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ABSTRACT:	 Many	 higher	 education	 institutions	 are	 in	 the	 process	 of	 adopting	 adaptive	
learning	platforms	for	online	and	hybrid	learning.	However,	it	is	unclear	how	effective	these	
platforms	 are	 at	 improving	 student	 success	 rates.	 ALEKS	 (Assessment	 and	 LEarning	 in	
Knowledge	 Spaces)	 is	 an	 adaptive	 learning	 system	 designed	 for	 courses	 in	 science	 and		
mathematics.	 ALEKS	 has	 several	 mathematics	 courses	 that	 cover	 developmental	
mathematics	 for	 both	 four	 year	 and	 two	 year	 colleges.	 In	 this	 study,	 we	 investigate	 the	
effectiveness	 of	 ALEKS	 at	 a	 community	 college,	where	 some	 sections	 have	 adopted	ALEKS	
while	others	chose	not	to	use	it.	We	conduct	different	possible	comparisons	of	ALEKS	versus	
Non-ALEKS	sections	and	students,	including	conducting	a	quasi-experiment	using	propensity	
score	matching	(PSM)	to	construct	two	similar	groups	of	learners	to	compare	between.	PSM	
is	conducted	by	matching	ALEKS	and	Non-ALEKS	users	across	their	Accuplacer	score,	age	and	
race.	 In	 all	 comparisons,	 students	 using	 ALEKS	 have	 significantly	 higher	 pass	 rates	 than	
comparison	 groups.	When	matching	 students	using	PSM,	 students	who	use	ALEKS	pass	 19	
percentage	points	more	often	than	students	who	do	not	use	ALEKS.		

Keywords:	efficacy,	adaptive	learning,	ALEKS,	propensity	score	matching,	quasi-experimental	
design.	

1 INTRODUCTION 

Adaptive	 learning	 is	 increasingly	 being	 adopted	 across	 different	 institutions	 and	 disciplines	 to	
improve	student	outcome	(Kolb	&	Kolb,	2005).	However,	 it	remains	unclear	how	effective	many	of	
these	platforms	are	at	producing	positive	outcomes	 in	these	settings.	 It	 is	 important	to	 investigate	
the	efficacy	of	adaptive	platforms	in	different	educational	settings,	to	help	instructors,	 institutions,	
and	students	to	decide	which	platforms	to	use	in	their	classes	(Hallahan,	Keller,	McKinney,	Lloyd,	&	
Bryan,	1988).		

In	 this	 study,	 we	 examine	 the	 effectiveness	 of	 ALEKS	 (Assessment	 and	 LEarning	 in	 Knowledge	
Spaces),	 a	widely	used	adaptive	 learning	 system,	 in	 the	 context	of	a	 community	 college.	Although	
there	is	evidence	for	ALEKS’s	effectiveness	in	other	contexts,	 including	in	K-12	schools	(Craig	et	al.,	
2013)	 and	 in	non-traditional	 adult	 learning	 settings	 (Rivera,	Davis,	 Feldman,	&	Rachkowski,	 2017),	
there	is	not	yet	solid	evidence	on	the	efficacy	of	ALEKS	in	a	community	college	setting.		

We	 investigate	 this	 question	within	 the	 context	 of	 a	 large	 community	 college	 in	 the	Midwestern	
United	States.	According	to	many,	a	randomized	controlled	trial	(RCT)	would	be	the	gold	standard,	
ideal	way	to	 investigate	this	question	(Silverman,	2009).	However,	RCTs	are	costly,	and	sometimes	
not	 feasible	 to	 conduct	 in	 educational	 settings,	 both	 due	 to	 difficulty	 in	 securing	 agreement	 for	
randomized	 assignment,	 and	 due	 to	 challenges	 in	 establishing	 implementation	 fidelity	 (Feng,	
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Roschelle,	Heffernan,	Fairman,	&	Murphy,	2014).	For	these	reasons,	many	researchers	have	argued	
for	 the	 use	 of	 quasi-experiment	 studies	 besides	 or	 instead	 of	 RCTs.	 In	 these	 studies,	 subjects	 are	
assigned	 to	 treatment	 and	 control	 groups	 based	 on	 some	 criteria	 such	 as	 subjects’	 date	 of	 birth,	
while	 in	RCTs	 this	 assignment	 is	 random.	Quasi-experiment	 studies	 are	 a	practical	 and	 acceptable	
alternative	to	RCTs	when	design	of	an	RCT	is	implausible	(Sullivan,	2011)	.	

