	Yount,	&	Stone,	2007)	can
be	a	means	of	determining	whether	ideas	that	underlie	constructs	of	interest
make	sense	to	respondents.	As	an	example,	consider	attributions—the
explanations	or	interpretations	people	ascribe	to	various	outcomes.	Often,	these
are	assessed	along	dimensions	such	as	“under	my	control”	versus	“not	under	my
control,”	“specific	to	this	situation”	versus	“applicable	to	most	situations,”	or	“a
characteristic	of	me”	versus	“a	characteristic	of	the	environment	or	situation.”
Research	into	attribution	processes	has	been	highly	productive.	Most	people	can
analyze	outcomes,	such	as	receiving	a	job	offer	following	an	interview,	along
such	dimensions.	In	some	situations,	however,	this	may	not	be	the	case.	For
example,	asking	non-native-born,	rural-dwelling,	poorly	educated	elders,
unaccustomed	to	thinking	in	such	terms,	to	evaluate	illness	outcomes	or
purchasing	decisions	along	these	three	dimensions	may	not	work	well.
Experience	suggests	that	they	may	simply	not	understand	the	task	because	it	is
so	foreign	to	the	way	they	think	about	things.	A	focus	group	asking	potential
research	participants	to	discuss	relevant	concepts	might	make	such	a	problem
evident	and	preclude	a	measurement	strategy	that	would	be	doomed	to	failure.

Focus	groups	can	also	reveal	the	natural,	everyday	language	that	people	use	to
talk	about	a	concept.	A	young	mother	may	not	use	the	same	terms	as	a	marketing
expert	to	describe	reactions	to	a	product.	The	former	may	use	“pretending”	to
describe	her	child	playing	without	using	a	particular	toy,	while	a	marketing
researcher	might	describe	such	play	as	“product	nondirected.”	Structuring	items



around	the	mother’s	language	usage	(e.g.,	“How	much	playtime	does	your	child
spend	just	pretending,	without	using	any	toys?”)	rather	than	the	expert’s	(e.g.,
“How	much	time	does	your	child	spend	in	product-nondirected	play?”)	is	more
likely	to	yield	a	tool	suitable	for	measuring	her	perceptions	of	how	her	child
interacts	with	various	products.

Cognitive	interviewing	is	another	qualitative	method	for	determining	how
potential	respondents	interpret	and	understand	items.	Although	there	are	a
variety	of	approaches	(e.g.,	Willis,	2005),	the	basic	idea	is	to	learn	from
respondents	by	asking	them	what	they	understood	an	item	to	be	about	and	how
they	formulated	a	response	to	it.	This	method	can	often	reveal	confusion	around
vocabulary	or	concepts	or	misunderstandings	related	to	response	options	that	a
researcher	might	overlook	without	cognitive	interviewing.	This	provides
additional	assurance	that	the	investigator	and	the	respondent	have	a	common
understanding	about	the	meaning	of	items	and,	thus,	can	enhance	the	validity	of
a	scale.

A	note	of	caution:	Some	researchers	advocate	having	the	target	population	give
final	approval	of	questionnaires.	This	is	admirable	and	is	likely	to	give	the
participants	a	greater	sense	of	active	participation	in	the	research	process;
however,	it	is	important	to	recognize	the	boundaries	of	respondents’	expertise.
They	may	know	better	than	the	investigator	how	they	and	people	of	similar
backgrounds	talk	about	various	issues,	and	they	are	uniquely	qualified	to	provide
insights	into	their	own	understanding	of	a	questionnaire’s	contents.	Focus	groups
and	cognitive	interviewing	can	capitalize	on	the	expertise	that	members	of	the
target	population	have	with	respect	to	such	matters.	They	are	not,	however,
experts	in	the	technical	details	of	scale	construction.	It	is	unfair	to	expect
nonexperts	to	understand	the	issues	discussed	in	Chapter	5,	for	example,	as	they
apply	to	item	construction.	As	a	case	in	point,	a	nonexpert	might	prefer	an	item
that	is	worded	in	a	pleasant,	moderate	way,	whereas	an	experienced	scale
developer	might	recognize	that	the	preferred	wording	would	generate	little
variation	in	responses,	thus	rendering	the	item	useless.	My	personal
recommendation	is	this:	Be	sensitive	to	participants’	concerns,	help	them	feel
actively	involved	in	a	variety	of	ways	if	that	is	appropriate,	make	full	use	of	their
expertise	regarding	linguistic	or	cultural	aspects	of	item	wording,	and	heed	their
observations	regarding	the	meaning	of	items	for	the	populations	of	interest,	but
reserve	the	right	of	final	approval	on	item	wording.	We	do	not	honor	our
research	participants	if	we	inadvertently	create	a	situation	in	which	their	views,
feelings,	or	opinions	cannot	be	accurately	gauged;	we	simply	waste	their	time.



