
 

1 
 

 

 

 

 

 

 

 

Using a Regression Discontinuity Design to Estimate the Impact of Placement Decisions in 

Developmental Math 

 

Tatiana Melguizo* 

Johannes Bos** 

Federick Ngo* 

Nicholas Mills**  

George Prather*** 

*University of Southern California 
**American Institutions for Research 

***Los Angeles Community College, retired 
 

Corresponding Author: Tatiana Melguizo, melguizo@usc.edu  

 
 
Acknowledgements: The research reported here was supported by the Institute of Education 
Sciences, U.S. Department of Education, through Grant R305A100381 to the University of 
Southern California. Additional support was received from an internal grant from the Advancing 
Scholarship in the Humanities and Social Sciences (ASHSS) Initiative of the University of Southern 
California, Office of the Provost.  
 

 

mailto:melguizo@usc.edu


 

2 
 

Using a Regression Discontinuity Design to Estimate the Impact of Placement Decisions in 

Developmental Math 

A large proportion of the high school graduates who enroll in postsecondary education take 

at least one developmental, remedial, or basic skills course in either mathematics or English.1 Recent 

evidence suggests that nationwide approximately 60 percent of all incoming freshmen enroll in at 

least one developmental education course (NCPPHE & SREB, 2010). The rationale behind placing 

students in developmental courses is based on the premise they can successfully prepare students for 

higher-level coursework (Boylan, Bliss, & Bonham, 1994; 1997; Lazarick, 1997). However there are 

significant costs associated with developmental education. Current estimates indicate that the annual 

cost of remedial education ranges between $2 billion (Strong American Schools, 2008) and almost $4 

billion (Schneider  & Yin, 2011). And these estimates are not taking into account the opportunity 

costs in terms of time and money for students of being enrolled in developmental education 

(Melguizo, Hagedorn, & Cypers, 2008). Students in developmental courses usually pay tuition and 

fees but often do not receive degree-applicable credit and are sometimes unable to take college-level 

courses while in remediation (Bettinger, Boatman, & Long, 2013). Since these costs often hinge on 

the amount of time that students spend in developmental education, it is important to understand the 

effectiveness of initial placement decisions in developmental courses and the impact of these 

decisions on the duration of remediation for community college students.    

A number of rigorous studies have investigated the impact of developmental education, 

focusing on understanding its effectiveness. These studies have capitalized on large-scale assessment, 

placement, and outcome data in several states (e.g., Ohio, Florida, New York, North Carolina, 

Tennessee, and Texas) and have focused on large community college systems to understand the 

                                                      
1 The terms basic skills, developmental, remedial and preparatory math education are frequently used interchangeably 
though they have different conceptual origins, imply differing educational strategies and carry some political baggage. 
Our preferred terms are either developmental or preparatory math.  
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effect of placing students in developmental courses relative to college-level courses at the time of 

assessment (Bettinger & Long, 2009; Calcago & Long, 2008; Clotfelter, Ladd, Muschkin & Vigdor, 

2014; Martorell & McFarlin, 2011; Scott-Clayton & Rodriguez, 2015). One study provided further 

nuance by examining differential impacts by level of academic preparedness in Tennessee (Boatman 

& Long, 2010). Using regression discontinuity designs and other estimation strategies, this set of 

studies provides evidence on the impact of developmental education on important outcomes such as 

early college persistence (e.g., enrollment after one semester or year), college attainment (e.g., credits 

and credentials completed; transfers), and even labor market returns. Although the findings of these 

studies (which are discussed in further detail in the next section) have been mixed, they have 

improved our understanding of how developmental education shapes community college student 

experiences. Most of the evidence points towards a “diversion” function of remediation, by which 

students in remediation simply take remedial courses instead of college-level courses (Scott-Clayton 

& Rodriguez, 2015). 

We see our study as making two important contributions to this literature. First, most of 

these studies evaluated the impact of taking a developmental course versus a college level course (i.e., 

they did not differentiate the impact of different courses within the developmental math sequence). 

Like Boatman and Long (2010), we examine whether there are heterogeneous impacts across 

different levels of developmental math, but we also investigate how the estimated impacts of 

placement decisions to these courses change over time and how these placement decisions affect the 

duration of time before an outcome is achieved.  

Second, most of these studies focused on longer-term outcomes that are not always relevant 

to students enrolled in these courses because they may not align with their objectives and they may 

occur too far in the future to be observable (e.g., total numbers of credits completed, degrees 

attained, and transfers to four-year colleges within a three to six year window). Although some of 
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the aforementioned studies have examined shorter-term outcomes such as completion of 

subsequent college-level courses (Boatman & Long, 2010; Calcagno & Long, 2008), or grades in the 

remediated subject (Scott-Clayton & Rodriguez, 2015), our paper focuses on an underexplored but 

essential outcome: the eventual completion of the next course in the sequence (i.e., the course that 

students placed in a lower-level remedial course would have been placed in if they had scored higher 

on the initial placement test). Given that developmental sequences can be as many as four courses 

long in some community college systems, and that increasing persistence (i.e., attempt rates) through 

sequences appears to be more important to improve overall outcomes than increasing completion 

rates (i.e., pass rates) (Bailey, Jeong, & Cho, 2010; Fong, Melguizo, & Prather, 2015), it is important 

to examine student success in the next course. This is arguably the main objective of offering a 

prerequisite remedial course. In addition to these shorter-term course completion outcomes, we also 

examine whether students are able to complete 30 degree-applicable and 30 transferable credits, 

important indicators of student persistence and attainment (Melguizo, 2011). Importantly, the 

identification strategy we use—a discrete time hazard model embedded within a regression 

discontinuity design—enables us to understand how placement decisions affect the amount of time 

spent in remediation in different college contexts before a student achieves these goals. 

The findings presented in this paper examine mathematics placement decisions and student 

outcomes in a Large Urban Community College District (LUCCD) in California, which is the largest 

community college district in California and one of the largest in the U.S., serving a very diverse 

population of students. The data enable us to track students for at least four years following their 

initial placement decisions, allowing us to examine the impact of these decisions over a long period 

of time. LUCCD students were initially placed into one of four distinct math levels: arithmetic, pre-
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algebra, elementary algebra, or intermediate algebra.2 For different colleges we present the effects of 

being placed below the placement cut point between each of these levels. That is, we present how 

student outcomes are affected by being placed in arithmetic instead of pre-algebra, in pre-algebra 

instead of elementary algebra, or in elementary algebra instead of intermediate algebra. These 

impacts are a good focal point for researchers and policymakers aiming to improve students’ 

community college experiences and outcomes because (a) the initial placement decisions are the 

primary determinant of a student’s community college trajectory, and (b) the data and research 

methods produce valid impact estimates right at the cut points between different college placement 

levels. Measured at the cut points, these impact estimates evaluate the quality of the placement 

decisions themselves.  

Our study estimates the impact of placement decisions in the preparatory math sequence 

over time by using a discrete-time hazard model (Singer & Willett, 1993, 2003) within a regression 

discontinuity design (RDD) framework (Caliendo, Tatsiramos, & Uhlendorff, 2013; Ham & 

LaLonde, 1996; Lesik, 2007). The relevant policy question (at least one that can be answered 

rigorously) is whether placement decisions are effective. If they are, students at the margin do 

similarly well regardless of which course they are placed into. If they are not, this is either because 

students are placed below or above their level of expertise or because the courses they are placed 

into are poorly taught or otherwise ineffective for them. It is impossible to conclusively disentangle 

these different possibilities. Thus, our analyses estimate the impact of placements, which do not 

necessarily generalize to the coursework and services associated with those placements.  

                                                      
2 The extent to which these math courses are “remedial” depends on students’ subsequent course of study and degree 
objectives. Arithmetic is never credit bearing and does not count toward any degree or certificate. Pre-algebra is credit 
bearing but does not meet the math requirement of most certificates or AA degrees and is not transferable to a four-year 
institution. Elementary algebra is also credit bearing and was sufficient to meet the math requirement for an AA and for 
most certificates. Its credits are not transferable to a four-year institution. Intermediate algebra credits are transferable 
and intermediate algebra was required for some technical certificates. Recently, the minimum math requirement for an 
AA degree was raised to intermediate algebra. However, this change happened after the analysis period for this paper.  
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We used RDD because this is a technique that enables the researcher to make rigorous 

causal inferences when randomization is not feasible. The general idea is that, controlling for the 

score on their placement test, students at the margin are essentially “assigned” at random to one of 

two placements (the one above and the one below the cut point), provided that they do not know 

what their score is relative to the cut point as they are taking the test and provided that their score is 

not manipulated afterwards. We estimated our RDD models as discrete-time survival models to 

allow the impacts to vary over time and to minimize any bias due to censoring of observations. 

Descriptive evidence indicates that community college students often delay enrollment in 

developmental math courses (Bailey, 2009; Fong et al., forthcoming), and that students spend a 

substantial amount of time (five years on average) before attaining a degree or certificate or 

transferring to a four-year college (Melguizo et al., 2008). This in turn reflects the fact that many 

community college students attend college part-time. The methodological strategy we used enabled 

us to get precise estimates of the effects of different placements on educational outcomes over time, 

including the additional time that certain placements may add to a student’s achievement of those 

outcomes.  

Results of our study suggest that there is variation in the effectiveness of the placement 

decisions both by math level (i.e., students may benefit from being placed into arithmetic first rather 

than moving straight into pre-algebra but they may not benefit from being placed into elementary 

algebra before moving into intermediate algebra) and by college (i.e., students may benefit from 

being placed into arithmetic in college A but not in college C). In terms of the short-term outcomes 

(e.g., passing the following course in the sequence), we found that in some colleges the initial 

“penalty” of being placed in a lower level math course (i.e., a lower initial likelihood of passing the 

higher-level course in the sequence) disappeared over time, typically after about one year. This was 

not the case in other colleges where such a “penalty” remained even after five years. These findings 



 

7 
 

suggest that studies that focus on a limited set of outcomes and do not follow students long enough 

may draw erroneous conclusions regarding the effectiveness of developmental education.  

We interpret the results as information with which to direct cutoff adjustments to better 

serve marginal students. Under a well-designed placement policy one would expect that the results 

of the RDD models would yield placement coefficients that are close to zero or modestly positive to 

account for the extra time involved in first completing a lower-level course (Robinson, 2011). When 

the placement coefficients are negative, students at the margin are not benefiting from being placed 

in a remedial class, which suggests that the cut-scores should be lowered so that these students are 

placed directly in a higher-level course. Similarly, when the placement coefficients are large and 

positive, this suggests that students at the margin benefit substantially from the developmental 

preparation, and that the cut scores may need to be raised so that students who score just above the 

margin are also placed in the developmental math course.  

The structure of this paper is as follows: in the next section we present a brief description of 

literature followed by the current assessment and placement policies in math at the LUCCD. The 

following methods section includes a description of the data, the sample, and the models estimated. 

This is followed by a results section, which in turn is followed by a discussion that highlights the 

conclusions and policy implications of the study. 

Literature Review 

In recent years a number of studies have used rigorous quasi-experimental methods to 

evaluate the impact of developmental math on various educational outcomes. Capitalizing on 

placement test and student outcome data from different states and community college systems, 

researchers have used econometric methods such as regression discontinuity design (RDD) that can 

account for selection bias to examine the consequences of placing students in developmental 
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courses relative to college-level courses. RDD exploits variation around the minimum required score 

on placement tests to estimate causal effects of placement in developmental courses.  