Within	this	specific	community	college,	it	was	not	practical	to	randomly	assign	instructors	or	classes	
to	 conditions,	 as	 the	 college	 has	made	 a	 policy	 decision	 that	 eliminates	 the	 ability	 to	 use	 an	 RCT	
design	to	study	the	efficacy	of	its	chosen	product.	Instead,	the	college’s	administration	decided	that	
instructors	would	be	given	the	choice	of	adopting	ALEKS	in	their	courses,	and	many	instructors	chose	
not	to	use	it.	Even	when	an	instructor	did	choose	to	adopt	ALEKS,	it	was	not	required	for	students,	
and	was	counted	minimally	towards	the	final	grade.	Therefore,	only	a	portion	of	students	in	classes	
adopting	ALEKS	ever	used	ALEKS,	and	many	students	may	not	have	used	ALEKS	to	the	degree	or	in	
the	 fashion	 intended.	 Therefore,	 we	 probably	 should	 not	 simply	 compare	 ALEKS	 classes	 to	 non-
ALEKS	classes;	there	are	both	selection	bias	issues	and	valid	concerns	about	implementation	fidelity	
(Feng	et	al.,	2014).	

An	alternative	would	be	to	simply	compare	between	the	students	who	used	and	did	not	use	ALEKS,	
ignoring	what	classes	they	were	in.	However,	since	this	study	was	not	designed	as	an	RCT,	there	are	
issues	of	selection	bias	in	making	this	comparison	–	it	is	possible,	for	example,	that	the	students	who	
decided	to	use	ALEKS	could	have	been	the	strong	students	to	begin	with	and	would	have	done	well	
in	the	course	anyways.		

Therefore,	 in	 addition	 to	 investigating	 the	effectiveness	of	ALEKS	by	 comparing	between	different	
naturally-occurring	student	populations,	we	design	a	quasi-experiment	study	to	Isolate	the	effects	of	
student	 characteristics	 and	 find	 comparable	 student	populations	who	mainly	differ	 in	 their	 use	of	
ALEKS	(P.	R.	Rosenbaum,	2010).	This	is	done	using	propensity	score	matching	(PSM)	(Austin,	2011).	
Propensity	score	matching	is	explained	in	more	detail	in	section	2.	Section	3	explains	the	data	used	
in	this	study	and	the	study	design.	Sections	4	and	5	cover	the	results	and	conclusions	of	the	study.	

2 PROPENSITY SCORE MATCHING 

In	RCT,	random	allocation	is	used	to	choose	the	treatment	and	control	groups,	so	that	study	subjects	
have	 the	same	chance	of	being	assigned	 to	each	study	group.	However,	as	described	 in	section	1,	
random	assignment	is	not	plausible	in	many	studies.	For	example,	in	the	current	study,	learners	are	
assigned	 to	 the	 ALEKS	 or	 non-ALEKS	 group	 depending	 on	 the	 class	 they	 have	 registered	 for	 and	
whether	they	chose	to	use	ALEKS.	The	methods	to	study	such	groups	are	often	described	as	quasi-
experimental	(Cochran	&	Chambers,	1965).	The	main	concern	in	these	studies	is	selection	bias,	since	
subjects	are	assigned	to	each	group	based	on	a	criteria,	and	therefore	they	might	not	have	similar	
chances	of	being	assigned	to	treatment	and	control	groups.	PSM	is	a	method	that	is	used	to	remove	
this	bias	by	finding	control	and	treatment	groups	from	the	study	cohort,	such	that	they	have	similar	
probability	 of	 being	 assigned	 to	 the	 control	 and	 treatment	 group,	 at	 least	 according	 to	 a	 set	 of	
“baseline	 characteristic”	 variables	 describing	 members	 of	 the	 population.	 Therefore,	 it	 creates	 a	
study	that	resembles	an	RCT.	
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Considering	two	possible	outcomes	of	receiving	and	not	receiving	treatment,	each	learner	has	two	
potential	outcomes	of	Yi(0)	and	Yi(1),	 the	outcomes	under	the	control	and	treatment,	 respectively.	
However,	 each	 learner	 is	 either	 in	 the	 control	 or	 treatment	 group.	 We	 define	 Z	 as	 an	 indicator	
variable	on	whether	 the	 learner	 received	 the	 treatment	 (Z	=	0	 for	 control/non-ALEKS	vs.	 Z	=	1	 for	
treatment/ALEKS).	Therefore,	we	can	only	observe	one	outcome	for	each	learner.		

