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One of the first steps an incoming community 
college student takes during matriculation is sit-
ting for a placement test in reading, writing, or 
math. This enables the college to identify the stu-
dent’s preparedness for college-level academics 
and direct the student toward appropriately lev-
eled coursework. Nationally, about 60% of stu-
dents are referred to remedial or developmental 
coursework after this screening process (National 
Center for Public Policy and Higher Education & 
Southern Regional Education Board [NCPPHE 
& SREB], 2010), but this figure is more than 
80% in states such as California, which serves 
about one fifth of all community college students 
in the country and is the setting for this study 
(Foundation for California Community Colleges, 
2015). A prevailing concern is that the majority 
of students placed in developmental courses fol-
lowing the assessment and placement process do 
not progress through course sequences to com-
plete college-level courses or earn postsecondary 

credentials (Bailey, Jeong, & Cho, 2010; Fong, 
Melguizo, & Prather, 2015). This has prompted 
increased attention to policies and practices that 
can improve remediation outcomes.

Changing assessment and placement policy is 
increasingly being seen as a lever to achieve this 
goal. Estimates from recent research suggest that 
placement tests, which are commonly used 
across the country to assess incoming students, 
may be mis-assigning nearly a quarter of stu-
dents in math, with most of these being under-
placement errors into remedial math courses that 
are below student skill levels (Scott-Clayton, 
Crosta, & Belfield, 2014). It follows that if more 
accurate placement instruments and measures are 
used, and used more accurately, then students 
will be more likely to complete the courses in 
which they are placed and persist toward their 
academic goals.

Aside from these prediction-based estimates, 
there are just a handful of studies on how actual 

603504 EPAXXX10.3102/0162373715603504Ngo and MelguizoPlacement Policy Experimentation
research-article2015

How Can Placement Policy Improve Math Remediation 
Outcomes? Evidence From Experimentation in 

Community Colleges

Federick Ngo
Tatiana Melguizo

University of Southern California

Changing placement policy may help to improve developmental education student outcomes in com-
munity colleges, but there is little understanding of the impacts of these reforms. We take advantage 
of heterogeneous placement policy in a large urban community college district in California to 
compare the effects of math remediation under different policy contexts. District colleges either 
switched from using math diagnostics to using computer-adaptive tests, or raised placement cutoffs. 
We use quasi-experimental methods to identify the impact of remediation under each policy and the 
change in impact following placement policy experimentation. We find that switching to a computer-
adaptive test exacerbated the penalty of remediation for marginal students and resulted in more 
placement errors. Modestly raising placement cutoffs had no significant effects.

Keywords:	� community colleges, remedial/developmental education, placement tests, regression 
discontinuity

http://crossmark.crossref.org/dialog/?doi=10.3102%2F0162373715603504&domain=pdf&date_stamp=2016-03-01


Ngo and Melguizo

172

placement policies influence and affect develop-
mental math student outcomes. This includes 
research investigating how placement test results 
affect enrollment decisions (Martorell, McFarlin, 
& Xue, 2015; Scott-Clayton & Rodriguez, 
2015), whether cutoffs are set correctly 
(Melguizo, Bos, Ngo, Mills, & Prather, in press), 
and the usefulness of multiple measures for 
making placement decisions (Ngo & Kwon, 
2015). This type of evidence is important 
because establishing placement policies is a 
complex endeavor, with colleges needing to 
select placement instruments, set cutoffs, and 
decide whether to incorporate additional mea-
sures. The reality of assessment policy in com-
munity colleges is that placement measures are 
not routinely validated, and faculty and adminis-
trators often do not feel as though they have 
adequate tools and support to select and use tests 
and set cutoffs appropriately (Melguizo, 
Kosiewicz, Prather, & Bos, 2014). There is scant 
evidence to inform these practitioner decisions, 
resulting in continual experimentation with 
assessment policy that may or may not be bene-
ficial to students. Some examples include the 
use of holistic advising in developmental educa-
tion in Texas (Texas Success Initiative, Senate 
Bill [SB] 162) and the development of a com-
mon assessment system in California (Common 
Assessment Initiative, SB 1456).

In this study, we take advantage of heteroge-
neous assessment policy in a large urban com-
munity college district (LUCCD) in California to 
compare the effects of math remediation under 
different placement policy contexts. Because 
each college uses a placement test and a set of 
cutoffs to assign students to math courses, we use 
a regression discontinuity (RD) design to iden-
tify the impact of placement into lower-level 
math remediation in each college, before and 
after a placement policy change. Three district 
colleges switched between using a math diagnos-
tic (Mathematics Diagnostic Testing Project, 
MDTP) and using a computer-adaptive test 
(ACCUPLACER), and three colleges raised 
placement cutoffs. Of these six, three serve as 
focus colleges for this study. We argue that within 
a narrow bandwidth of students around each cut-
off, the RD estimate provides an indicator of the 
impact of placement decisions for students just 
below the cutoff. Comparing the differences in 

these RD estimates before and after each policy 
change provides insights into how this impact 
changes, and how placement policy can improve 
math remediation outcomes.

Using an RD design within a difference-in-
difference framework to account for student 
achievement trends in the district, we find that 
there is an increase in the negative effect of reme-
diation on students’ early college outcomes after 
two colleges in the district switched from diag-
nostics to computer-adaptive tests. We focus on 
the cutoff between pre-algebra (PA) and elemen-
tary algebra (EA), where the majority of incom-
ing students are assigned, and find that students 
just under the cutoff and placed in PA were less 
likely to enroll in college, less likely to attempt 
and complete gatekeeper math courses within a 
year, and completed fewer credits on average a 
year after taking the computer-adaptive place-
ment test. In contrast, we observed no significant 
changes in the effect of remediation when col-
leges modestly raised test score cutoffs, and we 
demonstrate that these findings are robust to sen-
sitivity analyses.

Because the switch to computer-adaptive tests 
may have also changed the level of the cutoff with 
respect to the student ability distribution, we 
extend the analysis and provide placement accu-
racy analytics that help us to better understand the 
mechanism by which placement policies can 
influence developmental math outcomes. The 
results indicate that the observed negative effects 
of remediation in colleges that switched from 
diagnostics to computer-adaptive tests coincided 
with an increase in the proportion of severe place-
ment errors. This suggests that diagnostics may 
improve the accuracy of placement decisions rel-
ative to commonly used computer-adaptive tests, 
and potentially may be a more useful remedial 
screening tool in developmental education.

The article proceeds as follows: We first dis-
cuss the role of assessment and placement poli-
cies in developmental education and relevant 
research on the impacts of placement policies. 
We then describe the heterogeneous placement 
policy contexts of the LUCCD and outline our 
methodological approach to understanding the 
effectiveness of remediation in these contexts. 
We then present the findings and the sensitivity 
checks we conducted in conjunction with our pri-
mary analyses. Finally, we discuss the results of 
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the study and opportunities for improving place-
ment policies in community colleges.

Placement Policies in Developmental Math

Given that community colleges are open-
access institutions that do not typically select stu-
dents on the basis of academic achievement, 
colleges need some means of identifying student 
skill and directing students toward courses that 
can serve their academic needs (Cohen & Brawer, 
2003). This typically occurs during the assess-
ment and placement process at matriculation, 
and in a survey of placement testing practices in 
community colleges across the country, Fields 
and Parsad (2012) found that virtually all public 
2-year colleges use a mathematics test to screen 
students for math remediation.