The	goal	is	to	understand	what	ways	of	expressing	concepts	will	be	most	clear	to
respondents	while	maintaining	the	integrity	of	those	concepts.	Doing	so	can
benefit	from	understanding	the	special	insights	that	the	participants	and
investigators	bring	to	the	endeavor	and	capitalizing	on	both	sets	of	strengths.

Decide	on	the	Mode	of	Scale	Administration
Researchers	can	collect	data	in	a	variety	of	ways	(e.g.,	Dillman,	2007;	Fowler,
2009),	and	they	may	choose	to	match	modes	of	administration	to	the	preferences
of	respondents.	Accordingly,	a	team	of	investigators	might	consider	using	an
interview	rather	than	a	printed	questionnaire.	It	is	important	to	recognize	that	a
scale	intended	to	be	completed	in	print	form	may	have	substantially	different
properties	when	the	items	and	responses	are	presented	orally.	For	example,
parents	might	be	more	reluctant	to	acknowledge	high	aspirations	if	they	have	to
report	them	aloud	to	an	interviewer	rather	than	marking	a	response	option.
Generally,	it	is	wise	to	restrict	the	mode	of	administering	a	new	scale	to	the
method	used	during	scale	development.	Alternatively,	researchers	should
systematically	examine	the	impact	of	mode	of	administration	on	a	scale.	A
generalizability	study	(see	Chapter	3)	may	be	used	to	determine	the	scale’s
generalizability	across	administration	modes.

Consider	the	Scale	in	the	Context	of	Other	Measures
or	Procedures
What	questions	or	research	procedures	will	precede	the	scale	itself?	How	will
these	questions	affect	responses	to	the	scale?	Nunnally	(1978,	pp.	627–677)
refers	to	contextual	factors	such	as	response	styles,	fatigue,	and	motivation	as
contingent	variables.	He	also	points	out	that	they	can	adversely	affect	research	in
three	ways:	(1)	by	reducing	the	reliability	of	scales;	(2)	by	constituting	reliable
sources	of	variation	other	than	the	construct	of	interest,	thus	lowering	validity;
and	(3)	by	altering	the	relationships	among	variables,	making	them	appear,	for
example,	to	be	more	highly	correlated	than	they	actually	are.	As	an	example	of
how	contingent	variables	might	operate,	consider	mood	induction	and	cognitive
sets	as	they	might	apply	to	the	marketing	research	example.	The	former	might	be
an	issue	if,	for	example,	the	market	researchers	decided	to	include	a	depression
or	self-esteem	scale	in	the	same	questionnaire	as	their	aspirations	scale.	Scales
tapping	these	(and	other)	constructs	often	contain	items	that	express	negative