In	PSM,	for	each	member	of	the	intervention	group,	we	identify	a	member	of	the	control	group	that	
is	as	similar	as	possible	in	terms	of	their	propensity	score.	Then,	the	difference	in	outcomes	between	
the	matched	pair	is	computed.	The	average	of	this	difference	over	the	observed	pairs	is	an	estimate	
of	the	mean	causal	effect	of	a	particular	intervention	on	outcome.		

A	 propensity	 score	 is	 used	 to	 choose	 treatment	 and	 control	 groups	 with	 similar	 baseline	
characteristics.	A	propensity	score	is	defined	as	the	probability	of	the	subjects	being	assigned	to	the	
treatment	group,	given	a	set	of	baseline	characteristics	(P.	Rosenbaum	&	Rubin,	1983).	This	can	be	
formulated	 as	 the	 conditional	 probability	 of	 being	 exposed	 to	 intervention	 given	 baseline	
characteristics	X:	

ei	=	P	(Zi	=	1|Xi)	

where	ei	 is	the	propensity	score	and	X	 is	the	vector	of	observed	characteristics	of	the	subject.	This	
can	be	modelled	as	a	 logistic	regression	model,	where	the	dependent	variable	 is	the	probability	of	
receiving	treatment	and	independent	variables	are	the	baseline	characteristics:	

! " = 1 % = 1
1 + '-)*		

One	 advantage	 of	 PSM	 is	 that	 the	 regression	 model	 used	 to	 predict	 the	 probability	 of	 receiving	
treatment	 takes	 into	 account	 the	 relationship	 between	 baseline	 characteristics.	 In	 addition,	 PSM	
enables	 matching	 not	 just	 at	 the	 mean	 but	 balances	 the	 distribution	 of	 observed	 characteristics	
across	treatment	and	control.	

3 DATA AND METHODOLOGY 

3.1 Data 

We	obtained	data	 from	3422	 students	 in	198	 sections	 covering	 four	 courses	 including	pre-algebra	
(67	sections),	elementary	algebra	(44	sections),	intermediate	algebra	(43	sections)	and	college	math	
(44	sections).	 	Amongst	these,	37	sections	with	706	students	adopted	ALEKS.	From	these	students,	
only	417	(59%)	used	ALEKS.	Figure	1	shows	a	representation	of	ALEKS	and	non-ALEKS	sections	and	
students.	
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Figure	1:	Breakdown	of	ALEKS	and	non-ALEKS	sections	and	students.	