Researchers have documented the ways in 
which establishing assessment and placement 
policy is a complex task involving multiple deci-
sions (Hughes & Scott-Clayton, 2011; Melguizo 
et al., 2014). One of the first judgments colleges 
or other coordinating bodies make is selecting 
which placement instruments to use. Although 
multiple options exist, Fields and Parsad (2012) 
reported that most public 2-year colleges across 
the country have chosen to use either the 
ACCUPLACER (42%) or COMPASS (60%), 
although some use results from the SAT (32%) or 
ACT (17%) and others use alternative instru-
ments (14%).1 ACCUPLACER and COMPASS, 
developed by the College Board and ACT Inc., 
respectively, are commercially available com-
puter-adaptive tests that identify student skill in 
arithmetic, algebra, and college-level math using 
an algorithm that responds to student perfor-
mance (Mattern & Packman, 2009).

Once an instrument is chosen, colleges or dis-
tricts must then determine where to set place-
ment cutoffs. Despite the fact that such tests as 
the ACCUPLACER or COMPASS provide sug-
gestions for where cutoffs should be set, there is 
considerable variability in cutoffs for placement 
into developmental versus college-level math in 
community colleges across the country (Fields & 
Parsad, 2012). Furthermore, there is a lack of 
technical support for evaluating and adjusting 
cutoffs, although Melguizo et al. (in press) sug-
gests a method using RD design, and Scott-
Clayton et  al. (2014) suggest a method using 

probit regressions and extrapolations. In terms of 
outcomes, Martorell and McFarlin (2011) exam-
ined whether the effects of remediation on col-
lege outcomes in Texas differed after the 
placement cutoff was raised by about a third of a 
standard deviation. They found slightly more 
negative effects after cutoffs were raised, sug-
gesting that lower-ability students may have ben-
efitted more from placement in remedial courses.

In addition, colleges can decide whether to 
incorporate additional measures such as high 
school grade point average (GPA) or prior math 
achievement, which have been demonstrated to 
increase student access to higher-level courses 
without compromising success rates, or other 
background measures into the placement deci-
sion (Marwick, 2004; Ngo & Kwon, 2015). In 
most states, and as recommended by the College 
Board and ACT, Inc., it is expected that institu-
tions validate the measures used based on student 
achievement data and adjust policies as neces-
sary (Fulton, 2012; Mattern & Packman, 2009). 
The reality, however, is that these tasks are easier 
said than done; community college faculty report 
feeling unsupported in selecting and validating 
placement measures and in setting placement 
cutoffs, meaning that implemented policies are 
often the result of continual experimentation 
(Melguizo et al., 2014).

The Impact and Influence of Placement 
Decisions

It is important to examine this experimenta-
tion because placement policy plays a tremen-
dous role in shaping the pathways, opportunities, 
and outcomes of students in community colleges. 
Initial placement decisions can place students on 
a track of remedial coursework that can be as 
many as five semesters long and restrict access to 
college-level courses. Long remedial sequences 
can be extremely costly to students in terms of 
time and money (Melguizo, Hagedorn, & Cypers, 
2008), and the more remedial courses that are 
required, the less likely that students will com-
plete the sequence and earn college credit (Bailey 
et al., 2010). If placement polices are not achiev-
ing the goal of accurate placement into appropri-
ate coursework, then this may affect the 
likelihood that students will achieve their longer-
term academic goals.
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Placement testing is also one of the first inter-
actions incoming students have with postsecond-
ary institutions. The signal that tests scores or 
their associated labels (e.g., “remedial”) send 
may influence students’ beliefs about their readi-
ness for college and their ability to succeed, and 
be a mechanism by which community colleges 
discourage students from persisting and instead 
trigger a “cooling out” process (Clark, 1960). 
There is some evidence that these labels affect 
the college investment decisions of secondary 
students (Papay, Murnane, & Willett, 2011), but 
both qualitative and quantitative studies investi-
gating the “discouragement hypothesis” among 
community college students have found that 
placement test results do not appear to discour-
age students from enrolling (Deil-Amen & Tevis, 
2010; Martorell et  al., 2015; Scott-Clayton & 
Rodriguez, 2015). However, Scott-Clayton and 
Rodriguez (2015) did find one group of stu-
dents—those who were potentially mis-assigned 
in developmental English courses—who may 
have been discouraged by their placement exam 
scores and were less likely to enroll.

Placement Policy Reforms

Although placement tests do not appear to 
affect enrollment behavior, there has still been 
growing scrutiny of placement policies across the 
country (Burdman, 2012). There is increasing 
uncertainty about whether the tests and cutoff 
scores in use across the country are appropriate, 
and this has prompted reform in choice and use of 
tests, as well as investigation of whether utilizing 
additional or alternative measures such as infor-
mation from high school transcripts could improve 
placement accuracy (Hughes & Scott-Clayton, 
2011).2 Recent research has also called the useful-
ness of popular placement tests into question. 
Studying both a large statewide community col-
lege system and a large community college  
district, Scott-Clayton et  al. (2014) found that 
nearly a quarter of students may be mis-assigned 
to their math courses by placement tests such  
as the COMPASS or ACCUPLACER, with most 
of these being under-placement errors (i.e.,  
students being placed into courses that are below 
their skill level). A meta-analysis conducted by  
the College Board on placement accuracy of the 
ACCUPLACER also found that just about two 

thirds of students were correctly placed into lower-
level math courses (Mattern & Packman, 2009). 
Such findings have recently led ACT, Inc. to phase 
out the COMPASS placement test (Fain, 2015).

Despite the number of studies that have con-
cluded that commonly used placement tests are 
only weakly if at all correlated with student out-
comes (e.g., Armstrong, 2000; Jenkins, Jaggars, 
& Roksa, 2009; Medhanie, Dupuis, LeBeau, 
Harwell, & Post, 2012), there is scant research on 
how placement tests affect remediation outcomes 
and how alternatives can improve on current 
practices. To our knowledge, only one study has 
examined heterogeneity in the effects of remedi-
ation by test type. Using an RD design, Scott-
Clayton and Rodriguez (2015) found that the 
effects of placement in remediation were more 
negative after the community college system in 
their study switched from using an in-house sin-
gle-score test to a new test, the COMPASS, to 
make placement decisions in math. Following 
the districtwide switch, students at the margin of 
the cutoff were even less likely to take and pass 
college-level math than cohorts under the previ-
ous testing regime.

Diagnostics as Alternatives

What is also missing from the literature is 
research on how alternative placement instru-
ments such as math diagnostics can improve 
placement policy. Math diagnostics may be a use-
ful alternative in the developmental math setting 
because they can provide detailed information 
about developmental math students’ content 
knowledge (Stigler, Givvin, & Thompson, 2010). 
In contrast to the computer-adaptive format, 
which adjusts in response to student performance 
and can therefore be over after just a handful of 
questions, diagnostics are designed to gather 
information on student proficiency on a range of 
topics and provide skill-specific information that 
practitioners can use to inform placement deci-
sions and tailor classroom instruction. For exam-
ple, the MDTP EA subtest, developed by a 
California State University (CSU) and University 
of California (UC) partnership, provides a report 
of student understanding of algebraic expres-
sions, functions, graphing, and other math topics.

Although diagnostics such as the MDTP have 
been shown to improve placement accuracy in 
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secondary school settings (Betts, Hahn, & Zau, 
2011; Huang, Snipes, & Finkelstein, 2014), they 
are surprisingly rarely used in developmental 
math settings in community colleges (Burdman, 
2012). In fact, we found just one recent study by 
Rodríguez (2014) that provides preliminary 
descriptive evidence on the use of diagnostics for 
community college placement decisions in 
Virginia. Following the shift to using the Virginia 
Placement Test (VPT), a diagnostic tool, college-
level math placements increased 22% but pass 
rates in those courses declined 7%. Although this 
study provides some evidence on the effects of 
placement policies and the use of diagnostics, the 
findings may reflect the whole gamut of develop-
mental education redesign in Virginia, which in 
addition to diagnostic use includes the introduc-
tion of modularized courses. Because reforms in 
developmental math are often bundles of assess-
ment and instructional interventions, there is still 
relatively little understanding of the role of 
placement policies, and specifically of using 
alternative assessment instruments to improve 
placement decisions and community college stu-
dent outcomes.