The findings of these studies largely have been mixed. For example, using data from Florida, 

Calcagno and Long (2008) found that developmental education coursework had a positive effect on 

short-term persistence, but little effect on eventual four-year degree completion. Bettinger and Long 

(2009), using an instrumental variables (IV) estimation strategy, found that community college 

students in developmental courses in Ohio were more likely to persist and graduate than similar 

students who did not receive remediation. In contrast, other studies have found that placement in 

developmental math negatively affected short-term outcomes. A study by Clotfelter, Ladd, 

Muschkin, and Vigdor (2014) also using IV estimation concluded that, for a sample of community 

college students in North Carolina, remediation reduced the probability of passing a college math 

course by about 22 percent. In the long run, being placed into developmental education did not 

appear to improve students’ likelihood of completing a degree (Calcagno & Long, 2008; Martorell & 

McFarlin, 2011; Scott-Clayton & Rodriguez, 2015). Similarly, using data from six community 

colleges in a large district, Scott-Clayton & Rodriguez (2015) found that three years after enrollment 

there was basically no impact of being placed in developmental courses in terms of enrollment, 

persistence, or degree attainment with the exception of a negative impact for students who failed the 

reading test. They concluded developmental courses are largely diverting students from enrolling 

directly in college level courses, rather than discouraging students or developing their skills. These 

findings underscore the “diversion hypothesis”—that developmental education policies funnel 

students to tracks where they complete courses, but not ones that count towards college degrees or 

lead to transfer (Scott-Clayton & Rodriguez, 2015). 

We note that most of these studies focused only on the cutoff between the final course of 

the developmental sequence and the college-level course, yet a number of students are placed into 
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courses that are two or more levels below the college level course (Bailey et al., 2010; Fong et al., 

forthcoming). One study did investigate whether there were heterogeneous effects of development 

education by focusing on different courses of a developmental sequence. Using data from Tennessee, 

Boatman and Long (2010) found differential impacts of developmental and remedial education 

based on the level of math and academic preparation of the students. There were less negative and 

sometimes even positive effects of remediation for students with the lowest levels of academic 

preparedness. Similarly, using data from Texas, Martorell and McFarlin (2011) examined whether the 

effects of remediation on college persistence and completion differed by student ability by 

comparing effects after the placement cutoff was raised by about a third of a standard deviation. 

They found that these effects became slightly more negative after cutoffs were raised, suggesting 

that lower-ability students may have benefitted more from placement in remedial courses.  

Existing studies also tended to examine longer-term outcomes that, while important to 

examine, arguably are not the primary goals of developmental education policy (e.g., total numbers 

of credits completed, degrees attained, and transfers to a four-year college) (Bettinger & Long, 2009; 

Calcagno & Long; 2008; Martorell & McFarlin, 2011). These outcomes may not align with students’ 

objectives and they may occur too far in the future to be observable, causing a censoring problem. 

While some studies mentioned above examined short-term outcomes such as semester-to-semester 

persistence and completion of gatekeeper courses, few studies examined whether developmental 

courses adequately prepared students for the next course in the sequence, which is a primary goal of 

placing students into lower levels of remedial math sequences. A recent study by Moss, Yeaton & 

Lloyd (2014) used both RDD and a randomized control trial (RCT) design to test whether students 

assigned to a developmental math course benefitted in terms of earning better grades in a college 

level course, which is an outcome more aligned with the goals of developmental education policy. 

They found that students placed in the developmental course had an increase of about one quarter 
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to one third in the grade in a college level math course. In contrast, Scott-Clayton and Rodriguez 

(2015) found that placement in remediation did not improve grades in subsequent college-level 

courses. 

Our study contributes to the literature by not only exploring the impact of developmental 

math on all the levels of the sequence and focusing on relevant short-term outcomes associated with the policy (i.e., 

passing the following course in the sequence), but also by accounting for variation of the effect over 

time as a way to better understand the impact of placement decisions on student outcomes.  All 

studies referenced examined whether outcomes were achieved by a certain amount of time (e.g., 

three and six years in Boatman and Long (2010); six years in Calcagno and Long (2008); three or 

more years in Scott-Clayton and Rodriguez (2015)). We take an alternative approach by examining 

the impact of placement decisions on when the outcomes are achieved. Thus the outcome of interest 

is not whether students had achieved a given outcome by a certain time point following remedial 

assignment, but rather, how remedial assignment impacts the duration of remediation. The approach we use—

a discrete time hazard model embedded within a regression discontinuity design—has been applied 

previously to understand the impact of receiving unemployment benefits on the duration of 

unemployment (Caliendo et al., 2013) and the impact of college remediation on time to dropout 

(Lesik, 2007). We further develop the intuition for this approach in the Methods section. Finally, 

consistent with Robinson (2011), we argue that this application of RDD could also be used as a 

method to test and calibrate whether colleges are indeed setting the placement cutoffs correctly.  

Math Assessment and Placement Policies in a Large Urban Community College District in 

California 

We investigate the impact of placement decisions on student outcomes over time in the large 

Urban Community College District (LUCCD). Because California community college districts 

operate under a decentralized governance structure, districts have considerable discretion over how 
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they place students in course sequences and when students are placed in developmental math or 

English. Unlike other districts in California, the LUCCD further decentralizes decision-making 

about developmental education placement to each individual college (Melguizo, Kosiewicz, Prather, 

& Bos, 2014). As a result, LUCCD colleges have autonomy in three key areas in terms of who is 

assigned to developmental education: selecting a placement instrument, setting cut scores, and 

selecting so-called “multiple measures”, which represent a legally mandated alternative to placing 

students based on the score of a single testing instrument.  

 

Placement instrument 

Colleges can use a wide variety of placement instruments to assign students to 

developmental education. These instruments include placement tests, student interviews, academic 

transcripts, and attitude surveys (CCCCO, 2011). Colleges using placement tests have the choice of 

selecting a state-approved instrument or developing their own, which, however, requires the college 

to prove its validity. State-approved instruments in California include: College Board’s 

ACCUPLACER, ACT’s COMPASS, UC/CSU’s MDTP, and the CASAS (Comprehensive Adult 

Student Assessment Systems). All nine LUCCD colleges use placement tests to determine 

developmental education placements. This decision reflects faculty perceptions that a test is the 

most efficient and effective instrument to capture a student’s math knowledge and ability (Melguizo 

et al., 2014).  

Cut scores 

After selecting an assessment, college faculty and administrators have the freedom to select 

cut scores to sort students into different courses, including developmental courses. In their research 

on the math placement process in LUCCD, Melguizo et al. (2014) found that this score-setting 

process usually involved a deliberate trial-and-error calibration effort by math faculty, who tried to 
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avoid placing students in classes for which they were not academically ready. Because student 

characteristics and course offerings varied by college, the cut points between placement levels varied 

considerably across the colleges as well. Appendix table A.1 summarizes the cut score decisions of 

the colleges in our sample during the study period.   

The colleges reported using several procedures to calibrate their cut scores (Melguizo et al., 

2014). Most common was for several math faculty members to take the tests themselves and then 

come to an agreement about what scores would indicate a student’s readiness for each course in the 

sequence. The test vendors’ recommendations would also have been considered when a new 

instrument was first adopted. In earlier years, the state required periodic re-evaluation of placement 

procedures, but during our study period those re-evaluations were done less frequently, usually only 

if prompted by faculty dissatisfaction with the preparation level of the students enrolled in their 

particular courses. Some of the colleges in our study compared the academic success of students 

placed into a given level via a placement test with that of those who progressed to that level from 

preceding courses and used the resulting information to calibrate placement scores.  

Notably, the calibration processes we encountered were largely informed by faculty 

perceptions and satisfaction with the level of student preparation for each course and on student 

performance in that particular course. Neither state regulations for the validation of cut points nor 

the procedures we observed included information linking initial placements with subsequent success 

in the course sequence. Though state accountability measures have more recently focused on 

student movement from the initial level to success in at least one subsequent level, that information 

has not been systematically used to calibrate or improve placement procedures.  

Multiple measures 

Title 5 of the California Code of Regulations requires community colleges to consider 

information other than a student’s assessment score to make placement decisions. Known as 
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“multiple measures”, these measures are intended to give emphasis to other cognitive and non-

cognitive factors that play a role in determining student performance. According to the CCCCO, a 

number of factors can be treated as multiple measures, including, for example, scores from 

additional standardized placement tests, writing samples, performance-based assessments, surveys 

and questionnaires, and past educational experience.  Appendix table A.2 summarizes the multiple 

measure points given to students by each of the colleges in our sample during the study period.   

Each of the colleges in the study collected additional information via an educational 

background questionnaire. However, different LUCCD colleges established different rules for which 

measures counted, how many placement test score points they contributed, and under what 

circumstances multiple measures were applied. While many students earned additional points based 

on these multiple measures, Melguizo et al. (2014) and Ngo and Kwon (2015) showed that in only a 

small percentage of cases (about 5 percent across the district) were students placed in a higher-level 

course than their placement test score would have supported. As discussed below, our analytical 

approach took account of the use of multiple measures by the individual colleges and found that 

they did not compromise the integrity of our analyses.  

Methods 

Regression Discontinuity Design 

 The research presented here is based on an analytical framework known as a “regression 

discontinuity design” (RDD) that depends on the fact that students’ assignment to specific entering 

levels of math instruction is based on their score on an initial placement test and selected 

background variables collected before the placement decisions were made or test scores were 

communicated. As described above, the different LUCCD colleges use specific pre-determined 

point cutoffs in the distribution of the placement test scores to place students in specific courses and 

have pre-established rules for augmenting these scores with information from “multiple measures”. 
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The assignment variable is therefore a combination of the raw placement test score and any 

additional multiple measure points where applicable. After statistically controlling for this composite 

placement test score, any differences in student’s subsequent outcomes can be reliably attributed to 

the placement decision itself, i.e., the place in the adjusted test score distribution where the cut point 

was set. As discussed in the introduction, this RDD method has been widely used in studies 

attempting to evaluate remedial education programs (Boatman & Long, 2010; Calcagno & Long; 

2008; Martorell & McFarlin, 2011; Moss & Yeaton, 2006; Scott-Clayton & Rodriguez, 2015). As a 

viable alternative to randomized control trials, RDD studies have been used in program evaluation 

and policy research across a wide range of policy areas, ranging from labor research to financial 

analysis to medical research (Angrist & Lavy, 1999; Gamse et al, 2008; Robinson, 2011; Urquiola & 

Verhoogen, 2009; Zuckerman, Lee, Wutoh, Xue, & Stuart, 2006). The internal validity of their causal 

inferences is considered on par with fully experimental randomized control trials, provided that 

certain assumptions are met (Imbens & Lemieux, 2008). These assumptions are discussed in detail 

below.  

 Figure 1 illustrates how RDD works in the context of this particular study. It depicts the 

relationship between an educational outcome on the Y-axis and the adjusted placement test score on 

the X-axis. (The outcome could be attainment of a certain number of math credits or the probability 

of successfully completing a given course). As illustrated in the figure, the hypothesized relationship 

between the initial placement score and attainment of the subsequent outcome is positive: students 

scoring higher on the placement test are predicted to be more successful college students. As 

indicated with a vertical line, there is a cut point at point X in the distribution of the adjusted 

placement test score. Students who score above this cut point are placed in a higher-level class (e.g., 

elementary algebra) and students who score below the cut point are placed in a lower-level class (e.g., 

pre-algebra). The visible shift in the relationship between the placement test score and the outcome 
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is an indication of the effect of the placement decision. As discussed before, the lack of such a 

pronounced shift is an indication of a well-calibrated placement scheme. A pronounced positive 

shift on the left-hand side of the cut point means that too few students are placed in the lower-level 

course and conversely a positive shift on the right-hand side means that too many students are 

placed in the lower-level course (as shown in the figure). By statistically controlling for the 

placement test score, the magnitude and statistical significance of this shift can be precisely 

estimated.  