3.2 Methodology  

We	have	made	comparisons	of	 several	possible	breakdowns	of	ALEKS	vs.	Non-ALEKS	students	and	
sections.	Below	are	the	comparisons	conducted	in	this	study:	

1. ALEKS	students	vs.	all	Non-ALEKS	students	(in	both	ALEKS	and	non-ALEKS	sections)	

2. ALEKS	students	in	ALEKS	sections	vs.	Non-ALEKS	students	in	ALEKS	sections	

3. ALEKS	students	in	ALEKS	sections	vs.	Non-ALEKS	students	in	Non-ALEKS	sections	

4. ALEKS	sections	vs.	Non-ALEKS	sections	

5. Matched	ALEKS	students	vs.	Matched	Non-ALEKS	students	

What	 could	 differentiate	 students	 in	 comparison	 groups	 1-4	 is	 their	 starting	 knowledge	 and	 their	
current	 learning	 situation	 which	 could	 be	 affected	 by	 their	 age	 and	 race.	 Therefore,	 the	 last	
comparison	 is	 done	 by	matching	 ALEKS	 and	 non-ALEKS	 users	 using	 PSM.	Matching	 is	 done	 using	
three	 student	 characteristics:	 Accuplacer	 arithmetic	 score,	 age,	 and	whether	 the	 student’s	 race	 is	
classified	as	minority	or	not.	The	Accuplacer	score	is	used	by	the	college	to	decide	whether	to	place	
students	into	developmental	math	courses	and	is	used	as	a	measure	of	students’	prior	knowledge	in	
the	subject	(Mattern	&	Packman,	2009).	The	student	group	from	which	the	control	matches	where	
identified	 includes	 only	 non-ALEKS	 students	 in	 non-ALEKS	 sections.	 This	 naturally	 removes	 the	
student	 selection	 bias	 in	 the	 control	 group,	 since	 students	 in	 non-ALEKS	 sections	 do	 not	 have	 a	
choice	to	use	ALEKS.	

A	 logistic	 regression	model	 is	used	to	calculate	 the	propensity	score	of	students	 --	 specifically,	 the	
binomial	 generalized	 linear	 model	 from	 statsmodels	 package	 in	 Python	 was	 used.	 The	 logistic	
regression	model	had	whether	 the	 student	used	ALEKS	as	a	binary	outcome	and	 the	 independent	
attributes	consisted	of	Accuplacer	arithmetic	score,	age,	and	whether	the	student	race	is	minority	or	
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not.	Figures	2.a-2.d	shows	 the	distribution	of	each	of	 these	attributes	and	 the	propensity	score	of	
ALEKS	and	non-ALEKS	users	before	and	after	matching.	Matching	on	propensity	score	is	conducted	
as	 a	 1-1	matching	 using	 nearest	 neighbor	 approach,	which	 uses	 the	 distance	 between	 propensity	
scores	to	find	the	closest	match.	Hence,	for	each	treatment	subject,	a	control	match	is	selected	as	
the	subjects	with	the	closest	propensity	score. 

	

	

Figure	2:	distribution	of	a)	propensity	score	b)	Accuplacer	score	c)	age,	d)	minority,	before	and	
after	matching	for	ALEKS	(blue)	and	non-ALEKS	(grey)	users.	

4 RESULTS 

Table	1	shows	the	ALEKS	and	non-ALEKS	group	pass	rates,	the	ALEKS-non-ALEKS	group	difference	in	
pass	rates	,	and	p-value	for	each	of	the	comparisons	mentioned	in	section	3.2.	The	criteria	for	pass	is	
grades	 C+	 and	 above.	 Students’	 grades	 are	 measured	 using	 a	 uniform	 test	 conducted	 across	 all	
classes	at	the	end	of	semester.	We	have	used	the	chi-square	(c2)	contingency	test	to	compare	the	
pass	rate	across	two	groups	(Rao	&	Scott,	n.d.).	We	conduct	five	comparisons.	The	first	comparison	
is	all	students	who	at	least	took	an	initial	assessment	in	ALEKS	(ALEKS	students)	versus	all	students	
who	 did	 not	 use	 ALEKS	 in	 the	 course	 of	 the	 class	 (non-ALEKS	 students).	Within	 this	 comparison,	
ALEKS	 students	 had	 statistically	 significantly	 higher	 pass	 rates,	 c2(df=1,	 N=3422)	 =	 29.5,	 p<0.001,	
with	ALEKS	achieving	a	boost	of	14	points	in	pass	rates.		
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We	have	used	the	chi-square	(c2)	contingency	test	to	compare	the	pass	rate	across	two	groups	(Rao	
&	Scott,	n.d.).	We	conduct	five	comparisons.	The	first	comparison	is	all	students	who	at	least	took	an	
initial	assessment	in	ALEKS	(ALEKS	students)	versus	all	students	who	did	not	use	ALEKS	in	the	course	
of	 the	 class	 (non-ALEKS	 students).	 Within	 this	 comparison,	 ALEKS	 students	 had	 statistically	
significantly	higher	pass	rates,	c2(df=1,	N=3422)	=	29.5,	p<0.001,	with	ALEKS	achieving	a	boost	of	14	
points	in	pass	rates.		