views	of	one’s	self.	The	Rosenberg	Self-Esteem	Scale	(Rosenberg,	1965),	for
example,	contains	such	items	as	“I	feel	I	do	not	have	much	to	be	proud	of”	(as
well	as	items	expressing	a	positive	self-appraisal).	A	researcher	who	was	not
sensitive	to	the	potential	effects	of	mood	induction	might	select	a	series	of
exclusively	self-critical	items	to	accompany	a	newly	developed	scale.	Reading
statements	that	consistently	express	negative	assessments	of	one’s	self	may
induce	a	dysphoric	state	that,	in	turn,	can	cause	whatever	follows	to	be	perceived
differently	than	it	would	otherwise	(e.g.,	Kihlstrom,	Eich,	Sandbrand,	&	Tobias,
2000;	Rholes,	Riskind,	&	Lane,	1987).	This	might	result	in	each	of	the	three
adverse	effects	noted	by	Nunnally	(1978).	That	is,	in	the	presence	of	affectively
negative	items,	aspiration	items	might	take	on	a	somewhat	different	shade	of
meaning,	thus	lowering	the	proportion	of	variance	in	those	items	that	is
attributable	to	the	intended	latent	variable.	Or,	in	an	extreme	instance,	some
items	from	the	aspiration	scale	might	come	to	be	influenced	primarily	by	the
induced	mood	state,	rendering	the	scale	multifactorial	and	lowering	its	validity
as	a	measure	of	parental	aspiration.	Finally,	to	the	extent	that	respondents’	mood
affected	their	responses	to	the	aspiration	items,	scores	for	this	scale	might
artificially	correlate	highly	with	other	mood-related	measures.

Cognitive	sets	are	a	more	general	example	of	the	same	phenomenon.	That	is,
some	frame	of	reference	other	than	mood	might	be	induced	by	focusing
respondents’	attention	on	a	specific	topic.	For	example,	immediately	preceding
the	aspiration	scale	with	items	concerning	the	respondents’	income,	the	value	of
their	home,	and	the	amount	they	spend	annually	on	various	categories	of
consumer	goods	might	create	a	mental	set	that	temporarily	alters	their
aspirations	for	their	children.	As	a	result,	the	responses	to	the	scale	might	reflect
an	unintended	transient	state.	As	with	mood,	this	cognitive	set	might	adversely
affect	the	reliability	and/or	validity	of	the	scale	by	contaminating	the	extent	to
which	it	unambiguously	reflects	parental	aspirations.

After	Scale	Administration
A	quite	different	set	of	issues	emerges	after	the	scale	has	been	used	to	address	a
substantive	research	question.	The	primary	concerns	at	this	point	are	analysis
and	interpretation	of	data	generated	by	the	instrument.

Analytic	Issues



One	issue	in	data	analysis	is	the	appropriateness	of	various	techniques	for
variables	with	different	scaling	properties.	The	theoretical	perspective	and
methods	advocated	most	strongly	in	this	book	should	result	in	scales	that	are
amenable	to	a	wide	variety	of	data	analytic	methods.	Although,	strictly	speaking,
items	using	Likert	or	semantic	differential	response	formats	may	be	ordinal,	a
wealth	of	accumulated	experience	supports	applying	interval-based	analytic
methods	to	the	scales	they	yield.	However,	the	question	of	what	methods	are	best
suited	to	what	types	of	data	has	been,	and	certainly	will	continue	to	be,	hotly
debated	in	the	social	sciences.	Determining	how	different	response	options	affect
estimates	of	underlying	variables	is	an	active	research	area	in	its	own	right.	Also,
different	audiences	will	have	different	expectations	for	how	measures	are
treated.	Whereas	psychologists,	for	example,	may	be	fairly	sanguine	in	treating
Likert	scales	as	producing	interval-level	data,	epidemiologists	may	not	be.
Perhaps	the	most	practical	approach	is	to	monitor	(and	conform	to)	the
prevailing	sentiment	with	respect	to	this	issue	in	one’s	area	of	interest.

Interpretation	Issues
Assuming	that	the	researcher	has	arrived	at	a	suitable	analytic	plan	for	the	data
generated	by	a	newly	developed	scale,	the	question	of	how	to	interpret	the	data
remains.	One	point	to	keep	in	mind	at	this	juncture	is	that	the	validity	of	a	scale
is	not	firmly	established	during	scale	development.	Validation	is	a	cumulative,
ongoing	process.	Moreover,	validity	is	really	a	characteristic	of	how	a	scale	is
used,	not	of	the	scale	itself.	A	depression	scale,	for	example,	may	be	valid	for
assessing	depression	but	not	for	assessing	general	negative	affect.