Placement Policy Experimentation in the 
LUCCD

Our study builds on this work by examining 
changes in assessment and placement policies and 
subsequent effects on student outcomes. We capi-
talize on the heterogeneity in placement policies 
in the California Community College (CCC) sys-
tem, a highly decentralized system of higher edu-
cation. The CCC system includes 112 colleges, 
roughly one tenth of all community colleges in the 
country, and serves more than 2 million students 
each year, about one fifth of all community col-
lege students in the country (Foundation for 
CCCs, 2015). We focus specifically on one 
LUCCD in California that enrolls a diverse stu-
dent population: 56% identify as Latina/o, 14% as 
African American, 13% as Asian, and 16% as 
White; 51% are below the poverty line, and nearly 
20% are from homes where parents received only 
elementary education.

The LUCCD includes nine colleges and, 
much like other CCCs, each has considerable 
autonomy over choice and use of assessment, 
including choice of test (e.g., ACCUPLACER, 

COMPASS, or MDTP), choice of cutoff, and 
choice of additional measures that can be fac-
tored into the placement decision (Perry, Bahr, 
Rosin, & Woodward, 2010). The CCC system 
provides some guidelines for assessment prac-
tices, such as requirements to conduct valida-
tions, but the devolved autonomy largely enables 
colleges to continually experiment with place-
ment policies without having to work through 
district- and state-level bureaucratic structures.

Six out of the nine LUCCD colleges imple-
mented a placement policy change within the 
2005–2012 window of this study. Three colleges 
raised placement cutoffs, and three switched their 
placement tests entirely—two of these latter three 
colleges switched from using a diagnostic test 
(i.e., MDTP) to using a commercially available 
computer-adaptive test (i.e., ACCUPLACER), 
and the third made a switch in the opposite direc-
tion.3 The other colleges made no placement pol-
icy changes during the study window, although 
some made an instructional change in the delivery 
of developmental math.4 There were other district 
policies that may have influenced student out-
comes during the study window, such as funding 
to support basic skills and budget changes related 
to the 2008 recession that may have affected 
enrollment trends. We discuss how we account 
for these in our empirical strategy. Doing so 
enables us to focus on the effects of placement 
policy changes in those colleges that either 
switched tests or raised placement cutoffs. 
Characteristics of the colleges in the district are 
described in Table 1.

Data

We utilize administrative records from the 
LUCCD that link students’ demographic data, 
assessment records, course enrollment history, 
and academic outcomes. Students taking the 
assessments are those who have the intention of 
enrolling in courses that lead to certificates or 
associate’s degrees, or award transfer credit for 
the CSU or UC systems. We excluded from the 
analysis students who were concurrently enrolled 
in high school, those who had already received 
an associate’s or bachelor’s degree at the time of 
testing, and those who were above 65 years old.

We further focus our analysis on students 
around the PA/EA cutoff because nearly two 
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thirds of all students entering LUCCD are placed 
into these two levels, and because EA is consid-
ered to be a gatekeeper course (e.g., for degree 
completion and as a prerequisite). It is also rea-
sonable to assume that most students have the 
goal of completing EA for the reasons described 
above. The final PA/EA sample includes 68,300 
students who were placed into either PA or EA in 
the LUCCD colleges between 2005 and 2012. 
The sample distribution across district colleges is 
also shown in Table 1.

Empirical Strategy

RD Design

Given that LUCCD students are assigned to 
courses by a system of placement cutoffs, we can 
use an RD design to identify the effect of place-
ment in a lower-level course relative to a higher-
level course. The RD design relies on the 
assumption that (a) an exogenously determined 
rule assigns students to different conditions, and 
(b) observations within a narrow bandwidth 
above and below the cutoff are statistically 
equivalent, and thus, assignment to the treatment 
condition (PA) or control condition (EA) is akin 
to randomized assignment (Murnane & Willett, 
2010). Differences in outcomes between the two 
groups can be attributed to the policy rule, here, 
the placement policy.

To enable comparison of outcomes across 
assessment cohorts, we examine the effects of 
placement in PA versus EA on enrollment, per-
sistence, and credit completion within a year of 
the assessment. These outcomes are important 
success milestones for students in developmental 
education (Melguizo, 2011). The RD design 
enables us to identify the difference in the prob-
abilities of achieving these persistence and com-
pletion outcomes for students placed in PA, 
relative to statistically similar students placed 
directly in EA. A baseline RD model for each 
college is as follows:

   Y g S T Xit it it it t it= + ( ) + + + +α β ϕ ε0 1 γ .'          (1)

Here, i indexes students and t indexes assessment 
cohorts. Y is the outcome variable, and S is the 
normalized and cutoff-centered total placement 
test score for each student in each campus and 
assessment cohort, serving as the running variable 

in the RD design and taking on some functional 
form g.5 Because the MDTP scores are integer 
values and the ACCUPLACER scores in some 
colleges are noninteger values, it was necessary to 
normalize the scores to enable comparison across 
colleges.6 The variable T is a dichotomous indica-
tor of treatment status, equal to 1 if the student was 
assigned to PA and 0 if assigned to EA. X is a set 
of student-level covariates including age, sex, 
racial/ethnic group, language, and citizenship sta-
tus, which we include to increase the precision of 
the RD estimates (Murnane & Willett, 2010). The 
model includes cohort fixed effects ϕt , and stan-
dard errors are clustered by cohort.

The coefficient β
1
 gives the effect of place-

ment in the treatment condition (PA) for each 
college, averaged over each assessment cohort 
for each college and policy period. Yet as dis-
cussed previously, our research question con-
cerns how placement policies themselves can 
affect student outcomes in developmental math. 
With these panel data, we can estimate the 
change in the RD effect after placement policy 
experimentation in each college, a first differ-
ence estimate. To do so, we add a dummy vari-
able P that equals 0 if the observation is in the 
prepolicy period and equals 1 in the postpolicy 
period in each college. This is interacted with the 
test score and treatment indicator from Equation 1. 
The model inclusive of the policy change is as 
follows:

	 '

Y g S P T P T P

X

it it t it t it t

it t it

= + ( ) + + +

+ + +

× ×α β β β

ϕ ε
0 1 2 3

γ . 	 (2)

We estimate Equation 2 for each college to 
obtain a difference-in-RD effect, captured here 
by the coefficient β

3
. This first difference coeffi-

cient can be interpreted as the change in the RD 
effect after the policy change in each college. A 
positive estimate would suggest that remediation 
became more beneficial (less negative) to stu-
dents, whereas a negative estimate would sug-
gest that its benefit decreased (more negative). A 
null estimate here would indicate that the effect 
of remediation remained constant through the 
policy change.

Three Focus Colleges

The estimated first difference coefficient β
3
 

from Equation 2 may be biased if there were 
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other changes in the district that were also related 
to student achievement outcomes (e.g., enroll-
ment trends, demographic shifts, budget changes 
related to the recession, district policies, etc.). To 
account for these secular trends, we embed the 
RD design within a difference-in-difference 
framework, using Colleges D and E as control 
colleges. Colleges D and E did not implement 
any placement policy changes at the PA/EA cut-
off during the 2005 to 2012 study window7 and 
therefore provide a baseline trend from which we 
can identify a difference-in-difference-in-RD 
(DDRD) estimate for each college that did enact 
a placement policy change. The model is as 
follows:

  

Y g S T C T C

g S T C

ijt ijt ijt j ijt j

ijt ijt j

= + ( ) + + +( )+
( ) + + +

α β ρ β

β β

0 1 2

3 ξ 44T C P

X

ijt j j

ijt j t ijt

( ) +

+ + +γ µ ϕ ε .'