The	 second	 comparison	 is	 between	 ALEKS	 and	 non-ALEKS	 only	 within	 ALEKS	 sections.	 This	
comparison	 is	 important	 as	 it	 naturally	 controls	 for	 the	 instructor	 and	 class	 environment,	 by	
comparing	students	who	did	and	did	not	use	ALEKS	within	the	same	class.	Within	this	comparison,	
ALEKS	students	had	statistically	significantly	higher	pass	rates,	c2(df=1,	N=709)	=	24.7,	p<0.001,	with	
ALEKS	achieving	a	boost	of	19	points	in	pass	rates.	

The	third	comparison	considers	assignment	at	the	classroom	level.	 In	this	comparison,	all	students	
within	ALEKS	sections,	whether	they	did	or	did	not	use	ALEKS,	are	compared	against	all	the	students	
in	 non-ALEKS	 sections.	 This	 comparison	 is	 perhaps	 the	 most	 standard	 quasi-experimental	
comparison,	but	raises	questions	of	implementation	fidelity.	Within	this	comparison,	ALEKS	students	
had	statistically	significantly	higher	pass	rates,	c2(df=1,	N=198)	=	8.1,	p=0.004,	with	ALEKS	achieving	
a	boost	of	6	points	in	pass	rates.	

The	fourth	comparison	is	between	ALEKS	students	in	ALEKS	sections	and	non-ALEKS	students	in	non-
ALEKS	 sections.	 Within	 this	 comparison,	 we	 are	 excluding	 non-ALEKS	 students	 in	 ALEKS	 sections	
from	 this	 comparison	 as	 those	 are	 the	 students	who	 chose	 not	 to	 use	 ALEKS,	 despite	 having	 the	
option	of	using	it	in	the	class.	Including	these	students	includes	students	who	did	not	participate	in	
the	treatment,	despite	being	assigned	to	the	treatment	group,	creating	questions	of	implementation	
fidelity.	 	 Within	 this	 comparison,	 ALEKS	 students	 had	 statistically	 significantly	 higher	 pass	 rates,	
 c2(df=1,	N=3196)	=	27.5,	p<0.001,	with	ALEKS	achieving	a	boost	of	14	points	in	pass	rates.	

Finally,	 comparison	 five	 attempts	 to	 avoid	 the	 biases	 inherent	 in	 the	 first	 four	 comparisons,	
comparing	ALEKS	students	who	are	matched	with	similar	non-ALEKS	students	in	non-ALEKS	classes.	
The	matching	is	done	using	Accuplacer,	age	and	minority	and	as	shown	above,	the	students	selected	
in	 the	matching	 process	 have	 similar	 prior	 knowledge,	 age,	 and	minority	 between	 conditions.	 All	
students	 in	 the	matched	 treatment	 condition	used	ALEKS	and	all	 students	 in	 the	matched	 control	
condition	did	not	use	ALEKS.	 	Within	 this	comparison,	ALEKS	students	had	statistically	 significantly	
higher	pass	rates,	c2	(df=1,	N=748)	=	16.5,	p<0.001,	with	ALEKS	achieving	a	boost	of	15	points	in	pass	
rates.	