Also,	it	is	important	to	think	about	one’s	findings.	Especially	if	the	results	appear
strongly	counterintuitive	or	countertheoretical,	the	researcher	must	consider	the
possibility	that	the	scale	is	invalid	in	the	context	of	that	particular	study	(if	not
more	broadly).	It	may	be	that	the	extent	to	which	the	validity	of	the	scale
generalizes	across	populations,	settings,	specific	details	of	administration,	or	an
assortment	of	other	dimensions	is	limited.	For	example,	the	hypothetical	parental
aspiration	measure	might	have	been	developed	with	a	relatively	affluent
population	in	mind,	and	its	validity	for	individuals	whose	resources	are	more
limited	may	be	unacceptable.	Any	conclusions	based	on	a	scale	that	has	had
limited	use	should	consider	the	following:	(a)	how	its	present	application	differs
from	the	context	of	its	original	validation,	(b)	the	likelihood	that	those
differences	might	limit	the	validity	of	the	scale,	and	(c)	the	implications	of	those



limitations	for	the	present	research.

Generalizability
The	previous	paragraph	cautioned	against	generalizing	across	populations,
settings,	and	other	aspects	of	research.	This	issue	warrants	further	emphasis.
Reaching	conclusions	about	group	differences	potentially	confounds	differences
in	the	phenomenon	being	measured	and	differences	in	the	performance	of	the
instrument.	If	we	can	assume	the	latter	to	be	trivial,	then	we	can	ascribe
observed	differences	to	group	membership.	In	many	situations	(e.g.,	comparing
off-task	time	in	two	groups	of	children	randomly	selected	and	allocated	to
groups),	this	will	be	the	case.	In	others	(e.g.,	comparisons	across	culturally
distinct	groups),	we	cannot	assume	identical	instrument	performance.
Differential	item	functioning,	discussed	briefly	in	Chapter	7,	is	an	active	area	of
psychometric	research.	Although	most	researchers	will	not	make	it	a	focus	of
their	own	efforts,	they	should	recognize	the	possibility	of	its	presence	and	the
limitations	it	may	impose	on	their	conclusions.

Final	Thoughts

Small	Measurement	and	Big	Measurement
A	final	aspect	of	measurement	that	warrants	consideration	is	the	scope	of	the
undertaking	and	the	complexity	of	the	tools	needed	for	the	task.	Elsewhere	in
this	volume	(e.g.,	in	discussing	content	validity),	I	have	talked	about	the	breadth
of	the	construct	an	instrument	is	designed	to	assess.	I	would	like	to	return	here	to
a	related	topic	by	looking	at	how	the	scope	of	the	measurement	context	can
relate	to	the	complexity	of	the	overall	measurement	effort.	I	begin	with	an
analogy.

Canoes	and	Cruise	Ships
As	a	graduate	student,	I	spent	an	afternoon	assisting	a	friend	who	was	building	a
canoe	from	a	kit	he	had	purchased	via	mail	order.	This	was	an	economically	and
technologically	feasible	undertaking	for	someone	strapped	with	all	the	usual
expenses	and	time	demands	of	attending	a	graduate	program,	and	that	canoe



served	my	friend	and	his	family	well	for	many	years.	Had	he	suggested	that	I
give	him	a	hand	throwing	together	a	cruise	ship	using	some	money	he	had
managed	to	squirrel	away,	I	probably	would	have	referred	him	to	the	campus
mental	health	facility.	But	he	did	not	need	a	cruise	ship	for	the	types	of	water
outings	that	he	envisioned	and	eventually	enjoyed.	A	canoe	was	both	practicable
and	well	suited	to	the	uses	he	intended.

Canoes	and	cruise	ships	are	both	worthy	vessels	although	distinctly	different.
Perhaps	the	two	most	obvious	differences	between	them	are	their	size	and	their
function.	Canoes	are	small,	highly	maneuverable	boats	that	are	ideal	for	use	in
relatively	enclosed	waters	by	perhaps	two	or	three	occupants.	If	you	want	to
explore	a	gentle	river,	taking	time	to	tuck	into	its	various	coves	and	examine	the
habitat	in	some	detail,	a	well-designed	and	carefully	constructed	canoe	is	a
highly	suitable	means.