Figure 1. The Mechanics of Regression Discontinuity 
 

 

 

 

 

 

 

 

 

 

 

 

As mentioned in the introduction, our study differs from other research on the effects of 

community college placement policies in that (a) it estimated placement effects at multiple points in 

the distribution of placement test scores, and (b) it used discrete time hazard analysis (Singer & 

Willet, 2003) to describe how placement effects develop and change over time. These refinements 

are important because placement effects cannot be assumed to be constant throughout the 
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distribution of placement test scores and because placement effects are unlikely to be constant over 

time. That is, a student who is placed in pre-algebra instead of elementary algebra may take longer to 

complete elementary algebra but may ultimately have a higher likelihood of doing so. Thus, a 

placement effect estimated after six months may be negative while the same effect estimated 12 

months later may be positive. Similarly, the effect of placement in a lower-level course may be 

positive at the cut point between arithmetic and pre-algebra, but may be negative at the next higher 

cut point between pre-algebra and elementary algebra.  

  The precision of RDD estimates depends on the size of the analysis sample and the degree 

to which the sample is closely clustered around the cut point of interest (Murnane & Willett, 2011; 

Schochet, 2008). Sophisticated RDD estimation procedures consider these properties by establishing 

an “optimal bandwidth” for each estimate, which optimizes the tightness of the distribution and the 

size of the available sample. We use the Fan and Gijbels (1996) procedure to establish optimal 

bandwidths for all estimates. We also tested sensitivity of the estimates to bandwidth size to ensure 

that this procedure did not materially affect the estimated placement effects and found no such 

interference. Results of these sensitivity analyses (varying the RDD bandwidths to five points above 

and below, and one point above the optimal bandwidth) are available in the Appendix.  

Discrete Time Hazard Analysis  

 Typically, estimates of the effects of community college placement decisions focus on outcomes 

at a given point in time. For example, researchers may estimate whether a student graduates with a 

college degree or successfully transfers to a four-year college within a two-year follow-up period. In 

this study we moved beyond these point-in-time outcomes and estimated how outcomes (and 

placement effects) changed over time, which also helps us to identify the duration of time before an 

outcome event is observed. To conduct such analyses we used a framework developed by Singer & 

Willet (1993) in which student-level outcomes are transformed into student-time-based units (in this 
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case, based on student-quarters), thus creating multiple observations for each individual sample 

member. Each of these observations is associated with a single time period (a quarter in this case) 

and describes whether an outcome event (successfully completing a course or earning 30 credits) has 

occurred by the end of this time period. The parameter of interest is the conditional probability of 

the outcome occurring in a particular quarter, conditional on it not yet having occurred in any of the 

preceding quarters. In a discrete-time hazard model, these conditional probabilities are allowed to 

vary non-linearly from time period to time period and from student to student. Thus, within the 

RDD framework, the probability of successfully completing a course within a given quarter is 

allowed to vary by (a) the placement decision itself, (b) the adjusted score on the placement test, and 

(c) which quarter is examined (time). This framework thus provides flexibility to estimate how time, 

academic ability at placement, and placement decisions interact to impact student outcomes. 

Moreover, this analytical method explicitly addresses the problem of censoring in longitudinal 

outcome data like those used here. Sample members who never attain a particular outcome 

contribute fully to all the period-specific parameter estimates for which the outcome could have been 

observed. It is not necessary to impute data for unobserved quarters, curtail the sample to enforce a 

uniform observation period, or use complex statistical adjustments (e.g., Cox regression) to adjust 

for censoring.  

  We used discrete time hazard analysis to investigate the effect of course placement on the 

successful completion of the next course of each college’s remedial math sequence, the completion 

of 30 degree-applicable credits, and the completion of 30 transferable credits. We conducted 

separate outcome analyses for each of the student-quarter observations of these outcomes to 

estimate the effects of placement decisions at each specific time point. By converting the resulting 

regression coefficients into predicted outcome variables (e.g., quarterly educational attainment 

variables) we were then able to present cumulative incidence profiles for outcomes such as credit 
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attainment and successful completion of milestone math courses. As detailed by Singer & Willet 

(2003), this method maximizes the use of available data by estimating each time-specific effect on 

the entire available sample for that time point. As a result, effects for time periods close to the initial 

placement test are more precisely estimated than they would have been had the entire sample been 

constrained to students with a minimum amount of available follow-up (e.g., 36 or 48 months). This 

is especially important in research involving community college students, many of whom attain their 

educational objectives across multiple episodes with frequent and sometimes lengthy interruptions 

(Bailey et al., 2010).  

 A concern with this approach is that there are compositional changes in the sample over 

time. Earlier time points include more sample members than later ones and later time points rely 

more on early cohorts of students. If these compositional changes were somehow correlated with 

the placement decision, they could introduce a bias into the impact estimates. However, for this to 

happen, either the cut points (and associated placement decisions) would have to change within the 

study sample over time or the conditional likelihood of students scoring above or below the cut 

point (after controlling for the adjusted placement test score) would have to change over time.3 Also, 

as Singer and Willett (1993) acknowledge, the shifting samples underlying discrete time hazard 

models can pose interpretation problems if the estimates do not represent the same underlying 

population over time. This is not the case here since there were no major shifts in LUCCD 

admission policies, economic conditions, or population characteristics during the study period.4  

 Another concern with discrete time hazard analyses is the fact that person-time observations 

are serially correlated. Without appropriate statistical adjustments such serial correlation can bias the 

                                                      
3 Note that compositional changes in the sample over time only affect the validity of the RDD estimates if they change 
the placement decision through mechanisms other than changes in underlying ability as measured with the placement 
test score (since the latter is explicitly controlled in the RDD analysis).   
4 As a sensitivity check we also produced traditional cross-sectional estimates (at specific time intervals such as 12, 24, 36, 
and 48 months after placement) of the impacts presented in this paper. These estimates, which did not differ 
substantially from those presented here, are summarized in the Appendix; the full results are available from the authors.  
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standard errors of regression estimates considerably. To address this concern we used the SAS 

(version 9.3) software’s survey logistic regression procedure. This method accounts for the 

correlation that exists between observations of the same student across time periods by adjusting the 

degrees of freedom so that standard errors are computed using the number of students in the 

sample, rather than the number of person-time observations (Allison, 2005).   

 Specifically, we estimated the following model: 

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 ℎ�𝑙𝑙𝑖𝑖𝑖𝑖� = �𝛼𝛼1𝐷𝐷1𝑖𝑖𝑖𝑖 + ⋯+ 𝛼𝛼16𝐷𝐷16𝑖𝑖𝑖𝑖� + 𝛽𝛽1𝑇𝑇𝑇𝑇𝑙𝑙1𝑖𝑖𝐷𝐷1𝑖𝑖𝑖𝑖 + ⋯+ 𝛽𝛽16𝑇𝑇𝑇𝑇𝑙𝑙16𝑖𝑖𝐷𝐷16𝑖𝑖𝑖𝑖 + 𝐵𝐵17(𝑇𝑇𝑇𝑇𝑇𝑇𝑙𝑙 − 𝐶𝐶𝐶𝐶𝑙𝑙𝑇𝑇𝐶𝐶𝑙𝑙𝑇𝑇𝑇𝑇)𝑖𝑖 

This model predicts the logit of the conditional probability (hazard) that student i will 

successfully complete outcome t in quarter j, given his or her college placement score and his or her 

placement into a higher or lower level math course. It allows both the baseline conditional 

probability of achieving the outcome as well as the effect of placement into the lower level of the 

remedial math sequence (trt) to vary over the 16 observed quarters (each indicated by a dummy 

variable D
ij

), by estimating a specific baseline and treatment coefficient for each time period j within 

each student i. 

 In order to illustrate the impact of course placement on outcomes for students who scored 

immediately above or below the threshold for placement into the higher level of the remedial math 

course sequence, we estimated the model’s survivor function based on predicted hazards for both 

groups of students. The survivor function estimate for each time period is the predicted proportion 

of students who have not successfully completed an outcome by quarter j. We then subtracted the 

survivor function estimates from one, and plotted this rate for students who were placed into the 

higher and lower level remedial math courses.  These rates can be interpreted as the cumulative 

incidence of completing an outcome by quarter j, or in other words, the predicted proportion of 

students who successfully achieved a given outcome. We generated confidence intervals for these 

estimated rates using Greenwood’s approximation (Greenwood, 1926).  
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Three Potential Sources of Bias  

 All RDD estimates are subject to three distinct types of bias. The first stems from the fact 

that students may be able to enroll in classes to which they were not assigned based on their 

placement test result. This may occur when students skirt the official placement decisions or when 

their placement decision is based on factors other than their placement test result. As discussed in 

the introduction, California community colleges are mandated to use “multiple measures” to inform 

placement decisions because exclusive use of standardized placement tests is considered 

disadvantageous to certain groups of students (Melguizo et al., 2014). Five out of the six colleges in 

the sample used multiple measures to place students. For these colleges, test scores were adjusted to 

take into account these decisions and these adjusted test scores were then used as the forcing 

variable in our RDD analyses. For this to be appropriate, the use of multiple measures for individual 

students and the amount of “multiple measure points” each student was awarded must be 

independent of what the placement decision would have been if it were based only and exclusively 

on the standardized placement test. We confirmed this in our qualitative research (Melguizo et al., 

2014) and also confirmed it by examining the distribution of adjusted test scores around the 

placement cut point using a McCrary test (detailed below). In addition, we expressly examined 

whether there was a discontinuity in multiple measure points awarded around the placement cut 

point, which would be the most direct evidence of “tampering” with multiple measures (to influence 

placement decisions). As detailed below, all of these safeguards were successfully met in most cases 

and where they were not, we excluded that particular contrast from our RDD analyses.  

 In addition to the “multiple measure” cases, we know that some students were able to enroll 

in a class other than the one they were formally assigned to, an issue of non-compliance. Because of 

administrative controls this number is very small. Fewer than 5 percent of the sample first enrolled 

in a class other than the one they were formally assigned to. To avoid biasing the results, these 



 

21 
 

students are included in our analysis as if they had enrolled in the class in which they were placed. 

(In random assignment-based research, the estimates resulting from this inherently conservative 

analytical approach are known as “Intent to Treat” or “ITT” estimates). We also ran all models with 

and without these non-compliers, and obtained similar results. 

 A more serious type of bias is one in which the placement test results themselves are 

manipulated to achieve a specific placement outcome. This can happen, for example, when 

instructors help students as they take the test, correct items, manipulate scores, or allow students to 

retake the test if they score close to a cut point. In general, the ACCUPLACER and COMPASS 

placement tests used by the LUCCD colleges we studied do not allow for such manipulation and we 

have no indication that any such manipulation occurred during the study period for our sample. 

However, because the integrity of the testing and placement process is so crucial for the validity of 

RDD studies like these, we also used the McCrary test (McCrary, 2008),5 which is specifically 

developed to detect these types of manipulations. This test looks for anomalies in the distribution of 

subject test scores across the cut points. (A spike of scores just above a cut point would indicate 

possible manipulation of test results to place more students in a higher-level course). Across the 

seventeen comparisons presented in this paper we found only one case where we could not 

statistically rule out such manipulation. We excluded this case from the findings presented in this 

paper, and focus on the sixteen remaining comparisons.  

 A final major assumption underlying RDD estimates is that the regression model must 

properly represent the relationship between the forcing variable (in this case the continuous adjusted 

placement score) and the outcome variable (in this case the various measures of student course 

milestones). Misspecification of this relationship can bias RDD estimates. Although it is not possible 

to rule out all misspecification bias, our estimates were found not to be sensitive to changes in 

                                                      
5 For a detailed presentation of the use of this test see the Appendix. 
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model specification or changes in the optimal bandwidth used to estimate the RDD effects. 