'

   (3)

This is similar to Equation 2 above, except 
that j indexes colleges, and there is now a dummy 
indicator C j , which is equal to 1 if the student is 
in the treatment college and 0 if the student is in 
one of the control colleges (D or E). The three-
way interaction between C, T, and P is the DDRD 
estimate, identifying the change in the RD effect 
after each college implemented a placement pol-
icy change. Standard errors are two-way clus-
tered by campus and cohort in the pooled model 
(Cameron, Gelbach, & Miller, 2011).

Switch in Placement Test.  We chose three focus 
colleges for this analysis. Of the three colleges 
(A, B, and G) that switched between using diag-
nostics and computer-adaptive tests, Colleges A 
and B had diagnostic test data available and made 
no observable instructional changes. We unfortu-
nately were unable to include College G due to 
the unavailability of MDTP subscore data, which 
is necessary for determining the running variable 
in the RD design. In addition, it is important to 
note that College A, which is included, uses the 
MDTP diagnostic information in a unique way. 
The MDTP provides skill-specific information 
regarding student math proficiencies, and Col-
lege A has used this feature prior to 2011 to 
establish a system of multiple cutoffs to deter-
mine math course placement. For example, stu-
dents who earned a high enough composite score 
to be placed into EA may still have been placed 

into PA if they did not earn a high enough score 
on one of the subtopics of the MDTP (e.g., frac-
tions, exponents). To account for this system of 
multiple cutoffs, we use a binding-score RD 
approach in which the minimum of the set of four 
scores serves as the running variable in the RD 
design (Reardon & Robinson, 2012). This bind-
ing-score approach essentially transforms the 
multiple dimensions of the assignment process to 
a one-dimensional process along the lines of a 
traditional RD design.

Raising Cutoffs.  Of the three colleges that raised 
placement cutoffs (C, H, & I), Colleges H and I 
were not included as focus colleges because they 
assigned students to extended algebra, a two-
semester EA sequence.8 College C was included 
as it raised cutoffs by 7 points and maintained a 
traditional one-semester EA course.

We present in Table 2 sample means of back-
ground characteristics and outcomes of the PA 
and EA samples before and after the policy 
changes in each of the three focus colleges.9 
Overall, it is evident that the student populations 
are quite different across colleges, reflecting 
LUCCD’s diversity. Students assigned to PA are 
slightly older and are more likely to be female, 
Latina/o, and African American.

Outcome Measures

Table 2 also provides sample mean outcomes. 
The first set focuses on early persistence in 
developmental math because the change in place-
ment test policy provides a unique opportunity to 
examine whether placement test results discour-
age students from enrolling. Although this has 
been studied in recent literature, with results 
indicating no signs of placement test discourage-
ment (Martorell et  al., 2015; Scott-Clayton & 
Rodriguez, 2015), our study tests this hypothesis 
in a context where diagnostics and computer-
adaptive tests are used. In addition, if students 
were not placed correctly and therefore not 
served well by the time spent in remediation, 
then this may also affect subsequent persistence 
decisions. We therefore examine whether or not 
students attempted EA within a year of the place-
ment exam. The second set of outcomes captures 
completion within a year of assessment—
whether students completed EA, the gatekeeper 

'
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course, and total units completed within a year’s 
time. These completion outcomes can help us to 
understand the impacts of placement decisions 
on academic achievement.

Because attrition from developmental math 
sequences affect the observability of subsequent 
outcomes, the proposed RD analysis may pro-
duce biased estimates if we did not input zeroes 
for unobserved outcomes (e.g., outcomes of stu-
dents who did not enroll, dropped out, or with-
drew). For example, if we included only students 
who were placed in PA and have observable out-
comes in EA, that is, those who chose to continue 
on and enroll, we may be positively biasing the 
RD estimates. This is because this approach does 
not account for the treatment effect on persis-
tence (i.e., enrollment or dropout), and we only 
observe students who chose to continue on in the 
math sequence. We could adopt an instrumental 
variables strategy that accounts for compliance 
with the treatment assignment, but as Scott-
Clayton and Rodriguez (2015) explain, the rele-
vant treatment is not the taking of remedial 

courses but rather assignment to remediation, 
which may affect initial enrollment decisions. 
The total effect of assignment to remediation 
should include both the effect on persistence and 
the effect of developmental education course-
work. Because we are interested in this total 
effect of placement decisions, we believe it is 
appropriate to input zeroes for unobserved out-
comes and to estimate the Intent to Treat (ITT) 
effect. We also reason that in the LUCCD con-
text, students taking the assessments likely have 
the intent of completing EA, and it is also the 
intent of the college, in offering these develop-
mental math courses, to prepare students to pass 
higher-level courses by first assigning them to 
PA. Inputting zeroes enables us to identify the 
total effect of assigning students to remediation.

Validity of the RD Design

Manipulation.  Before presenting the results, we 
discuss customary checks of the assumptions 
underlying the validity of the RD design. The 

Table 2
Characteristics and Mean Outcomes of Samples in PA and EA, 2005–2012

College A College B College C

  Prepolicy Postpolicy Prepolicy Postpolicy Prepolicy Postpolicy

  PA EA PA EA PA EA PA EA PA EA PA EA

Characteristics
  Age 23.40 25.96 22.77 22.31 26.11 26.03 24.59 21.40 27.42 24.47 27.64 25.06
  Female 0.54 0.48 0.56 0.40 0.63 0.55 0.52 0.52 0.67 0.65 0.65 0.58
  Asian/PI 0.11 0.26 0.00 0.00 0.10 0.13 0.11 0.11 0.01 0.01 0.03 0.02
  African American 0.02 0.01 0.02 0.02 0.11 0.07 0.11 0.09 0.79 0.76 0.72 0.68
  Latina/o 0.81 0.62 0.84 0.79 0.45 0.29 0.47 0.47 0.14 0.17 0.18 0.25
  White 0.02 0.03 0.01 0.02 0.23 0.39 0.26 0.26 0.01 0.01 0.01 0.01
  other 0.05 0.08 0.07 0.07 0.10 0.11 0.06 0.06 0.05 0.04 0.06 0.04
  Nonnative English 0.32 0.40 0.22 0.19 0.27 0.22 0.20 0.15 0.07 0.09 0.07 0.08
  Permanent resident 0.09 0.13 0.05 0.06 0.13 0.10 0.11 0.08 0.05 0.05 0.05 0.06
  Other visa 0.09 0.10 0.06 0.08 0.08 0.07 0.06 0.07 0.02 0.02 0.04 0.05
Outcomes
  Enrolled 0.81 0.88 0.83 0.87 0.88 0.89 0.74 0.83 0.88 0.91 0.78 0.84
  Enrolled in math 0.53 0.57 0.44 0.65 0.70 0.71 0.48 0.66 0.62 0.64 0.39 0.62
  Compliance 0.94 0.92 0.89 0.97 0.94 0.91 0.93 0.92 0.91 0.91 0.82 0.94
  Attempted EA in 1 year 0.23 0.48 0.17 0.60 0.24 0.59 0.20 0.60 0.15 0.53 0.15 0.55
  Pass EA in 1 year (A/B) 0.15 0.30 0.10 0.35 0.13 0.41 0.13 0.35 0.07 0.20 0.07 0.31
  Total units 1 year 10.21 11.05 10.08 11.53 10.91 13.61 9.57 11.49 8.67 9.07 7.70 10.71
  n 9,524 946 2,601 1,042 2,722 1,916 3,484 2,826 1,406 1,861 973 518