As	shown	in	this	table,	all	comparisons	are	statistically	significantly	in	favor	of	ALEKS,	with	a	boost	of	
6	to	19	points	in	pass	rates	between	ALEKS	and	non-ALEKS	users	across	different	comparisons.	Some	
of	the	comparisons	are	likely	to	be	biased	in	favor	of	ALEKS,	others	against	ALEKS,	but	overall	they	
tell	 a	 common	 story	 –	 ALEKS	 is	 statistically	 significantly	 more	 effective	 at	 enhancing	 pass	 rates	
compared	to	the	control	condition.	
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Table	1:	Pass	rates	and	significance	level	for	ALEKS	and	non-ALEKS	users.	

	
Comparison	

Pass	Rates	
for	ALEKS	vs.	
Non-ALEKS	

Boost	 p-value	

	1.	ALEKS	students	vs.	all	Non-ALEKS	students	 71%	vs	57%	 +14	 <0.001	

	2.	ALEKS	students	vs.	Non-ALEKS	students	in	ALEKS	sections	 71%	vs	52%	 +19	 <0.001	

	3.	ALEKS	sections	vs.	Non-ALEKS	sections	 63%	vs	57%	 +6	 0.004	

	4.	ALEKS	students	in	ALEKS	sections	vs.	Non-ALEKS	students	in	
Non-ALEKS	sections	 71%	vs	57%	 +14	 <0.001	

	5.Matched	ALEKS	students	vs.	Matched	Non-ALEKS	students	
(quasi-experiment	study	using	Propensity	Score	Matching)	 70%	vs	55%	 +15	 <0.001	

	

5 CONCLUSION 

In	this	paper,	we	present	a	study	on	the	pass/fail	outcomes	of	students	who	used	and	did	not	use	
ALEKS	 within	 their	 developmental	 math	 courses.	 For	 several	 comparisons,	 the	 results	 show	
significantly	 higher	 pass	 rates	 amongst	 students	 using	 ALEKS.	 However,	 it	 may	 not	 be	 valid	 to	
compare	 between	 groups	 directly,	 due	 to	 concerns	 around	 selection	 bias	 and	 implementation	
fidelity.	Therefore,	we	conducted	a	quasi-experiment	study	using	Propensity	Score	Matching	(PSM),	
labeled	comparison	5	in	Table	1.	The	results	show	that	students	using	ALEKS	have	significantly	higher	
pass	 rates,	 even	when	we	use	 PSM	 to	 control	 for	 students’	math	 placement	 score,	 age	 and	 race.	
However,	as	with	all	PSM-based	quasi-experiment	study,	it	may	be	that	the	matching	was	imperfect.	
It	is	important	to	consider	other	factors	that	could	affect	student	outcome	besides	the	ones	used	for	
matching	ALEKS	and	non-ALEKS	users	in	this	study.	Other	factors	could	include	but	are	not	limited	to	
social-economic	 background,	 and	 prior	 academic	 performance,	 as	 well	 as	 students’	 attitudes	
towards	 learning	 and	 attitudes	 towards	 online	 learning	 technologies.	 As	 such,	 conducting	 further	
follow-up	studies	will	help	us	more	conclusively	understand	whether	ALEKS	is	positively	benefitting	
students.	

Following	 the	 results	 of	 this	 study,	 the	 college	 in	 which	we	 conducted	 the	 study	 is	 in	 process	 of	
adopting	 ALEKS	 in	 more	 sections,	 and	 encouraging	 instructors	 to	 make	 ALEKS	 a	 requirement	 for	
students	and	a	part	of	their	grades.	We	intend	to	follow-up	this	study	with	a	subsequent	study,	at	
the	 same	 institution,	 to	 see	 if	 usage	 has	 genuinely	 increased,	 and	 if	 so,	 whether	 the	 greater	
proportion	of	ALEKS	users	maintain	the	same	improvements	in	outcomes	seen	in	this	study.	Within	
this	upcoming	study,	we	intend	to	also	control	for	a	greater	range	of	factors.	By	doing	so,	we	may	be	
able	 to	 better	 understand	 the	 degree	 to	which	 ALEKS	 is	 benefitting	 students,	 and	whether	 these	
benefits	are	equivalent	across	all	groups	of	students.			
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