Specifically, we ran models in which we included polynomial terms and covariates, and found no 

major differences in our subsequent estimates from these changes in our model specifications. 

Interpretation of the Results  

 A major limitation of RDD research in general is that estimated effects apply only “at the cut 

point”. That is, they represent what would have happened to a student scoring just below the cut 

point if that same student would have scored just above the cut point and cannot be extrapolated to 

larger bandwidths of students without threats to internal to validity. This places important 

limitations on the interpretation of subsequent placement effects. If a marginal student who is 

placed in pre-algebra would have done better had he or she been placed in elementary algebra this 

does not mean that all students in pre-algebra would have done better in the higher-level course or 

that pre-algebra is ineffective or a waste of time. Thus, consistent with Robinson (2011) we argue 

that the best way to interpret such a negative marginal effect is that the cut point is too high: it 

should be lowered until a marginal student neither benefits nor suffers from being placed on either 

side of the cut point. (As discussed above, because of the cost associated with initially placing a 

student in a lower-level course, it may be acceptable or even desirable if the effect of placement 

below the cut point is modestly positive).  

Data 

The present study describes the math placement trajectories and subsequent educational 

outcomes for a sample of 16,5536 first-time community college students in six community colleges 

in the LUCCD. These students took a standardized placement test (either the ACCUPLACER or 

the COMPASS) between the summer of 2005 and the spring of 2008, and subsequently enrolled in 

college. At the time of their enrollment they completed an education planning form, which for most 
                                                      
6 It is worth noting that specific analyses presented in this paper used subsamples of this overall sample because not 
all of the students fit within the optimal bandwidths used in the RDD analyses. 
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students included the following demographic background variables: age, gender, race and ethnicity, 

whether English was their primary language, and residence status (i.e., U.S. citizen, permanent 

resident and other visa). The outcome data included quarterly enrollment data (for up to four 

quarters per year; three in the school year and one in the summer), quarterly course completion and 

credit attainment data, and variables capturing a number of educational outcomes (i.e., passed the 

following course in the math trajectory, and total degree applicable and transfer level credits 

attained). All student data used in our analyses came from the LUCCD Office of Institutional 

Research’s computerized system.  

We transformed these data such that each student in our sample had a series of quarterly 

status variables beginning with the quarter of their enrollment (usually immediately following the 

placement test) and ending with the final quarter of the 2011-12 school year. We then transformed 

those data into a series of student-quarter observations for use in the discrete-time hazard analyses 

described above. We did not pool these data across the six colleges due to variation in placement 

policies across the district, but instead estimated separate effects for each cut point in each college 

for which the distribution of the placement test scores met the criteria of the McCrary test.7  

 Table 1 shows the various relevant sample sizes by college and cut point. The second 

column shows the number of students included in each analysis (after applying the optimal 

bandwidth criteria described above) and the third column shows the number of person-time 

observations generated from each sample of students. These are the sample sizes underlying the 

results presented later in this paper.  

  

                                                      
7 Pooling data across colleges was not possible due to the fact that course sequences, placement score cut points, 
multiple measures, and other major analytical and policy variables varied across the colleges.  
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Table 1: Sample Sizes and Cut Points by College 

College and Cut Point Level N of Students N of Student 
Time Periods 

 College A   
    

  
Arithmetic-Pre-Algebra Arithmetic 801 12816 

  
 

Pre-Algebra 348 5568 

  
Pre-Algebra-Elementary Algebra Pre-Algebra 1336 21376 

  
 

Elementary Algebra 882 14112 

  
Elementary Algebra-Intermediate Algebra Elementary Algebra 993 15888 

  
 

Intermediate Algebra 606 9696 

 
College B 

   
 

  
Arithmetic-Pre-Algebra Arithmetic 33 528 

  
 

Pre-Algebra 25 400 

  
Pre-Algebra-Elementary Algebra Pre-Algebra 583 9328 

  
 

Elementary Algebra 436 6976 

  
Elementary Algebra-Intermediate Algebra Elementary Algebra 423 6768 

  
 

Intermediate Algebra 198 3168 

 
College C 

   
 

  
Arithmetic-Pre-Algebra Arithmetic 630 10080 

  
 

Pre-Algebra 441 7056 

  
Pre-Algebra-Elementary Algebra Pre-Algebra 295 4720 

  
 

Elementary Algebra 191 3056 

  
Elementary Algebra-Intermediate Algebra Elementary Algebra 70 1120 

  
 

Intermediate Algebra 33 528 

 
College D 

    
  

Arithmetic-Pre-Algebra Arithmetic 1162 18592 

  
 

Pre-Algebra 418 6688 

  
Pre-Algebra-Elementary Algebra Pre-Algebra 128 2048 

  
 

Elementary Algebra 79 1264 

  
Elementary Algebra-Intermediate Algebra Elementary Algebra 928 14848 

  
 

Intermediate Algebra 1180 18880 

 
College E 

   
 

  
Elementary Algebra-Intermediate Algebra Elementary Algebra 911 14576 

  
 

Intermediate Algebra 514 8224 

 
College F 

    
 

 
Arithmetic-Pre-Algebra Arithmetic 367 5872 

   
Pre-Algebra 1052 16832 

  
Pre-Algebra-Elementary Algebra Pre-Algebra 737 11792 

  
 

Elementary Algebra 452 7232 

  
Elementary Algebra-Intermediate Algebra Elementary Algebra 179 2864 

   
Intermediate Algebra 122 1952 

SOURCE: Authors’ calculations using LUCCD data. 
Note: These sample sizes include only students who were included in the optimal bandwidth of the regression analyses and the time periods 
associated with those students. 
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Results 

Table 2 presents selected background characteristics and placement outcomes for each of 

the key groups in the study (up to four placement levels in six colleges). The table shows that the 

student samples were quite different both between levels within colleges and within levels across 

colleges. This is the case both in terms of their background characteristics and in terms of their 

educational outcomes. For example, compared to students placed into arithmetic at College A, 

nearly three times the proportion of students at college F were under 20. Additionally, the percent of 

students in the sample who indicated that English is not their primary language varied widely by 

college. For students placed into elementary algebra, it ranged from 19 percent at College E to 42.9 

percent at College A.  Similar variation across colleges appears to exist in racial and ethnic 

background as well as student gender. Moreover, the distribution of placement decisions across the 

different colleges varied considerably. For example, in college C, which serves a more academically 

disadvantaged student population than the other colleges, as many as 38 percent of the students 

were placed in arithmetic (the lowest level), compared to as few as 12.6 percent in college F, which 

tends to serve a more academically advantaged student population. 
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Table 2: Student Background Characteristics and Placement Ratios 

College and Grouping Level % of 
students 

Median 
Age 

%Younger 
than 20 

%No HS 
credential 

%English 
not prim. 

lang. 

% US 
Citizen 

% 
Female %Asian %Black %Hispanic %Other %White 

College A                           
AR-PA AR 16.1 25.3 21.7 15.7 37.3 74.7 58.1 9.5 20 50.7 2.7 13.4 

  PA 7 27.9 18.4 12.1 37.9 72.4 46 11.5 20.1 44 4.3 15.8 
PA-EA PA 26.9 20 49.3 5.5 39.7 72.4 53.7 12.5 12.5 52.9 2.2 15.3 

  EA 17.8 19.7 52.7 6 42.9 67 52.3 18 8.5 49.5 2.8 16 
EA-IA EA 20 19.6 55.2 4.6 43 62.9 54.1 23.1 9.4 46.7 2 14.3 

  IA 12.2 20.4 47.5 4.8 43.4 64.5 51 26.7 9.4 34.2 2.5 21.5 
College B                           

AR-PA AR 1.9 27.8 21.2 15.2 30.3 78.8 57.6 6.1 12.1 54.5 9.1 12.1 
  PA 1.5 36.8 16 24 52 60 36 4 0 64 12 12 

PA-EA PA 34.3 18.5 76.3 4.3 32.4 81 58.3 5 3.1 81.1 1 6.5 
  EA 25.7 18.6 75 4.1 29.1 80.7 49.5 4.8 3.9 77.5 1.8 8 

EA-IA EA 24.9 18.7 76.6 3.8 29.6 83.2 52.5 5.4 3.1 76.1 1.2 8.5 
  IA 11.7 18.6 72.2 3 23.7 85.4 54 7.6 1.5 74.2 3 8.1 

College C                           
AR-PA AR 38 23.3 34.3 11.9 31 80 49.2 7.1 34.6 49.8 1.4 3.5 

  PA 26.6 24 31.3 6.1 33.1 71.2 46.7 10.4 30.8 48.5 1.8 5.4 
PA-EA PA 17.8 24.4 28.8 8.5 33.2 72.2 37.3 19.7 24.7 41.4 2 9.5 

  EA 11.5 25.9 23 3.7 37.7 60.2 33.5 27.7 16.8 34.6 1.6 14.7 
EA-IA EA 4.2 19.8 51.4 4.3 40 75.7 41.4 14.3 21.4 57.1 1.4 2.9 

  IA 2 20.1 48.5 3 36.4 81.8 63.6 24.2 24.2 48.5 0 0 
College D                           

AR-PA AR 29.8 21.7 37.9 7.9 37.8 74.2 56.9 7.2 9.9 48 5.2 23.8 
  PA 10.7 23 29.9 6.9 37.6 72 57.4 8.1 7.2 40.9 5 30.6 

PA-EA PA 3.3 24.6 28.9 12.5 28.1 82 59.4 8.6 10.9 39.1 2.3 28.9 
  EA 2 25.5 20.3 12.7 22.8 77.2 45.6 10.1 10.1 27.8 1.3 41.8 

EA-IA EA 23.8 18.5 76.4 2.6 27.9 82 51 7.9 8.1 50 4.8 24.7 
  IA 30.3 18.5 75.2 3.1 31.8 79.2 49.7 9.9 6.2 46.7 4.8 27.8 

College E                           
EA-IA EA 63.9 18.7 68.7 4.3 19 85 51.5 15.9 11.3 47.4 6.5 18.9 

  IA 36.1 18.6 67.1 3.3 23 83.9 46.7 20.6 11.7 42.4 7.2 18.1 
College F                           

AR-PA AR 12.6 22.3 39.8 9.3 13.6 93.5 60.5 3.5 62.4 27 0.8 2.7 
  PA 36.2 21 42.8 7.6 15.2 90.6 61.2 3.4 53.9 31.7 2.1 4.8 

PA-EA PA 25.3 20.6 45 5.4 16.7 88.7 57.5 5.4 46.5 33.1 3 6.9 
  EA 15.5 20.3 46.9 6.4 20.6 87.6 55.5 9.1 42.3 33.4 2.7 7.7 

EA-IA EA 6.2 21.1 41.9 3.4 22.9 82.7 49.7 12.8 33.5 28.5 4.5 17.3 
  IA 4.2 20.7 41.8 4.1 24.6 77 53.3 11.5 23.8 30.3 4.1 19.7 

Notes: Arithmetic (AR); Pre-Algebra (PA); Elementary Algebra (EA); Intermediate Algebra (IA) 
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When examining educational outcomes, a similar pattern of variation within and across 

levels and colleges is apparent. The first key outcome presented in Table 3 is the rate of enrollment 

in any math class. As expected, not all students who took a math placement test subsequently 

enrolled in a math course and these enrollment rates varied across levels and colleges. In general, 

students who had higher placement test scores (and higher-level placements) were more likely to 

enroll in a math class, although those patterns were not entirely consistent across the different 

colleges. Subsequent outcomes shown in Table 3 are completion of the class in which a student was 

first placed, completion of the next higher class (where applicable), attainment of 30 degree-

applicable credits within four years after initial placement, and attainment of 30 transferable credits 

during that timeframe.  
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Table 3: Selected Educational Outcomes 