Note. Students in compliance are those who enrolled in the math course to which they were assigned. PA = pre-algebra; EA = elementary algebra; 
PI = Pacific Islander.
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first is that there is an exogenously defined pol-
icy that determines treatment status (Murnane & 
Willett, 2010). That is, the policy rule or cutoff 
assigns participants to either a treatment or con-
trol condition by way of a running variable such 
as a placement test score, and this status cannot 
be manipulated. If students were able to cheat to 
attain a score just above the cutoff, then this 
would pose a threat to the internal validity of the 
treatment effect estimate. According to our anal-
ysis of assessment regulations, students typically 
receive a printout following the placement test 
and are at no point made aware of test score cut-
offs. They are also typically not allowed to retest 
before 1 year’s time. In addition, the ACC-
UPLACER and COMPASS are computer-
adaptive tests, which would be difficult to 
manipulate. To inspect manipulation, we plot-
ted histograms and densities of test scores in 
each college before and after each policy 
change. There was no indication of any discon-
tinuities at the PA/EA cutoff in any college (see 
Figure A1 in the online appendix, available at 
http://epa.sagepub.com/supplemental).

Compliance.  Second, there would be a threat to 
validity if PA students complied with their place-
ment assignments at a different rate compared 
with students placed directly in EA. We observe 
that compliance with placement assignment is 
high, but not perfect. Roughly 92% of students 
complied with the initial placement based on 
assessment results (see Table 2 and Figure 1). We 
also observed that of the 8% who did not comply, 
3% enrolled in a lower-level course and 5% 
enrolled in a higher-level course. Although 

students are typically blocked by the enrollment 
management system from registering in a higher-
level course than the one in which they were 
placed, students are allowed to enroll in a lower-
level course and by law are allowed to challenge 
their placement decision. This generally entails a 
process of the student presenting evidence of his 
or her math preparedness and obtaining approval 
from math faculty. Given the small percentage of 
noncompliers and the fact that similar numbers 
of students enrolled in higher- and lower-level 
courses than the one to which they were assigned, 
we include these students and proceed with what 
is referred to as “sharp” RD to estimate the ITT 
effect. This approach, in contrast to “fuzzy” RD, 
enables us to examine the effect of placement 
decisions on enrollment behavior. We provide 
results of fuzzy RD estimation for each policy 
period using two-stage least squares and assign-
ment to PA as an instrument for compliance in 
Online Appendix Table A4. As expected with 
high rates of compliance, the estimates are of 
similar magnitude as the sharp RD results pre-
sented in the “Findings” section below.

Covariate Balance.  Finally, a third key assump-
tion in RD design is that no other variables vary 
discontinuously at the cutoff. The descriptive sta-
tistics presented in Table 2 reveal differences in 
the composition of the students in the PA and EA 
samples in each college. However, this is not 
necessarily a threat to the validity of the RD esti-
mates if the covariates are not discontinuous at 
the cutoff. To check this, we ran a set of parallel 
RD regressions using Equation 1 with each 
covariate serving as the dependent variable in the 
regression (Lee & Lemieux, 2010). The results, 
which are available in Online Appendix Table 
A2, suggest that there is evidence of discontinui-
ties in some covariates, such as age and race. 
However, this may be due to the number of 
covariates and random chance, so we performed 
a joint test of these discontinuities in a seemingly 
unrelated regression setup (Lee & Lemieux, 
2010). Most of these are not significant. Although 
we observe a significant discontinuity in College 
B in the .33 SD bandwidth, this disappears in the 
narrower bandwidth. This covariate test allows 
us to be confident that any significant differences 
in outcomes around the cutoff can be attributed 
to assignment to the treatment and control 

Figure 1.  Compliance with pre-algebra 
assignment for math enrollers.

http://epa.sagepub.com/supplemental
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groups. With these checks of the internal validity 
of the RD estimates complete, we proceed with 
the presentation of the findings.

Findings: The Effects of Placement Policy 
Experimentation

We use the LUCCD data to focus on 2 types 
of placement policy experimentation—switching 
from a diagnostic placement tool to a computer-
adaptive tool in Colleges A and B, and raising the 
cutoff by 7 points in College C—and examine 
the impact of placement in PA relative to EA near 
the margin of the placement cutoff in each policy 
context. As an initial step, we first obtained the 
baseline RD estimate for each college and policy 
period using the optimal bandwidth suggested by 
Imbens and Kalyanaraman (2012).

The results, available in Online Appendix 
Table A3, indicate that the RD coefficients gen-
erally became more negative after each policy 
change with respect to attempting and complet-
ing EA, but not for enrolling or credit comple-
tion. This simple before–after comparison gives 
an idea of the level change in the RD estimate, 
but it does not account for changes in student 
characteristics over time.

We therefore present here the results from 
estimation of Equation 2, a pooled model that 
enables us to compare the treatment effect 
before and after the policy change in each col-
lege and control for student-level characteristics 
over time. The Treat (PA) coefficient shown in 
Table 3 provides an estimate of the baseline pre-
policy impact of being placed in PA versus EA 
in each focus college. We present a set of fixed 
bandwidths ranging from .25 SD to 1 SD to 
enable comparison across policy periods and to 
be able to more easily interpret the estimates 
over time.

We do not observe any significant negative 
effects on initial enrollment for students within 
narrower bandwidths of the PA/EA cutoff in any 
of the colleges, mirroring other studies that find 
no evidence of placement exam discouragement 
(Martorell et  al., 2015; Scott-Clayton & 
Rodriguez, 2015). We do observe significant 
negative effects of placement in PA on both 
attempting and passing EA within a year of the 
assessment, but PA students at the margin of the 
cutoff appeared to complete about the same total 

number of units in 1 year’s time as those students 
placed in EA.

The coefficient of interest for the first differ-
ence estimate is the Treat × Post indicator, which 
captures the change in the RD effect after place-
ment policy experimentation in each college. The 
estimates in Table 3 indicate that there are mostly 
significant negative effects on enrollment in the 
two colleges (A and B) that switched from diag-
nostics to computer-adaptive tests. The differ-
ence in enrollment for students at the margin of 
the cutoff was about 10 to 13 percentage points 
lower following the test switch. Rates of attempt-
ing EA also decreased at the margin in these 2 
colleges by about 25 percentage points. The 
effects on completing EA in Colleges A and B are 
negative, but not all significant at the 5% signifi-
cance level. For example, the treatment effect of 
placement in PA decreased by 18.4 percentage 
points (p < .01) within the .50 bandwidth and 
10.1 percentage points in the .33 bandwidth (p < 
.10). There was also a statistically significant 
decrease in College B, ranging from 9.1 percent-
age points in the .33 bandwidth (p < .10) and 14.4 
percentage points in the .25 bandwidth (p < .01). 
There were no significant changes in the RD 
effect on total units completed. Interestingly, the 
RD effect does not appear to change in College C 
after it raised placement cutoffs by 7 points, and 
this is consistent for all four outcomes. It may be 
that raising the cutoff by this amount did not sig-
nificantly change the composition of academic 
ability around the cutoff. Although not presented 
here, we did find a significant decrease in the RD 
effects after College H raised its PA/EA cutoff by 
41 points, suggesting that modestly raising the 
cutoff may be innocuous, but substantially rais-
ing it may be detrimental.10

We illustrate these policy changes in Figures 2 
to 5. Each figure shows the estimated discontinu-
ity coefficient with 95% confidence intervals for 
each outcome and assessment cohort. Although 
there is variation in the RD estimates over time, 
the trends and levels appear to be different in the 
pre- and postpolicy periods in Colleges A and B, 
but not in College C.