Cruise	ships	are	very	large	vessels	capable	of	holding	thousands	of	passengers
and	providing	them	with	a	range	of	comforts	and	activities	while	crossing	open
seas.	They	have	been	compared	to	floating	cities	with	respect	to	the	range	of
services	and	amenities	they	offer.	These	typically	include	ballrooms,	elaborate
dining	facilities,	comfortable	sleeping	accommodations,	and	specialized	services
provided	by	large	staffs.	A	cruise	ship	is	a	good	deal	more	than	a	means	of
transportation.	It	fulfills	multiple	functions,	such	as	entertainment	and
accommodation,	and	can	render	those	functions	equally	well	in	many	different
parts	of	the	world.	Size	and	function	are	not	the	only	differences	between	these
two	types	of	watercraft.	Operating	each	type	requires	different	levels	of
expertise.	Most	healthy	adults	(and	many	children)	with	some	relatively	brief
instruction	and	experience	can	successfully	pilot	a	canoe.	A	cruise	ship,	on	the
other	hand,	requires	a	highly	trained	and	certified	crew	of	maritime	professionals
to	operate	it	safely.	The	time	involved	in	designing,	building,	and	deploying	a
canoe	is	a	mere	fraction	of	the	comparable	time	scale	for	bringing	a	cruise	ship
into	service.	The	forms	that	canoes	and	cruise	ships	take	are	informed	by
different	knowledge	bases,	with	a	decidedly	different	balance	between
experience	and	advanced	technology	differentiating	them.	Perhaps	because	of
their	relative	simplicity,	canoes	in	various	forms	have	been	in	use	for	millennia.
Consequently,	we	have	a	wealth	of	practical	knowledge	about	them	that	can	help
us	understand	the	strengths	and	weaknesses	of	various	design	alternatives.
Cruise	ships,	in	contrast,	have	a	far	shorter	history	but	benefit	from	technological
advancements	in	design	and	manufacture.	Finally,	whereas	the	cost	of	a	canoe	is
relatively	modest,	the	cost	of	designing,	building,	outfitting,	and	staffing	a	cruise



ship	is	several	orders	of	magnitude	greater.

Canoes	and	cruise	ships	each	do	their	respective	jobs	well.	Canoes	are	generally
best	for	small-scale	journeys,	although	in	times	past,	long-distance	voyages	were
successfully	completed	in	canoes.	What	we	now	call	the	Hawaiian	Islands,	for
example,	were	likely	first	settled	by	travelers	from	other	parts	of	Polynesia
traveling	considerable	distances	by	canoe.	Nonetheless,	today	most	of	us	would
far	prefer	to	traverse	the	open	waters	of	the	South	Pacific	on	a	cruise	ship,	with
the	comfort,	convenience,	and	safety	it	offers.	Although	a	canoe	could	(and
presumably	did)	get	the	job	done,	a	vessel	more	elaborate	and	capable	seems
better	suited	for	the	job,	and	trans-Polynesian	voyages	these	days	are	far	more
likely	to	involve	cruise	ships	than	canoes.	On	the	other	hand,	once	arriving	in
Hawaii	from	some	other	Polynesian	archipelago,	a	traveler	might	step	off	of	the
cruise	ship	and	arrange	to	use	a	much	smaller	craft,	such	as	a	canoe	or	kayak,	to
do	some	up-close	exploring	in	the	islands’	smaller	waterways.	The	large,
cumbersome	cruise	ship	simply	cannot	function	as	nimbly	as	a	canoe	when	the
scale	of	the	waterway	is	reduced.	Also,	multiple	canoes	can	easily	be	deployed
to	explore	different	regions	along	a	jagged	coast	or	circuitous	waterway.

So	which	is	better,	a	cruise	ship	or	a	canoe?	I	would	suggest	that	each	has	its
place	and	purpose,	and	although	their	functions	overlap	to	a	degree,	there	are
clearly	situations	for	which	one	or	the	other	is	preferable.	The	canoe	is	certainly
less	costly	to	obtain	but,	despite	heroic	canoe	journeys	completed	in	ancient
times,	probably	should	be	limited	to	more	modest	duty.	On	the	other	hand,	the
cost,	technological	expertise,	time,	and	general	effort	involved	in	building	a
cruise	ship	preclude	its	use	for	more	circumscribed	aquatic	outings	for	which	a
much	smaller	craft	would	be	completely	adequate.