  
 

within 4 years, % of students completing 

College and Grouping Level 
%of students enrolling 
in a math class w/in 1 

yr. of placement 

Assigned 
course 

One course 
above assigned 

course 

30 degree 
applicable 

credits 

30 transferrable 
credits 

College A   
     AR-PA AR 56.2 33.2 17.9 22.8 19.5 

  PA 52.6 25.9 11.5 24.4 19.8 
PA-EA PA 66.4 44.4 24.3 31.3 26 

  EA 62.2 39.5 20.4 38.8 32.3 
EA-IA EA 62.9 44.8 26.7 43.6 38.8 

  IA 59.4 38.8 NA 47 40.6 
College B             

AR-PA AR 57.6 48.5 39.4 27.3 24.2 
  PA 48 48 28 52 40 

PA-EA PA 64 59 40.3 38.6 64 
  EA 67.2 53.7 35.6 42.9 35.6 

EA-IA EA 66.9 55.6 36.6 45.4 36.2 
  IA 75.3 59.6 NA 52.5 47.5 
College C             

AR-PA AR 44.4 45.9 30.8 37.9 24.1 
  PA 48.3 50.3 33.3 40.8 28.8 

PA-EA PA 41.4 43.7 33.6 46.4 31.5 
  EA 31.4 36.6 14.7 47.1 33 

EA-IA EA 48.6 51.4 27.1 37.1 20 
  IA 33.3 33.3 NA 45.5 27.3 

College D             
AR-PA AR 50.6 32.4 21.3 22.7 18.9 

  PA 53.6 41.1 36.1 30.9 26.1 
PA-EA PA 51.6 48.4 38.3 25.8 23.4 

  EA 54.4 46.8 26.6 36.7 26.6 
EA-IA EA 71.3 50.8 27.2 36.5 29.1 

  IA 67.5 45.4 NA 42.6 38.2 
College E             

EA-IA EA 66.8 62.6 31 39.5 33.2 
  IA 58.6 58.4 NA 45.5 40.3 

College F             
AR-PA AR 51.8 24.5 13.4 21 18.3 

  PA 55.9 29.2 15.3 25.8 21.6 
PA-EA PA 60.4 40.2 22.1 28.9 23.7 

  EA 52.7 34.1 10.6 34.3 27.9 
EA-IA EA 57 43.6 22.3 41.3 35.8 

  IA 59.8 41.8 NA 41.8 36.9 
SOURCE: Authors calculations from LUCCD data.  
Note: These sample sizes include only students and student-time periods that were included in the optimal bandwidths used in the analyses 



 

29 
 

For the most part, these outcomes show the expected patterns. Students who were placed at 

lower levels had less academic success across the board. As will become apparent later, there was 

some long-term catch-up among these students when outcome data were analyzed over longer 

timeframes but overall the inescapable conclusion is that few students placed at the lowest levels 

reached meaningful milestones in math within the first four years of their college career. We next 

focus on how placement decisions impact these observed differences. 

Figures 2-4 show the first set of results of the RDD analyses. Each of the figures shows 

several lines, each corresponding to a different college, that describe the difference (over time) in the 

predicted rate of completion of the higher-level course for students placed at that level, compared to 

students placed at the level below it. These estimates are regression-adjusted so that the difference 

shown is entirely due to the placement decision. A positive difference indicates that the outcome of 

interest was more positive for students placed in the higher-level course, and a negative difference 

indicates that the outcome of interest was more positive for students placed in the lower level course. 

Figure 2 shows the impact of placement in pre-algebra (as opposed to arithmetic) on completion of 

pre-algebra for each college, Figure 3 shows the impact of placement in elementary algebra (as 

opposed to pre-algebra) on completion of elementary algebra, and Figure 4 shows the impact of 

placement in intermediate algebra (as opposed to elementary algebra) on completion of intermediate 

algebra.  
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Figure 2 - Impact of Being Placed in Pre-Algebra as Opposed to Arithmetic on the Cumulative Rate of 
Completion of Pre-Algebra  

 
Results for College A, College B, and College C are estimated imprecisely in some time periods because all students in 
either one of the research groups experienced the same outcome during that time period. 
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Figure 3 - Impact of Being Placed in Elementary Algebra as Opposed to Pre-Algebra on the Cumulative Rate 
of Completion of Elementary Algebra   

 
Results for Colleges B, C, D, and F are estimated imprecisely in some time periods because all students in either one of 
the research groups experienced the same outcome during that time period. 
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Figure 4 - Impact of Being Placed in Intermediate Algebra as Opposed to Elementary Algebra on the 
Cumulative Rate of Completion of Intermediate Algebra   

 
Results for Colleges B, C, and F are estimated imprecisely in some time periods because all students in either one of the 
research groups experienced the same outcome during that time period. 

 

Tables 4-6 include the numbers underlying these figures as well as results of statistical tests 

of the significance of the differences between the lines shown. As expected, almost all of the lines in 

all three of the figures start off above zero, showing considerable and statistically significant initial 

payoffs to higher placements (at least in terms of these outcomes). However, over time, most of the 

lines regressed back to the X-axis as students placed in the lower-level course began to catch up. 

After approximately 4-6 quarters, few of the initial differences were still statistically significant. 
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Across the first two figures (showing impacts on completion of pre-algebra and elementary algebra, 

respectively), the primary conclusion that emerges is that initial placement in a lower-level course 

increased the time until a student completed the higher-level course they were not assigned to by 3-4 

quarters on average, but in most cases, after this time period, the penalty for initially being placed 

into a lower level course was no longer substantial or statistically significant. The third figure 

(showing the impact on the completion of intermediate algebra of having been placed in 

intermediate algebra immediately) shows more persistent impacts over time, with students much 

more likely to eventually complete intermediate algebra if they were placed there right away (with the 

sole exception of College F).  

Table 4. Impact of Being Placed in Pre-Algebra as Opposed to Arithmetic on the Cumulative Rate of 
Completion of Pre-Algebra 

Quarter College A College B College C College D College F 
1 6.8 *** 21.6 *** 26.7 *** 16.4 *** 10.8 *** 
2 8  30.1 *** 28.5 ** 21.7 *** 12.7 * 
3 4.9 ** 24.3 *** 24  19.7  14.2 * 
4 3.2  15.5 *** 21.9  18.3  14.5  
5 1.3 * 6.7 *** 20.7  18.3  15.1  
6 0.5  0.8 *** 20.9  17.3  15.8  
7 -0.5  0.8  20.7  16.9  16.4  
8 -2 ** 3.8 *** 20.9  17.7 * 16.3  
9 -1.9  3.8  20.6  17.7  16.6  
10 -2.1  3.8  20.7  17.5  17.1 *** 
11 -2.1  3.8  20.5  17.6  17.3  
12 -2.5 *** 3.8  20.4  18.4 ** 17.5 *** 
13 -2.7  0.9 *** 20.9 *** 18.3  17.6  
14 -2.8  -2.1 *** 20.6 *** 18.2  18  
15 -2.9 *** -5.1 *** 20.5  18.1  18  
16 -2.6 *** -5.1  20.5  18 *** 18.3 *** 

H0: Students placed in lower level course are not more or less likely to complete outcome in quarter t than students in upper level course. 
  ***, **, and * denote statistical significance at the 1 percent, 5 percent, and 10 percent significance levels, respectively. Results for 
College A, College B, and College C are estimated imprecisely in some time periods because all students in either one of the research 
groups experienced the same outcome during that time period. 
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Table 5. Impact of Being Placed in Elementary Algebra as Opposed to Pre-Algebra on the 
Cumulative Rate of Completion of Elementary Algebra 

Quarter College A College B College C College D College F 
1 8.6 *** 20 *** 20.5 *** 22.3 *** 20.7 *** 
2 10.6 * 22.6 ** 17.8  20  23.1 *** 
3 8.3  12.9 *** 7.3 ** 12.8  21.2  
4 6.3  8.5 ** 3.5 * 17.2  20.3  
5 4.7 * 5.4  1.5  15.5  19  
6 3 *** 5.6  1.2  16.1  19  
7 3.5  5.5  1.5  17.6 *** 18.8  
8 3  5.2  -0.1  18.3  18.4  
9 2.2 * 3.1  -2.2 *** 17.5 *** 17.5  
10 2  2.7  -2.6 *** 17.5  17.4 *** 
11 2.1  1.5 * -2.4  17.5  16.3 *** 
12 1 ** 1.5  -2.3  16.7 *** 16.2  
13 0.1 ** 0.7  -3.2 *** 16.7  16.1  
14 0.1  0.3 *** -3.5  15.9 *** 16.1  
15 -0.6 * -0.5  -3.9 *** 17.4 *** 16  
16 -0.8  -0.5 ** -4.3 *** 18.8 *** 15.5 *** 

H0: Students placed in lower level course are not more or less likely to complete outcome in quarter t than students in upper 
level course.  ***, **, and * denote statistical significance at the 1 percent, 5 percent, and 10 percent significance levels, 
respectively. Results for Colleges B, C, D, and F are estimated imprecisely in some time periods because all students in either 
one of the research groups experienced the same outcome during that time period. 
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Table 6. Impact of Being Placed in Intermediate Algebra as Opposed to Elementary Algebra on 
the Cumulative Rate of Completion of Intermediate Algebra 

Quarter College A College B College C College D College E College F 

1 10.2 *** 23.2 *** 20.3 ** 13.9 *** 22.4 *** 10.5 *** 
2 15.4 *** 31.2 *** 41.2 ** 19.7 *** 28.6 *** 12.4 
3 13.6 26.3 42.7 19.1 26.1 8.4 
4 11.3 24.6 47.2 19.1 24.9 7.1 *** 
5 10.3 23.1 45.8 *** 18.7 26.1 ** 3.2 
6 10.1 22 44.3 *** 17.8 25.8 2 *** 
7 10.1 21.2 42.9 *** 17 24.8 0.5 
8 9.6 19.6 42.9 16.4 23.9 0.5 * 
9 8.5 18.8 40 *** 16.8 22.6 -0.3 
10 8.9 18.6 38.6 *** 16.7 21.2 -0.4 
11 8.6 16 38.6 16.5 20.7 -1 *** 
12 8.3 15.4 37.2 *** 16.7 20 -1 
13 8.1 14.1 *** 42.1 *** 16.2 19.1 -1.2 
14 8.1 13.9 *** 40.6 *** 16.1 18.3 -1.2 * 
15 7.5 13.4 *** 40.6 16.2 18 -1.8 *** 
16 7.3 12.6 *** 40.6 15.9 18 -1.8 * 

H0: Students placed in lower level course are not more or less likely to complete outcome in quarter t than students in upper level 
course.  ***, **, and * denote statistical significance at the 1 percent, 5 percent, and 10 percent significance levels, respectively. 
Results for College B, C, and F are estimated imprecisely in some time periods because all students in either one of the research 
groups experienced the same outcome during that time period. 
 