Difference-in-Difference-in-RD

Although these first difference estimates 
provide an idea of the level change in the RD 
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Figure 2.  RD coefficients by math assessment cohort, College A.
Note. RD = regression discontinuity; EA = elementary algebra.

Figure 3.  RD coefficients by math assessment cohort, College B.
Note. RD = regression discontinuity; EA = elementary algebra.
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Figure 4.  RD coefficients by math assessment cohort, College C.
Note. RD = regression discontinuity; EA = elementary algebra.

Figure 5.  RD coefficients by math assessment cohort, control colleges.
Note. RD = regression discontinuity; EA = elementary algebra.
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effect following each placement policy change, 
it is plausible that concurrent trends may be cor-
related with the outcomes of interest and pose a 
threat to the validity of these results. These 
include factors such as enrollment trends and 
demographic shifts, changes in resource alloca-
tion, or other policies that could influence suc-
cess outcomes across the district.

An ideal comparison to isolate the effect of a 
placement policy change such as College B’s 
switch from the MDTP to ACCUPLACER in 
2009 would be to compare College B with an 
identical counterfactual College B that did not 
make the switch. Then, the differences in out-
comes could be attributed directly to the policy 
change. In the absence of this ideal counterfac-
tual control college in the district, we use 
Colleges D and E, both of which did not enact 
any placement policy changes between 2005 
and 2012.11 Changes between the pre-2009 and 
post-2009 trends in Colleges D and E provide a 
second difference that can be used to identify a 
DDRD effect in College B. We therefore use 
Equation 3 for each focus college and estimate 
the DDRD coefficient, which is the change in 
the RD estimate accounting for secular trends in 
the district that my influence student outcomes.

The validity of the DDRD estimate in this 
context hinges on the assumption that the trend 
in the control colleges does not also signifi-
cantly change after the policy change in the 
treatment college (Murnane & Willett, 2010). 
We see in Figure 5 that the trends across col-
leges are close to parallel prior to the policy 
change, and that there does not appear to be any 
drastic change in the RD estimates following 
fall, 2009, when Colleges B and C made a 
change, or spring, 2011, when College A made a 
change. These are also captured in estimation 
by the T × P coefficients presented in Tables 4 
and 5. We observe that these are not significant 
at most bandwidth sizes and not significant at 
narrow bandwidths, thus providing convincing 
evidence that the underlying trend in the control 
colleges is constant through the policy change 
in the treatment colleges. That there are no 
changes in the control colleges provides impor-
tant evidence assuring the internal validity of 
the difference-in-difference estimate.

The main effect of interest is the Treat × Post 
× College A/B/C variable, which provides an 

estimate of the DDRD effect in each of the three 
focus colleges. We present these for the set of 
persistence outcomes in Table 4 and the set of 
completion outcomes in Table 5.

Enrollment.  We find that relative to diagnostics, 
there does appear to be a discouragement effect 
for the results of computer-adaptive tests. Stu-
dents assigned to PA under the computer-adap-
tive test policy in Colleges A and B were about 
12 to 15 percentage points less likely to enroll 
than their counterparts in the same colleges who 
were assigned under the MDTP. This reduction 
in cohort size was further compounded as the 
group placed in PA faced a second persistence 
decision. We see that an additional 10% to 15% 
of students did not enroll in EA at the margin of 
the cutoff, for a total of about a 25% difference in 
EA attempt rates between students placed in PA 
versus EA.

Completion.  There are similar findings for the 
completion outcomes, shown in Table 5. In Col-
leges A and B, who made the switch from MDTP 
to ACCUPLACER, we see no change in the 
larger bandwidths, but statistically significant 
and consistently negative effects on passing EA 
following the placement policy change within 
narrow bandwidths. This ranges from a 9 to 17 
percentage point reduction in the RD effect in 
College A, and a 10 to 19 percentage point reduc-
tion in College B in the narrower RD bandwidths. 
Similar to the first difference model, the estimate 
for the .25 SD bandwidth in College A is negative 
but not statistically significant. We suspect that 
this may be due to the small sample of students in 
the postpolicy period in the .25 SD bandwidth, 
because the sample sizes in the .33 SD and .25 
SD bandwidths are the same in the prepolicy 
period in College A. These lower completion 
rates also seem to have translated into a reduc-
tion in credit completion for students placed in 
PA in these 2 colleges, with students in PA com-
pleting about 2.4 to 3.5 fewer credits than stu-
dents placed in EA.

Overall, these estimates suggest that students 
around the placement cutoff after the switch in 
placement tests in Colleges A and B experienced 
a larger penalty to placement in PA relative to EA. 
In other words, students placed using results from 
computer-adaptive tests were more negatively 
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affected by the placement decision than prior 
cohorts placed by MDTP.12

Although the overall completion rates dropped 
in College C, we see that there were no signifi-
cant changes in any outcomes in the narrower 
bandwidths around the PA/EA cutoff after 
College C raised the cutoff. This suggests that 
although higher-scoring students in College C 
were placed in PA instead of EA after cutoffs 
were raised, this did not significantly exacerbate 
the penalty of remediation for those students. We 
suspect that this may be related to the noisiness 
of the test and the possibility that raising the cut-
off did not improve placement accuracy. We 

investigate this hypothesis further in the next 
section after testing the robustness of the results.

Robustness, Sensitivity, and Extensions

Each robustness check presented in Table 6 
focuses on the .33 SD bandwidth, and the main 
results are presented in column 1. In column 2, we 
present the model estimated without covariates 
and see that the coefficients are of roughly the 
same magnitude and significance. In accordance 
with standard practice for RD analysis, we exam-
ined sensitivity to functional form by testing the 
inclusion of test score polynomials up to the third 

Table 6
Sensitivity Analyses for BW = .33 SD, DDRD Estimates

(1) Full
(2) No 

covariates (3) Quadratic (4) Cubic

(5) Smaller 
analytical 
windowa

(6) Placebo 
policy change 
(1 sem. before)

(7) 
Conditioning 
on enrollment

Enrolling
  T × P × 

College A 
−0.126* −0.115* −0.129* −0.123* −0.128 −0.073 —
(0.059) (0.056) (0.056) (0.059) (0.085) (0.059)  

  T × P × 
College B 

−0.120*** −0.112*** −0.135*** −0.108*** −0.100* −0.089 —
(0.021) (0.016) (0.021) (0.026) (0.045) (0.044)  

  T × P × 
College C 

−0.037 −0.028 −0.039 −0.031 0.019 −0.089 —
(0.033) (0.028) (0.035) (0.033) (0.099) (0.062)  

Attempting EA within 1 year
  T × P × 

College A 
−0.270*** −0.245*** −0.267*** −0.254** −0.217 −0.183 −0.271
(0.068) (0.069) (0.072) (0.082) (0.098) (0.090) (0.277)

  T × P × 
College B 

−0.142* −0.140* −0.161* −0.154 −0.123 −0.049 −0.133
(0.060) (0.062) (0.071) (0.089) (0.088) (0.054) (0.097)

  T × P × 
College C 

−0.015 −0.014 −0.013 0.007 0.050 −0.046 −0.166
(0.064) (0.066) (0.063) (0.066) (0.108) (0.074) (0.109)

Passing EA within 1 year
  T × P × 

College A 
−0.082** −0.072* −0.083* −0.058 −0.083 −0.041 −0.125
(0.026) (0.030) (0.033) (0.039) (0.075) (0.064) (0.081)