Measurement	“Canoes”	and	Measurement	“Cruise
Ships”
In	a	general	sense,	one	can	contrast	“small	measurement”	with	“big
measurement”	and	draw	some	comparisons	to	our	discussion	of	watercraft.	What
I	refer	to	as	small	measurement	involves	conceptualizing,	developing,	and
evaluating	measures	that	are	typically	more	focused	and	specific.	Typical
examples	are	the	numerous	instances	in	which	an	investigator	seeks	to	answer,
within	a	circumscribed	research	endeavor,	specific	questions	about	some
variables	for	which	suitable	existing	measures	are	not	available.	In	this	situation,



many	investigators	will	devote	time	to	creating	the	measures	that	their	research
demands.	Although	circumstances	will	obviously	differ	from	instance	to	instance
of	small	measurement,	often	the	researcher	has	considerable	control	over	how
broadly	or	narrowly	the	construct	is	operationalized.	Items	developed	to	capture
the	construct	frequently	can	be	designed	to	target	the	latent	variable	of	interest
with	considerable	precision	and	to	meet	certain	assumptions	that	can	simplify
the	development	and	validation	process.	Initial	development	often	spans	months
rather	than	multiple	years,	and	the	resources	needed	and	the	tasks	involved	in	the
effort	are	relatively	manageable.	Small	measurement,	in	these	respects,
resembles	the	canoe	in	our	earlier	analogy.	That	is,	the	size	of	the	project	is
relatively	modest,	the	function	of	the	newly	developed	tool	will	be	quite	specific,
the	level	of	expertise	needed	to	construct	the	tool	is	well	within	the	grasp	of
many	competent	researchers,	the	time	required	is	manageable,	the	process	can
capitalize	on	practical	experience	rather	than	relying	on	cutting-edge
advancements,	and	the	overall	cost	is	not	excessive.

By	big	measurement,	in	contrast,	I	mean	work	aimed	at	assessing	broad,
multifaceted	concepts	in	ways	intended	to	provide	highly	generalizable	findings
and	sets	of	tools	that	can	be	extensively	used	across	a	range	of	diverse	and
potentially	challenging	circumstances.	In	addition	to	the	concepts	themselves
being	broad,	the	level	of	expertise	required	to	do	big	measurement	justice	is
often	substantial.	Such	activities	often	unfold	over	an	extended	time	frame,	and
the	design	of	the	instruments	may	rely	more	heavily	on	cutting-edge
advancements	in	measurement	theory	and	practice	than	on	practical	experience
with	tried-and-true	approaches.	As	a	consequence	of	these	various	demands,	the
overall	cost	of	big	measurement	is	typically	substantial.

Examples	of	big	measurement	include	standardized	educational	testing	such	as
the	Scholastic	Aptitude	Test	(SAT)	and	Graduate	Record	Examination	(GRE)	or
comprehensive	health	assessment	projects	such	as	the	PROMIS	initiative.	In
these	instances,	the	variables	being	measured	are	complex	and	embrace	a	range
of	more	specific	concepts.	Scholastic	aptitude,	for	example,	encompasses	more
distinctive	attributes	such	as	reading	comprehension,	vocabulary,	and
mathematical	competencies.	PROMIS	is	similarly	broad,	developing	measures
for	a	variety	of	health-related	outcomes	ranging	from	depression	to	social
engagement	to	mobility	limitations.	These	examples	also	are	hierarchical	in	that
they	identify	more	specific	variables	(e.g.,	grammatical	skills	or	mobility
limitations)	as	being	part	of	broader	concepts	(e.g.,	verbal	aptitude	or	physical
functioning).	Comprehensive	assessments	of	broad	concepts	such	as	these