Persistent negative effects of placement in a lower-level course (higher-level course 

completion rates more than 15 percentage points lower after four years) were found for three 

colleges at the arithmetic/pre-algebra cut point, for two colleges at the pre-algebra/elementary 

algebra cut point, and for four colleges at the elementary/intermediate algebra cut point. Among the 

six colleges in the sample, College D was especially problematic in this regard, with significant and 

consistent negative effects of lower placement throughout the math sequence. The fact that the 

most persistent negative effects were found around the elementary/intermediate algebra cut point 

may reflect the fact that elementary algebra was a degree-applicable credit-bearing course during the 

time of our study and that students were able to graduate or earn a certificate without completing 

intermediate algebra. Therefore, for many students placed below the cut point catching up by 

completing intermediate algebra may not have been in alignment with their educational objectives.  
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Looking at a somewhat more distal set of outcomes, figures 5-7 repeat this presentation for 

attainment of 30 degree-applicable credits. Here the picture is more mixed: in many cases students 

who were placed in the lower-level class attained 30 degree-applicable credits more quickly than their 

higher-placed counterparts and overall there appears to have been little short or long-term cost to a 

lower placement as far as credit attainment is concerned. This is largely as expected considering that 

students can earn college credits even for lower-level math courses that are not transferable to a 

four-year college and that students can earn college credits outside of their math sequence even if 

they are still taking developmental math courses. Thus, lack of progress in math does not necessarily 

translate into lack of progress in college more generally.  
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Figure 5 - Impact of Being Placed in Pre-Algebra as Opposed to Arithmetic on the Cumulative Rate of 
Earning 30 Degree-Applicable Credits 

 
Results for College B are estimated imprecisely in some time periods because all students in either one of the research 
groups experienced the same outcome during that time period. 
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Figure 6- Impact of Being Placed in Elementary Algebra as Opposed to Pre-Algebra on the Cumulative Rate 
of Earning 30 Degree-Applicable Credits 

 
Results for College C, College D, and College F are estimated imprecisely in some time periods because all students in 
either one of the research groups experienced the same outcome during that time period. 
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Figure 7- Impact of Being Placed in Intermediate Algebra as Opposed to Elementary Algebra on the 
Cumulative Rate of Earning 30 Degree-Applicable Credits 

 
Results for College C and College F are estimated imprecisely in some time periods because all students in either one of 
the research groups experienced the same outcome during that time period. 
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We estimated the hazard models using four different bandwidths to test the sensitivity of the 
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above the optimal bandwidth. The figures showing these results are provided in the Appendix. For 

the most part the results of these sensitivity analyses were very similar to those obtained with the 
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comparing this model to the main model presented above, the coefficients on these additional 

variables were never jointly significantly different from zero. Finally, we compared the estimates we 

obtained to those from a traditional RDD approach with outcomes observed at set points in time – 

4, 8, 12, and 16 quarters. In cases where the treatment coefficient in the main model was significant, 

the traditional RDD estimate matched the sign shown in the figures presented above in all but a few 

cases.   

Discussion 

 The analyses presented in this paper confirm that students who are placed in lower-level 

math courses have subsequent educational outcomes that are worse than students who are placed in 

higher-level courses. In some cases and consistently in some colleges, initially placing students in 

higher-level courses caused them to be more successful in college, both in terms of successfully 

completing higher-level courses and in terms of earning degree-applicable college credit. However, 

in many other cases, the positive effect of being placed in a higher-level course became insignificant 

over time or even reversed. Some colleges consistently saw little positive or negative impact of their 

placement decisions, which likely reflects well-calibrated placement policies in these colleges. Others, 

by way of high cutoffs, consistently placed too many students in courses that were too easy for them, 

thereby increasing their time towards achieving academic milestones and reducing their likelihood of 

eventual success.  

 Our results are consistent with previous research as we find evidence that students who were 

placed in lower-level math courses had subsequently worse educational outcomes than students who 

were placed directly in higher-level courses (Calcagno & Long; 2008; Clotfelter et al., 2014; Martorell 

& McFarlin, 2011; Moss & Yeaton, 2006; Moss et al., 2014; Scott-Clayton & Rodriguez, 2015). But 

as described above, and consistent with Boatman & Long, (2010) this study presents a more 

nuanced picture, and illustrates differences in the impact of decisions by level and by college. The 
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evidence also demonstrates the impact of placement decisions on the duration of remediation before 

certain educational outcomes are achieved. The use of discrete-time hazard models illustrated that 

the initial “penalty” in terms of lower outcomes decreased in most cases and disappeared in other 

cases over a sufficiently long period of time.  

Considering that there are both instructional expenses and opportunity costs associated with 

students enrolling in developmental math courses, college administrators and math faculty should 

consider using analyses like those presented in this paper to fine-tune their placement policies. We 

suggest that this understanding of whether or not and when students placed in lower levels “catch 

up” with their higher-placed peers can provide direction for faculty, practitioners, and policy makers 

to adjust their placement policies. On average, students at the cut point who are placed in lower-

level courses should do better than their peers who are not. If not, then the cut points should be 

lowered gradually until the costs and benefits of developmental education for these students are in 

balance. In those colleges where students never catch up, colleges could experiment with lowering 

placement cutoffs. In those colleges where students do eventually catch up over a longer period of 

time, colleges can consider ways to decrease the amount of time it takes for students to achieve 

academic milestones. This can help to reduce the opportunity costs of remediation. 

We realize that careful calibration of college placement policies would only partially address 

the challenge of improving the college experience for students whose initial academic skills are 

insufficient for successful college-level work. Placing these students in appropriate courses does not 

mean that their success rates in these courses are sufficient to make their college experience 

worthwhile. Increasing those success rates is a larger educational and policy challenge that goes 

beyond the practice of creating and adjusting placement policies and includes issues like course 

quality, support services, and the interaction between higher education and the K-12 and adult 

education systems.   
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Test Score Cutoffs by College and Level 

 
Table A.1. Placement test cutoffs for assignment to courses in developmental math 
sequence 

 
Placement in AR vs. 

PA Placement in PA vs. EA 
Placement in EA vs. 

IA 
College 
A Adj. ACCU AR<35 Adj. ACCU EA<50 Adj. ACCU EA<76 
College 
B Adj. ACCU AR<66 Adj. ACCU EA<61 Adj. ACCU EA<80 
College 
C Adj. ACCU AR<60 Adj. ACCU AR<100 Adj. ACCU EA<77 
College 
D Adj. ACCU AR<45.5 Adj. ACCU AR<73.5 Adj. ACCU EA<60.5 
College 
E NO COURSES Adj. COMP PA<36 Adj. COMP EA<37 
College 
F Adj. COMP PA<20 Adj. COMP PA<39 Adj. COMP EA<40 
Note: The courses of the developmental math sequence are arithmetic (AR), pre-algebra (PA), elementary algebra (EA), and intermediate algebra (IA). The adjusted 
score is the sum of the raw test score and additional points from select multiple measures. The test used is either the ACCUPLACER (ACCU) or COMP 
(Compass), for which there are different subtests. 
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Multiple Measures 
 
Table A.2. Multiple measures used for math placement 
College Point Range Academic Background College Plans Motivation 

  Diploma HS GPA Math English   
A 0 to 4   +    
B 0 to 3  + +  +  
C -       
D 0 to 2   +    
E 0 to 3  +     
F -2 to 2     +/- +/- 

Note: (+) indicates measures for which points are added, and (-) indicates measures for which points are subtracted. Academic Background includes whether the student received a 
diploma or GED, high school GPA. and prior math/English course-taking (including achievement and highest-level). College plans include hours planned to attend class, hours of 
planned employment, and time out of formal education. Motivation includes importance of college and importance of mathematics. Multiple measure information was not used in 
College C. Students in College E can earn +2 or +3 points based on their self-reported high school GPA. Source: LUCCD, 2005-2008 
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Estimated Discontinuities in Covariates 

Tables 
We included the results of the analyses only for those levels which passed the McCrary (2008) test. 
The results of these tests are provided in Table A.3. Of the seventeen cutoffs in the six colleges, only 
one did not pass. 

Table A.3.A. Estimated discontinuities in covariates around test score cutoffs, AR/PA 
  College A College B College C College D College F 

Forcing Variable X 
Adjusted 

ACCU AR 
Adjusted 

ACCU AR 
Adjusted 

ACCU AR 
Adjusted 

ACCU AR 
Adjusted 

COMP PA 
      
Age at assessment -0.074 -5.30 -0.63 1.07 2.60 
 (1.23) (5.36) (1.24) (0.87) (1.52) 
Female 0.023 -0.039 0.053 0.089 0.065 
 (0.058) (0.25) (0.061) (0.049) (0.064) 
Asian 0.017 0.071 -0.014 -0.024 -0.023 
 (0.036) (0.12) (0.694) (0.027) (0.020) 
Black -0.067 0.37** -0.024 0.015 0.121* 
 (0.047) (0.12) (0.057) (0.028) (0.055) 
Hispanic 0.11 -0.20 0.016 0.064 0.003 
 (0.058) (0.26) (0.061) (0.050) (0.050) 
English not primary 
language 0.045 0.018 0.034 -0.020 -0.012 
 (0.057) (0.24) (0.057) (0.049) (0.038) 
Permanent Resident 0.054 0.051 -0.028 0.059 -0.040 
 (0.044) (0.20) (0.043) (0.039) (0.027) 
Other Visas -0.0082 -0.043 -0.026 -0.003 0.005 
 (0.035) (0.11) (0.031) (0.02) (0.013) 
      
Choice of Bandwidth 11.2 14.8 14.9 14.6 11.5 
      
Number of Observations 1149 58 1071 1580 1419 
Source: Assessment and enrollment records, LUCCD 2005/06-2011/12.  
Note: The sample includes first-time community college students who were assessed between Fall 2005 and Spring 2008. College E does not have a cutoff at AR/PA. The 
estimation method is Local Linear Regression (LLR) estimation (Imbens & Lemieux, 2008). For LLR, the optimal bandwidth is chosen by the rule-of-thumb (ROT) 
procedure (Fan & Gijbels, 1996). Standard errors are derived from Imbens and Lemieux (2008) for LLR, and they are reported in the parentheses. ***p<0.001, 
**p<0.01, *p<0.05 
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Table A.3.B. Estimated discontinuities in covariates around test score cutoffs, PA/EA 
 College A College B College C College D College F 

Forcing Variable X Adjusted 
ACCU AR 

Adjusted 
ACCU EA 

Adjusted 
ACCU AR 

Adjusted 
ACCU AR 

Adjusted 
COMP PA 

      
Age at assessment -1.75** 0.93 -2.10 -0.41 0.78 
 (0.62) (0.60) (1.89) (2.62) (1.09) 
Female 0.003 -0.054 -0.083 -0.08 -0.048 
 (0.042) (0.06) (0.087) (0.138) (0.058) 
Asian -0.001 0.018 0.047 -0.017 0.02 
 (0.030) (0.027) (0.076) (0.081) (0.030) 
Black 0.042 -0.044 0.12 0.003 -0.016 
 (0.026) (0.023) (0.073) (0.086) (0.058) 
Hispanic -0.011 0.046 -0.13 0.096 -0.012 
 (0.042) (0.051) (0.088) (0.130) (0.055) 
English not prim. 

language 0.040 0.088 -0.034 0.088 -0.022 

 (0.042) (0.058) (0.087) (0.121) (0.046) 
Permanent Resident 0.022 0.029 -0.061 -0.055 0.027 
 (0.032) (0.034) (0.069) (0.100) (0.032) 
Other Visas -0.017 0.022 -0.064 0.063 0.015 
 (0.029) (0.037) (0.041) (0.03)7 (0.014) 
       

Choice of Bandwidth 12.9 12.1 15.0 11.8 8.5 
      

Number of Observations 2218 1019 486 207 1189 
Source: Assessment and enrollment records, LUCCD 2005/06-2011/12.  
Note: The sample includes first-time community college students who were assessed between Fall 2005 and Spring 2008. The PA/EA analysis in College E was excluded 
because there was evidence of a discontinuity based on the results of the McCrary (2008) density test. The estimation method is Local Linear Regression (LLR) estimation 
(Imbens & Lemieux, 2008). For LLR, the optimal bandwidth is chosen by the rule-of-thumb (ROT) procedure (Fan & Gijbels, 1996). Standard errors are derived from 
Imbens and Lemieux (2008) for LLR, and they are reported in the parentheses. ***p<0.001, **p<0.01, *p<0.05 
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Table A.3.C. Estimated discontinuities in covariates around test score cutoffs, EA/IA 

 College A College B College C College D College E College F 

Forcing Variable X Adjusted 
ACCU EA 

Adjusted 
ACCU EA 

Adjusted 
ACCU EA 

Adjusted 
ACCU EA 

Adjusted 
COMP Alg. 