  T × P × 
College B 

−0.099** −0.102** −0.122** −0.118* −0.124 −0.045 −0.092
(0.031) (0.033) (0.044) (0.055) (0.062) (0.062) (0.049)

  T × P × 
College C 

−0.058 −0.057 −0.043 −0.027 −0.033 −0.005 −0.185
(0.041) (0.047) (0.047) (0.047) (0.091) (0.066) (0.129)

Total units in 1 year
  T × P × 

College A 
−2.394*** −1.337* −2.322*** −2.098* −2.496 0.161 −1.284
(0.598) (0.635) (0.571) (0.875) (2.943) (2.256) (0.815)

  T × P × 
College B 

−2.514** −2.466*** −3.110*** −2.410*** −0.846 −1.286 −0.839
(0.768) (0.634) (0.662) (0.699) (1.486) (1.986) (0.730)

  T × P × 
College C 

−0.647 −0.425 −0.532 −0.198 0.039 0.330 −0.117
(0.442) (0.425) (0.508) (0.425) (1.452) (1.208) (0.535)

Note. Full model is .33 SD, with covariates, campus and cohort fixed effects, and linear interaction term of treatment and assignment variables. 
DDRD = difference-in-difference-in-RD; EA = elementary algebra; RD = regression discontinuity.
aThe analytical window is 2 years before and after the policy change in Colleges B and C, and 4 semesters before and after the policy change in 
College A because we did not have data for the full 2 years after spring, 2011.
*p < .05. **p < .01. ***p < .001.
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degree. We found that including these polynomial 
interactions with the treatment variable did not 
produce markedly different results from the linear 
form. This is demonstrated in columns 3 and 4.

We also performed checks to test the validity of 
the DDRD model to determine whether the 
observed treatment effects are merely artifacts of 
time. First, we narrowed the analytical window to 
just 2 years before and after the policy change.13 
The results presented in column 5 indicate that 
these estimates are similar to those of the full 
model. There would also be a threat to validity if 
the change in the treatment effect we observed 
was not unique to the timing of the policy change. 
Although we found that the postpolicy control col-
lege coefficients were not significantly different 
from zero (see Tables 4 and 5), we also performed 
a falsification exercise with a placebo policy 
change. We ran the DDRD model one semester 
before the actual policy change in each campus 
and provide the results in column 6. Again, we do 
not find any significant placebo policy cutoff coef-
ficients. This provides further assurance that the 
difference estimates we obtained are specific to 
the policy change in each college.

Finally, in column 7, we present estimates of 
the average treatment on the treated (ATT) effect, 
for which no zeroes were inputted for unobserved 
outcomes. This estimate therefore reflects differ-
ences in outcomes of students placed in PA rela-
tive to EA conditional on enrollment. These 
results can help us understand whether what is 
driving the negative findings is nonenrollment or 
the quality of developmental education courses, 
because a possible explanation for the more neg-
ative impact of placement in PA is that educa-
tional quality decreased. Conditioning on 
enrollment suggests that students who chose to 
enroll and persist performed no differently from 
their counterparts placed in EA. This analysis 
underscores the impact of the placement results 
on enrollment behavior.

Test or Cutoff Effects?

Although the significant DDRD effects were 
only observed in the two colleges that switched 
from diagnostics to computer-adaptive placement 
instruments, we nevertheless caution against 
interpreting the estimates of the change as solely 
attributable to the use of the computer-adaptive 

ACCUPLACER and the MDTP diagnostic. We 
examined the effects of a placement policy 
change, which encompasses more than just a 
change in test type. The MDTP, for example, was 
typically offered in a paper and pencil format dur-
ing the study window, and students, generally 
under the advisement of the testing coordinator, 
were able to choose which MDTP subtest to start 
with. In contrast, the ACCUPLACER is a com-
puter-adaptive test with predetermined starting 
points. It is also possible that the relative cutoffs 
after the policy changes in Colleges A and B were 
higher with respect to incoming student ability, 
and that the estimates we obtained in the diagnos-
tic colleges may be more attributable to a high 
cutoff than to the use of the computer-adaptive 
test itself.

Reducing Placement Errors

To investigate this further, we present supple-
mentary analyses focusing on placement accu-
racy, which can help us to better understand the 
role of placement tests in explaining developmen-
tal math outcomes. A possible logic for the 
observed decline in the RD estimates is that stu-
dents were more accurately placed when diagnos-
tics were used and less accurately placed when 
computer-adaptive instruments were used. 
Drawing on a method to examine placement 
accuracy described in Scott-Clayton et al. (2014), 
we first obtain predicted probabilities of passing 
and failing EA by analyzing only students who 
were placed directly in and who enrolled in EA. 
The probit model includes test scores, multiple 
measure indicators based on student’s academic 
background, which are used in the placement pro-
cess (MM), and a set of demographic controls, 
and is given by the following two equations:
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The estimated parameters are used to extrapolate 
predicted probabilities of passing and failing EA 
for the full sample (i.e., including those students 
placed in PA). Students who were either predicted 
to fail EA but were placed there, or get a B or bet-
ter in EA but are not placed there, are considered 
severely misplaced. The average proportion of 
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these two groups provides the severe error rate 
(SER; Scott-Clayton et al., 2014).

The findings from this analysis, presented in 
Table 7, indicate that the rate of severe placement 
errors increased by about 5 percentage points in 
College A and 9% in College B. After the place-
ment instrument change, about 11% of students 
in PA and EA were severely misplaced. That is, 
these students were likely to have passed EA 
with a B or better, but were placed in PA, or were 
likely to fail EA but placed there anyways. The 
rates are considerably higher within a narrower 
bandwidth of the cutoff, jumping to 44% in 
College A and 39% in College B, both increases 
of about 35%. This suggests that the content of 
the computer-adaptive placement test may be 
misaligned with the algebra courses (Hodara, 
Jaggars, & Karp, 2012). In College C, which 
raised the PA/EA cutoff, the estimated SERs 
actually decreased in the full sample of students 
and stayed roughly the same within a narrow 
bandwidth. This helps to explain why we did not 
observe any differences in the RD estimate in 
College C. It appears that raising the cutoff by 7 
points did not improve placement accuracy.

These errors rates seem to complement the 
RD results. An increase in the SER of placement 
around the cutoff may explain the larger negative 
impact of remediation. If students were less accu-
rately placed by the computer-adaptive test than 
by the diagnostic, this may have exacerbated the 
effects of placement in PA relative to EA. That 
College C did not experience a decline in place-
ment accuracy following an increase in the 

placement cutoff suggests that the increase in 
Colleges A and B may be related more to the use 
of the computer-adaptive test than to the change 
in cutoff relative to student ability. Further 
research would be needed to investigate this 
hypothesis in more depth.