academic	and	health	outcomes	are	resource-intensive	activities,	typically
involving	many	years	of	effort	and	large,	highly	skilled	research	teams.	As	an
example	of	the	specialized	expertise	needed	for	endeavors	of	this	scope,	when
PROMIS	began,	it	consisted	of	multiple	research	centers	pursuing	different
aspects	of	the	larger	health	outcomes	domain.	Each	of	these	teams	included	one
or	more	professionals	with	substantial	experience	in	measurement.	As	work
unfolded,	the	PROMIS	investigators	faced	challenges	that	taxed	the	available
expertise	of	the	core	teams,	and	the	program	sought	additional	input	from	more
experienced	and	specialized	experts.	As	work	proceeded	still	further,	the	original
cadre	of	outside	experts	sought	the	opinions	of	even	more	experienced	and
specialized	psychometricians.	Big-measurement	projects	such	as	the	SATs	or
PROMIS	are	analogous	to	the	multifunction	cruise	ships	I	described	earlier.

Although	the	goals	and	demands	of	small	measurement	are	typically	less	than
those	necessary	for	big	measurement,	the	“big”	and	“small”	labels	are	not
intended	to	denote	differences	of	importance	or	scientific	value.	Indeed,	many
big	measurement	projects	are	inspired	by	earlier	small	measurement	efforts	(just
as	cruise	ships	today	may	follow	routes	that	prehistoric	canoes	once	traversed).
Specific	measures	of	important	attributes	can	spawn	highly	productive	research
programs.	In	some	cases,	these	will	expand	in	scope,	and	the	measurement
models	used	may	transition	from	small	to	big	measurement.	In	other	instances,
highly	specific	variables	will	remain	an	important	focus	of	interest	without
becoming	broader	or	warranting	a	transition	to	more	elaborate	or	extensive
measurement	efforts.

Practical	Implications	of	Small	Versus	Big
Measurement
Often,	the	models	and	analytical	tools	needed	for	small	measurement	can	be
simpler.	Of	course,	the	“right”	model	and	the	“right”	analytical	approach	are
dictated	primarily	by	the	nature	of	the	research	questions,	but	with	small
measurement,	it	may	be	more	feasible	to	design	items	that	meet	the	assumptions
of	simpler	models	and	that	require	less	complicated	analytic	approaches.	For
example,	in	Chapter	5,	when	discussing	Likert	scale	items,	I	suggested
calibrating	item	wording	by	imagining	how	the	typical	respondent	would	answer
each	of	a	set	of	items	under	consideration.	I	further	recommended	engineering
the	items	so	that	most	respondents	would	likely	choose	a	response	near	the
middle	of	the	range	of	response	options	available	to	them.	This	essentially



amounts	to	striving	for	items	that	are	equally	sensitive	indicators	of	the	strength
of	each	respondent’s	level	of	the	underlying	variable.	A	common	consequence	of
this	fairly	simple	step	is	that	it	tends	to	produce	items	whose	variances	and
loadings	on	their	shared	factor	are	relatively	substantial	and	fairly	homogeneous.
That	is,	the	items	tend	to	conform	more	closely	to	the	assumptions	of	essential
tau	equivalence.	If	the	empirical	evidence	reveals	that	the	variances	and	loadings
are,	in	fact,	fairly	homogeneous	and	the	items	were	explicitly	constructed	with
the	idea	in	mind	of	making	them	equally	good	indicators	of	the	underlying
variable,	then	methods	based	on	essential	tau	equivalency	(such	as	coefficient
alpha)	may	be	appropriate.	(Another	clue	that	the	essentially	tau-equivalent
model	may	fit	the	data	is	establishing	that	coefficient	alpha	computed	using
either	the	covariance-	or	the	correlation-based	formulas	yield	very	similar
values.)	Also,	attempting	to	write	items	so	that	the	typical	respondent	will	likely
choose	a	response	option	near	the	center	of	the	available	range	will	tend	to
reduce	skewness	in	the	data.	As	the	discussion	of	limitations	of	alpha	in	Chapter
3	revealed,	avoiding	skewness	will	mitigate	potential	problems	with	using	alpha
when	response	options	are	not	truly	interval	scaled.	Likewise,	equal	item
weighting	is	easily	justified	when	variances	and	loadings	are	relatively
homogeneous	so	that	a	sum	or	average	of	individual	item	scores	can	readily
serve	as	a	summary	score	for	the	scale	as	a	whole.