Adjusted 
COMP Alg. 

       
Age at assessment 0.43 -2.45** -1.31 -1.55** 0.31 -2.71 
 (0.71) (0.90) (3.80) (0.483) (0.69) (2.08) 
Female 0.003 0.063 -0.015 0.002 -0.02 -0.20 
 (0.050) (0.080) (0.19) (0.044) (0.056) (0.12) 
Asian 0.089* -0.028 -0.23 0.002 0.063 -0.033 
 (0.043) (0.040) (0.16) (0.025) (0.044) (0.078) 
Black 0.038 0.043 -0.18 0.021 -0.088* -0.112 
 (0.029) (0.024) (0.16) (0.023) (0.035) (0.104) 
Hispanic -0.065 0.037 0.33 0.008 0.019 0.215* 
 (0.048) (0.069) (0.200) (0.044) (0.056) (0.105) 
English not prim. 

language 0.048 0.002 -0.18 -0.059 -0.007 -0.081 

 (0.049) (0.07) (0.19) (0.040) (0.046) (0.100) 
Permanent Resident 0.133*** -0.073 0.078 -0.025 0.041 0.01 
 (0.039) (0.039) (0.126) (0.027) (0.032) (0.068) 
Other Visas -0.011 0.024 -0.004 0.005 0.014 -0.025 
 (0.038) (0.042) (0.117) (0.021) (0.025) (0.033) 
       

Choice of Bandwidth 14.9 14.4 12.2 14.3 12 12.5 
       

Number of Observations 1599 621 103 2108 1425 301 

Source: Assessment and enrollment records, LUCCD 2005/06-2011/12.  
Note: The sample includes first-time community college students who were assessed between Fall 2005 and Spring 2008. The estimation method is Local Linear Regression (LLR) estimation (Imbens 
& Lemieux, 2008). For LLR, the optimal bandwidth is chosen by the rule-of-thumb (ROT) procedure (Fan & Gijbels, 1996). Standard errors are derived from Imbens and Lemieux (2008) for 
LLR, and they are reported in the parentheses. ***p<0.001, **p<0.01, *p<0.05 
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Table A.4.A. Tests of discontinuities in covariates, Seemingly Unrelated Regressions, 
AR/PA 

  College A 
College 

B 
College 

C 
College 

D 
College 

F 
Age at assessment -0.060 -5.30 -0.63 2.57** 2.94* 
 (1.30) (5.76) (1.21) (0.83) (1.46) 
Female .021 -0.039 0.053 0.012 0.093 
 (0.063) (0.25) (0.06) (0.047) (0.075) 
Asian 0.019 0.071 -0.014 0.006 -0.023 
 (0.039) (0.11) (0.033) (0.025) (0.028) 
Black -0.067 0.37*** -0.024 0.035 0.059 
 (0.051) (0.12) (0.056) (0.028) (0.076) 
Hispanic 0.11 -0.20 0.016 0.029 0.036 
 (0.064) (0.25) (0.06) (0.048) (0.07) 
English not primary language 0.051 0.018 0.034 -0.026 0.033 
 (0.062) (0.25) (0.056) (0.046) (0.054) 
Permanent Resident 0.054 0.051 -0.028* 0.030 -0.044 
 (0.048) (0.20) (0.041) (0.037) (0.039) 
Other Visas -0.005 -0.043 -0.026 -0.016 0.004 
 (0.036) (0.12) (0.03) (0.019) (0.011) 
Joint Significance Test      

 Chi2 4.98 12.48 4.2 14.97 11.61 
Prob>Chi2 0.7598 0.131 0.8382 0.0598 0.1696 

Number of Observations 1149 58 1071 1580 1419 
Note: The sample includes first-time community college students who were assessed between Fall 2005 and Spring 2008. Each covariate is the dependent variable in a 
Seemingly Unrelated Regression (SUR), and the reported coefficient is the estimated discontinuity in the covariate between the sample of students in the lower and the upper 
level course within the optimal bandwidth (see Tables A.1A-C for a description of the optimal bandwidth). As suggested by Lee and Lemieux (2010), we conducted a joint 
significance test of the hypothesis that the treatment coefficients are jointly equal to zero in the SUR. Standard errors are reported in the parentheses. 
***p<0.001, **p<0.01, *p<0.05 
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Table A.4.B. Tests of discontinuities in covariates, Seemingly Unrelated Regressions, 
PA/EA  

  College A 
College 

B 
College 

C 
College 

D 
College 

F 
Age at assessment -1.74** 0.93 -1.26 1.02 1.17 
 (0.658) (0.62) (1.84) (2.41) (1.01) 
Female 0.01 -0.059 -0.148 0.041 -0.06 
 (0.045) (0.063) (0.086) (0.12) (0.054) 
Asian 0.002 0.017 0.022 -0.012 0.013 
 (0.032) (0.028) (0.075) (0.073) (0.027) 
Black 0.040 -0.044 0.087 0.003 -0.001 
 (0.028) (0.023) (0.074) (0.078) (0.054) 
Hispanic -0.01 0.043 -0.102 0.109 -0.023 
 (0.045) (0.052) (0.087) (0.119) (0.052) 
English not primary language 0.039 0.085 0.003 0.007 -0.019 
 (0.044) (0.059) (0.086) (0.11) (0.042) 
Permanent Resident 0.024 0.028 -0.047 -0.174 0.019 
 (0.033) (0.035) (0.067) (0.09) (0.030) 
Other Visas -0.015 0.021 -0.047 0.046 0.015 
 (0.030) (0.038) (0.040) (0.034) (0.013) 
Joint Significance Test      

 Chi2 12.8 9.17 9.44 6.64 5.77 
Prob>Chi2 0.12 0.3284 0.3067 0.5762 0.6729 

Number of Observations 2218 1019 486 207 1189 
Note: The sample includes first-time community college students who were assessed between Fall 2005 and Spring 2008. Each covariate is the dependent variable in a 
Seemingly Unrelated Regression (SUR), and the reported coefficient is the estimated discontinuity in the covariate between the sample of students in the lower and the upper level 
course within the optimal bandwidth (see Tables A.1A-C for a description of the optimal bandwidth). As suggested by Lee and Lemieux (2010), we conducted a joint 
significance test of the hypothesis that the treatment coefficients are jointly equal to zero in the SUR. Standard errors are reported in the parentheses. ***p<0.001, **p<0.01, 
*p<0.05 
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Table A.4.C. Tests of discontinuities in covariates, Seemingly Unrelated Regressions, EA/IA 

  
College 

A 
College 

B 
College 

C 
College 

D 
College 

E 
College 

F 
Age at assessment -0.41 -2.44** -1.31 -1.52*** 0.27 -1.61 
 (0.702) (0.90) (3.97) (0.47) (0.65) (2.17) 
Female 0.001 0.063 -0.015 -0.018 -0.012 -0.16 
 (0.050) (0.089) (0.21) (0.043) (0.054) (0.12) 
Asian 0.088* -0.028 -0.228 -0.0009 0.061 0.008 
 (0.043) (0.043) (0.16) (0.025) (0.041) (0.08) 
Black 0.039 0.043 -0.179 0.012 -0.081* -0.086 
 (0.029) (0.028) (0.178) (0.022) (0.035) (0.11) 
Hispanic -0.069 0.037 0.326 0.022 0.007 0.18 
 (0.049) (0.077) (0.213) (0.043) (0.054) (0.11) 
English not primary 
language 0.046 0.002 -0.179 -0.057 -0.012 -0.038 
 (0.499) (0.080) (0.205) (0.039) (0.044) (0.104) 
Permanent Resident 0.132*** -0.073 0.078 -0.025 0.045 0.071 
 (0.040) (0.043) (0.138) (0.027) (0.031) (0.071) 
Other Visas -0.013 0.024 -0.004 0.007 0.008 -0.028 
 (0.038) (0.049) (0.128) (0.021) (0.024) (0.034) 
Joint Significance Test       

 Chi2 16.88* 12.78 6.71 12.55 10.57 7.87 
Prob>Chi2 0.0314 0.1195 0.5683 0.1284 0.2272 0.4467 

Number of Observations 1599 621 103 2108 1425 301 
Note: The sample includes first-time community college students who were assessed between Fall 2005 and Spring 2008. Each covariate is the dependent variable in a Seemingly 
Unrelated Regression (SUR), and the reported coefficient is the estimated discontinuity in the covariate between the sample of students in the lower and the upper level course within 
the optimal bandwidth (see Tables A.1A-C for a description of the optimal bandwidth). As suggested by Lee and Lemieux (2010), we conducted a joint significance test of the 
hypothesis that the treatment coefficients are jointly equal to zero in the SUR. Standard errors are reported in the parentheses. ***p<0.001, **p<0.01, *p<0.05 
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Figures: Discontinuities in Covariates 
Figure A.1.A1. Discontinuities in covariates around test score cutoff between AR and PA, College A 
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Figure A.1.A2. Discontinuities in covariates around test score cutoff between PA and EA, College A 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.A3. Discontinuities in covariates around test score cutoff between EA and IA, College A 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.B1. Discontinuities in covariates around test score cutoff between AR and PA, College B 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.B2. Discontinuities in covariates around test score cutoff between PA and EA, College B 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.B3. Discontinuities in covariates around test score cutoff between EA and IA, College B 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.C1. Discontinuities in covariates around test score cutoff between AR and PA, College C 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.C2. Discontinuities in covariates around test score cutoff between PA and EA, College C 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.C3. Discontinuities in covariates around test score cutoff between EA and IA, College C 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.D1. Discontinuities in covariates around test score cutoff between AR and PA, College D 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.D2. Discontinuities in covariates around test score cutoff between PA and EA, College D 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.D3. Discontinuities in covariates around test score cutoff between EA and IA, College D 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.E1. Discontinuities in covariates around test score cutoff between EA and IA, College E 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.F1. Discontinuities in covariates around test score cutoff between AR and PA, College F 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.F2. Discontinuities in covariates around test score cutoff between PA and EA, College F 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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Figure A.1.F3. Discontinuities in covariates around test score cutoff between EA and IA, College F 

  

  

  

  
Note: First time students assessed between Fall 2005 and Spring 2008. See Tables A.1A-A.1C. 
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McCrary Density Tests 
The Table and Figures below present the results of the McCrary (2008) tests for the four 
ACCUPLACER colleges and the two COMPASS colleges.  