Discussion and Policy Implications

Because community colleges are a pathway 
toward college certificates and degrees for a large 
fraction of the population, many of whom are 
first-time college-goers, it is crucial to increase 
access and ensure success through more accurate 
assessment and placement practices. Indeed, 
research shows that the cost associated with mis-
placement, in terms of the opportunity cost to the 
student and the cost of providing remediation, is 
estimated to be much larger than the cost of the 
test itself (Rodríguez, Bowden, Belfield, & Scott-
Clayton, 2014). If colleges pay more attention to 
placement test policy such that accuracy is 
improved and misplacement errors are mini-
mized, then colleges and students can both stand 
to benefit. Statewide reforms with this goal are 
already underway: The Texas Success Initiative, 
for example, has the goal of incorporating diag-
nostic assessment and holistic advising as part of 
its statewide developmental education plan; 
Virginia, North Carolina, and Florida likewise 
have revised assessment practices to improve 
placement decisions (Asera, 2011; Burdman, 
2012; Rodríguez, 2014). California is moving 
toward centralization by piloting a common 

Table 7
SER of Placement, Before and After a Policy Change

Prepolicy change Postpolicy change Difference

Campus Policy change All Narrow All Narrow All Narrow

Switched placement test
A   MDTP to ACCU in spring, 2011 0.062 0.076 0.108 0.443 +0.046 +0.367
B   MDTP to ACCU in fall, 2009 0.027 0.045 0.111 0.390 +0.084 +0.345
  Raised PA/EA cutoff
C   By 7 points (ACCU) in fall, 2009 0.274 0.326 0.118 0.313 −0.156 −0.013

Note. SER is calculated as the sum of severe misplacements. This is the average of the proportion of students who are predicted 
to pass EA with a B or better but are placed in PA and the proportion of students who are predicted to fail/withdraw from EA 
but are placed there. The narrow bandwidth is 5 points above and below the cutoff, and the narrow cutoff in College A is 1 
point above and below the cutoff. SER = severe error rate; MDTP = Mathematics Diagnostic Testing Project; PA = pre-algebra; 
EA = elementary algebra.
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assessment system, although it remains yet to be 
seen what types of tools and measures will be uti-
lized (Burdman, 2015).

The findings of the study demonstrate that 
although there may not be a perfect placement 
policy or tools devoid of error, there are those 
that can make marginal improvements over cur-
rent practices and minimize the damage of place-
ment errors. In the absence of large-scale 
evaluations of these policies and tools, we capi-
talized on the local-level heterogeneous policy 
context in LUCCD to examine placement policy 
experimentation in the form of test choice and 
cutoff changes. The findings highlight a possible 
advantage to using diagnostics to make place-
ment decisions in developmental math. All else 
constant, the two community colleges that 
switched from diagnostics to computer-adaptive 
tests experienced a larger negative impact of 
remediation, with fewer students at the margin of 
the cutoff enrolling and moving on to EA after 
being placed in PA. Although we cannot com-
pletely disentangle the effects of the test switch 
from a change in the level of the cutoff with 
respect to student ability, our supplementary 
analyses show that there were higher proportions 
of severe placement errors following the switch 
from diagnostics to computer-adaptive tests. This 
provides some insights into a potential explana-
tion for the observed decline in the effectiveness 
of remediation—that diagnostics may be better 
able to identify student skill than computer-adap-
tive tests. Diagnostics such as the MDTP can 
provide information on student proficiency for a 
range of subtopics such as fractions, exponents, 
and reasoning; this skill-specific information can 
be incorporated into placement policies to 
improve math placement decisions or used to tai-
lor instruction in math courses.

Of course, making placement policy improve-
ments may be easier said than done. The results 
of the study also underscore the reality that 
assessment and placement policy decisions are 
often made without much guidance or technical 
support, and faculty feel unsupported in choos-
ing placement tools, and setting and evaluating 
cutoffs (Melguizo et  al., 2014). Colleges may 
raise cutoffs simply because they observe low 
passing rates in higher-level courses, or to man-
age enrollment levels in college-level courses 
(Melguizo et  al., 2014; Hodara et  al., 2012). 

There are also competing pressures that may 
make certain policy choices more viable than 
others. For example, computer-adaptive tests, 
although potentially less accurate, may be more 
cost-effective and easier to administer in large 
batches, and they also can take less time than a 
diagnostic test such as the MDTP. Clearly, these 
tensions between equity and efficiency necessi-
tate that colleges make trade-offs that may come 
at the cost of student success (Jaggars & Hodara, 
2013).

Irrespective of the placement instruments 
chosen, one way to support practitioners in eval-
uating current placement policies is through RD 
analyses similar to the ones presented here. This 
stems from Robinson’s (2011) notion of using 
RD estimates to identify whether students expe-
rienced a “smooth transition” between academic 
contexts (e.g., from English language learner 
[ELL] courses to English-dominant courses). 
Drawing on this idea for developmental math, if 
cutoffs are “correct,” then we should observe no 
significant discontinuity in later outcomes. If stu-
dents experienced a positive benefit to placement 
in a lower-level course, evidenced by a positive 
discontinuity, this would suggest that the cutoff 
could be raised so that more students can obtain 
the benefit of remediation. However, if the RD 
estimate is negative, as we observe here during 
each college’s prepolicy period, then this implies 
a negative impact of remediation and that the cut-
off could be lowered to minimize the penalty 
(Melguizo et al., 2013). Further research should 
continue to investigate this hypothesis and inter-
pretation with respect to other contexts of place-
ment policy experimentation, such as when 
placement cutoffs are lowered rather than raised.

Conclusion

Although these findings are drawn from a 
sample of large urban community colleges in 
California and have limited external generaliz-
ability, growing concern about the usefulness of 
commercially available placement tests obliges 
research on alternative placement policies and 
tools that can guide practitioner efforts. Overall, 
our analysis shows that switching from using a 
math diagnostic for placement to using a com-
puter-adaptive test led to a larger negative effect 
of assignment to remediation on early college 



Ngo and Melguizo

194

outcomes, including initial math enrollment and 
completion of gatekeeper math courses. It 
appears that these differences may have stemmed 
from an increase in placement errors. We did not 
observe significant changes in the colleges where 
placement cutoffs were raised, although the find-
ings indicate that the appropriate experimenta-
tion would have been to lower the test score 
cutoffs. It seems evident that community col-
leges should experiment with using diagnostic 
information to more systematically inform place-
ment decisions or lower cutoffs. This may 
improve placement accuracy and the early col-
lege outcomes of incoming community college 
students placed in developmental math.
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Notes

  1. Some colleges reported using more than one 
instrument, so these do not add up to 100%.

  2. See Burdman (2012) for an overview of reforms 
across the country.

  3. Unfortunately, we are unable to include College 
G due to the unavailability of diagnostic data.

  4. College F made a change in instructional 
delivery by adding a cutoff that assigned students to 
either pre-algebra (PA) or two semesters of elementary 

algebra (EA). Fong, Melguizo, and Prather (2015) pro-
vide an analysis of this practice.

  5. We normalized the test score by campus and 
cohort to enable comparison across colleges. We also 
ran models with raw test scores and obtained similar 
results.

  6. Note that the total score used to derive the 
course placement consists of both the raw test score 
and additional points factored in from multiple mea-
sures. These three colleges, like the other large urban 
community college district (LUCCD) colleges, 
awarded between −2 and 5 additional points based on 
student responses to an educational background ques-
tionnaire administered at the time of the placement 
exam. Depending on the institution, students could 
earn additional points for the highest level of math 
taken, the importance of math, their high school grade 
point average (GPA), whether they have a diploma or 
general education development (GED), and their col-
lege plans. Importantly, the areas for which additional 
points were awarded and the amount of possible points 
did not change in any of the three colleges.

  7. College D implemented a self-placement policy 
during the 2008 summer and fall semesters. Because 
no assessments were given, there are no assessment 
records for these two terms, and they are not included 
in the sample.

  8. See Fong et  al. (2015) for an examination of 
the impact of assigning students to extended algebra.

  9. Means for a narrower bandwidth can be found 
in Online Appendix Table A1.

10. In College H, students were placed into PA ver-
sus extended EA, a two-semester EA sequence. These 
results are available from the authors on request.

11. We also compared the difference-in-differ-
ence-in-RD (DDRD) results when just College E 
was used as a control college and found results of 
similar direction and magnitude as those presented 
in Tables 4 and 5.

12. We provide figures in Online Appendix Figures 
A2 to A4 that illustrate this visually for each college.

13. We restricted the check to 1 year before and 
after in College A because 2 years after were not pos-
sible with the data.
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