The	greater	control	that	the	investigator	typically	enjoys	in	cases	of	small
measurement	may	allow	for	conceptually	and	analytically	simpler	approaches.	It
may	also	be	useful,	using	the	same	data,	to	compare	results	between	more
traditional	approaches	(e.g.,	computing	coefficient	alpha	based	on	standard
Pearson	correlations)	and	enhanced	approaches	that	rest	on	more	liberal
assumptions	(e.g.,	computing	omega	as	an	estimate	of	reliability).	Comparisons
of	this	sort,	using	real	data	from	items	created	with	an	awareness	of	the	model
assumptions	they	were	designed	to	meet,	are	still	relatively	rare	and	would
render	a	considerable	service	to	the	research	community.

The	ideas	discussed	here	primarily	concern	reliability,	and,	of	course,	the	extent
of	a	scale’s	reliability	imposes	limitations	on	its	validity.	However,	as	noted	in
Chapter	4,	“going	big”	can	impact	validity	more	directly	(e.g.,	by	making	all	or
some	of	a	scale’s	items	content	invalid	in	certain	contexts).	Thus,	the	scope	of	a
planned	measurement	effort	is	important	at	multiple	stages	of	scale	development
and	merits	thoughtful	consideration.

If	either	the	data	or	the	research	questions	do	not	justify	simpler	approaches	to



scale	development,	then	the	investigator	should	use	whatever	is	necessary	to
provide	the	clearest	and	most	accurate	account	of	the	measurement	process	and
the	resultant	instrument.	In	some	instances,	that	may	require	seeking	input	from
more	experienced	measurement	specialists.	Just	because	oceans	were	once
crossed	in	canoes	does	not	mean	that	doing	so	today,	when	more	robust	vessels
exist,	is	wise.	But	by	the	same	token,	if	the	process	can	be	streamlined	while	just
as	adequately	fulfilling	the	intended	research	objectives,	the	resulting	simplicity
can	be	a	substantial	benefit.	In	addition,	unnecessary	effort	and	resources	not
committed	to	the	measurement	phase	of	an	investigation	may	be	diverted	to	the
benefit	of	some	other	aspect	of	the	project.	Although	there	is	value	in
understanding	how	more	complex	measurement	models	and	analytic	approaches
can	be	deployed,	there	is	equivalent	value	in	recognizing—preferably	at	an	early
stage	of	the	work—when	their	deployment	really	is	not	necessary	to	accomplish
the	goal	at	hand.	Small	measurement	will	often	present	opportunities	for	such
streamlining	that	big	measurement	rarely	does.

Remember,	Measurement	Matters
Measurement	is	a	vital	aspect	of	social	and	behavioral	research.	No	matter	how
well	designed	and	executed	other	aspects	of	a	research	endeavor	may	be,
measurement	can	make	or	break	a	study.	We	assume	that	the	variables	of	interest
to	us	correspond	to	the	assessment	procedures	we	use.	Often,	the	relationship	of
primary	interest	is	between	two	or	more	unobservable	variables,	such	as	desire
for	a	certain	outcome	and	failure	to	consider	alternative	outcomes.	We	cannot
directly	measure	desire	or	consideration,	so	we	construct	measures	that	we	hope
will	capture	them.	These	measures	are,	in	a	sense,	quantitative	metaphors	for	the
underlying	concepts.	Only	to	the	extent	that	those	metaphors	are	apt	(i.e.,	the
instruments	are	valid)	will	the	relationships	we	observe	between	measures	reflect
the	relationship	we	wish	to	assess	between	unobservable	constructs.	Exquisite
sampling,	superb	research	design,	and	fastidious	implementation	of	procedures
will	not	change	this	fact.	A	researcher	who	does	not	understand	the	relationship
between	measures	and	the	variables	they	represent,	in	a	very	literal	sense,	does
not	know	what	he	or	she	is	talking	about.	Viewed	in	this	light,	the	efforts
entailed	in	careful	measurement	are	amply	rewarded	by	their	benefits.

Exercise
1.	 Briefly	describe	small	measurement	and	big	measurement,	describe	the



advantages	and	disadvantages	of	each,	and	give	examples	of	research
contexts	in	which	each	might	be	more	appropriate.
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