Table A.5. McCrary Density Test of Manipulation of the Forcing Variable, Log Discontinuity Estimates  
Group A: AR vs. PA College A College B College C College D College E College F 

Forcing Variable 
Adj. ACCU 

AR<35 
Adj. ACCU 

AR<66 
Adj. ACCU 

AR<60 
Adj. ACCU 
AR<45.5 

- Adj. COMP 
PA<20 

Log Discontinuity -0.192 0.059 -0.159 -0.197  0.009 
Standard Error 0.176 0.67 0.136 0.123  0.101 

Bin Size 0.44 1.21 0.6 0.56  0.39 
Bandwidth 7.17 10.19 12.97 15.17  11.00 

Number of Obs 1913 527 6358 3662   2685 
Group B: PA vs. EA       

Forcing Variable 
Adj. ACCU 

EA<50 
Adj. ACCU 

EA<61 
Adj. ACCU 

AR<100 
Adj. ACCU 
AR<73.5 

Adj. COMP 
PA<36 

Adj. COMP 
PA<39 

Log Discontinuity -0.036 -0.016 0.154 0.542 1.14*** -0.066 
Standard Error 0.106 0.139 0.249 0.287 0.136 0.104 

Bin Size 0.58 0.7 0.602 0.56 0.36 0.39 
Bandwidth 11.69 12.63 11.45 15.97 8.07 10.87 

Number of Obs 5692 3807 6358 3662 3206 2685 
Group C: EA vs. IA       

Forcing Variable 
Adj. ACCU 

EA<76 
Adj. ACCU 

EA<80 
Adj. ACCU 

EA<77 
Adj. ACCU 
EA<60.5 

Adj. COMP 
EA<37 

Adj. COMP 
EA<40 

Log Discontinuity 0.039 -0.321 -0.611 0.191 0.200 0.345 
Standard Error 0.133 0.18 0.319 0.116 0.127 0.291 

Bin Size 0.58 0.7 2.35 0.45 0.52 1.14 
Bandwidth 9.56 19.69 25.08 9.68 10.33 12.43 

Number of Obs 5692 3807 597 3007 1781 630 
Note: Reports log discontinuity estimate of each forcing variable around each placement cutoff using methods outline in McCrary (2008) ***p<.001 **p<.01 *p<.05. 
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Figure A.2.A. Density of test scores around cutoff point between AR and PA, College A 
Adjusted ACCUPLACER AR 

 
Figure A.2.B. Density of test scores around cutoff point between PA and EA, College A 
Adjusted ACCUPLACER EA 

 
Figure A.2.C. Density of test scores around cutoff point between EA and IA, College A 
Adjusted ACCUPLACER EA 
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Figure A.3.A. Density of test scores around cutoff point between AR and PA, College B 
Adjusted ACCUPLACER AR 

 
Figure A.3.B. Density of test scores around cutoff point between PA and EA, College B 
Adjusted ACCUPLACER EA 

 
Figure A.3.C. Density of test scores around cutoff point between EA and IA, College B 
Adjusted ACCUPLACER EA 
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Figure A.4.A. Density of test scores around cutoff point between AR and PA, College C 
Adjusted ACCUPLACER AR 

 
  
Figure A.4.B. Density of test scores around cutoff point between PA and EA, College C 
Adjusted ACCUPLACER AR 

 
Figure A.4.C. Density of test scores around cutoff point between EA and IA, College C 
Adjusted ACCUPLACER EA 
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Figure A.5.A. Density of test scores around cutoff point between AR and PA, College D 
Adjusted ACCUPLACER AR 

 
Figure A.5.B. Density of test scores around cutoff point between PA and EA, College D 
Adjusted ACCUPLACER AR 

 
Figure A.5.C. Density of test scores around cutoff point between EA and IA, College D 
Adjusted ACCUPLACER EA 
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Figure A.6.A. Density of test scores around cutoff point between PA and EA, College E 
Adjusted COMPASS PA 

 
Figure A.6.B. Density of test scores around cutoff point between EA and IA, College E 
Adjusted COMPASS Algebra 
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Figure A.7.A. Density of test scores around cutoff point between AR and PA, College F 
Adjusted COMPASS PA 

 
Figure A.7.B. Density of test scores around cutoff point between PA and EA, College F 
Adjusted COMPASS PA 

 
Figure A.7.C. Density of test scores around cutoff point between EA and IA, College F 
Adjusted COMPASS Algebra 
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Generating Completion of 30 Credits Outcome Variable 
 Records from the enrollment master file were drawn down for each student who remained 
in the final sample for each COMPASS and ACCUPLACER College. The file was reduced to 
courses that could be counted towards the community college district’s degree requirements or 
could be transferrable to a four-year institution. Courses that were taken prior to the date of the 
placement assessment were retained, as were courses taken at any campus in the LUCCD system.  
 These courses were then sorted by term. A cumulative total of credits for each student was 
generated using the sum function in STATA. A student was assumed to earn credit for a course if he 
or she earned a grade of A, B, C, or P (Pass). The earliest semester at which each student 
accumulated 30 credits was identified. This semester was coded as the time period j at which a 
student successfully completed the outcome. The number of semesters that elapsed between this 
date and the semester of assessment was then generated. If a student had earned 30 credits prior to 
taking the math placement exam, then they were coded as successfully completing the outcome in 
the first period after taking the assessment.  
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Discrete-Time Hazard Estimates 

Tables 
 

Table A.6.A. Impact of Being Placed in Pre-Algebra as Opposed to 
Arithmetic on the Cumulative Rate of Completion of 30 Degree-
Applicable Credits 
Quarter College A College B College C College D College F 

1 -1.3  8  -4 ** 0.5  -0.1  
2 -1.2  7.4  -3.7  0.5  0.5 *** 
3 -1.3  12.3 *** -5.2  -0.2  0.2  
4 -1.9  6.6  -5.1  0.1  1.5 * 
5 -2  11.3 *** -6.3  0.1  2.9  
6 -2.6  10.9  -8.3 * -0.2  2.6  
7 -3.2  15.4 *** -9.3  -0.8  4.9 ** 
8 -3.9  10.3  -8.7  -0.7  6.1  
9 -4.4  5.5 *** -10.9 *** -1.7  6.3  
10 -4.8  5.5  -10.9  -1.2  6.8  
11 -5.3  5.5  -11  -2  7.8  
12 -5.2  9.8 *** -10.7  -2  8  
13 -5.4  13.9 *** -11.6  -1.5  7.9  
14 -5.5  13.9  -12.3  -1.6  8.1 *** 
15 -6  13.9  -12.5  -1.4  8.3  
16 -6  13.9  -13.5 * -1.7  8.2  

H0: Students placed in lower level course are not more or less likely to complete outcome in quarter t than 
students in upper level course.  ***, **, and * denote statistical significance at the 1 percent, 5 percent, and 10 
percent significance levels, respectively. Results for College B are estimated imprecisely in some time periods 
because all students in either one of the research groups experienced the same outcome during that time 
period. 
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Table A.6.B. Impact of Being Placed in Elementary Algebra as 
Opposed to Pre-Algebra on the Cumulative Rate of Completion of 30 
Degree-Applicable Credits 
Quarter College A College B College C College D College F 

1 0.4  0.6  -0.8  3.5  3 * 
2 0.3  1  -2.8  4.6 *** 3.5  
3 1.1  1.3  1  5  5.4 ** 
4 2.3  1.1  -1.2  5.6  6.3  
5 2.9  -0.6  -0.9  4.4  7  
6 3.4  -0.9  -1.9  5.7  4.7 ** 
7 2.7  -2.5  -4.5  9.5 * 4.7  
8 1.7  -4  -6.3  9.7  5.3  
9 1.5  -5.7  -6.4  9 *** 6  
10 0.9  -6.6  -8 *** 6.7  4.7 *** 
11 0.3  -6.9  -7.3  7.9 *** 3.4 * 
12 0.7  -7.2  -7.7  7.2 *** 3.1 *** 
13 1.1  -8.1  -8.5 *** 8.3 *** 2.8  
14 0.7  -8.4  -8.5  8.3  3  
15 0.3  -8.4  -9.7 *** 8.8  3.3  
16 0.4  -8.9  -9.1 *** 9.9 *** 3.2  

H0: Students placed in lower level course are not more or less likely to complete outcome in quarter t than students in 
upper level course.  ***, **, and * denote statistical significance at the 1 percent, 5 percent, and 10 percent 
significance levels, respectively. Results for College C, College D, and College F are estimated imprecisely in some 
time periods because all students in either one of the research groups experienced the same outcome during that time 
period. 
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Table A.6.C. Impact of Being Placed in Intermediate Algebra as Opposed to 
Elementary Algebra on the Cumulative Rate of Completion of 30 Degree-
Applicable Credits 
Quarter College A College B College C College D College E College F 

1 0.6 3.6 -1.8 0.3 -1.1 -1.6 
2 0.4 4.3 -3.5 0.7 -1.2 0.2 *** 
3 1.1 8.6 ** 0.9 0.4 -2.8 3.9 
4 2.1 16.4 *** 0.3 1.1 -2.8 8.3 
5 2.1 15 -1.1 3 -1 5.7 
6 1.2 19 ** -4.6 *** 4.3 -2.4 3.4 
7 0.2 21.4 * -4 6.8 *** -4.4 * 3.1 
8 -0.8 22.5 -3.5 6.5 -5.2 5.3 
9 0 19.3 -5.2 *** 7.6 * -6 5.3 
10 0.7 17.6 -8.7 *** 7.6 -6.4 3.5 *** 
11 0.8 17.1 -13 7.6 -7.5 4 
12 0.9 18 -13 6.7 -7.7 3.4 *** 
13 1 17.4 -13.8 6.9 -8.1 0.4 *** 
14 0.8 16.4 -13.8 6.3 -8.2 -0.8 *** 
15 0.7 16.2 -13.8 6 -8.4 -0.5 
16 0.5 16.3 -13.8 6.3 -8.1 *** -0.3 

H0: Students placed in lower level course are not more or less likely to complete outcome in quarter t than students in upper level course. 
  ***, **, and * denote statistical significance at the 1 percent, 5 percent, and 10 percent significance levels, respectively. Results for 
College C and College F are estimated imprecisely in some time periods because all students in either one of the research groups 
experienced the same outcome during that time period. 
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Table A.6.D. Impact of Being Placed in Pre-Algebra as Opposed to 
Arithmetic on the Cumulative Rate of Completion of 30 Transferrable 
Credits 
Quarter College A College B College C College D College F 

1 -0.7  9.2  -2.3  0.4  -0.2  
2 -0.6  9.2  -2.4  0.8  -0.3  
3 -1.1 *** 18.4 *** -3.5 * 0.3  0  
4 -2.5 * 9.1 *** -3.8  0.7  0.6  
5 -1.9  9.1  -3.6  1.4  0.8  
6 -2.1  18.3 *** -3.6  0.9  1.5  
7 -3.4  18.3  -3  -0.7  3  
8 -4.6  22.6  -5.6 *** -0.8  3  
9 -5.6  9.6 *** -6.6  -1  3.3  
10 -5.9  5.3 *** -6.3  -1  3.9  
11 -6.6  5.3  -7.2  -0.8  4.3  
12 -6.2  5.3  -7.9  -1.2  4.6  
13 -6.2  5.3  -7.6  -1  4.9  
14 -7.2  9.6 *** -7.5  -1.1  5.2 *** 
15 -7.4  9.6  -7.7  -0.6  5.9  
16 -7.3  9.6  -8.3 *** -0.6  5.4  

H0: Students placed in lower level course are not more or less likely to complete outcome in quarter t than students in 
upper level course.  ***, **, and * denote statistical significance at the 1 percent, 5 percent, and 10 percent significance 
levels, respectively. Results for College B are estimated imprecisely in some time periods because all students in either one 
of the research groups experienced the same outcome during that time period. 
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Table A.6.E: Impact of Being Placed in Elementary Algebra as 
Opposed to Pre-Algebra on the Cumulative Rate of Completion 
of 30 Transferrable Credits 

Quarter College A College B College C 
College 

D College F 
1 0.2  0.5  0  1.6  20.7 *** 
2 0.4  0.7  -0.4  1.6  23.1 *** 
3 0.9  0.7  -0.9  2.8 *** 21.2  
4 1.5  0.9  1.7  4.7  20.3  
5 1.4  -0.6  -0.7  6.3  19  
6 1.4  -1.9  -2.6  3.4  19  
7 1.2  -2.8  -0.9  4.4  18.8  
8 0.4  -4.2  -3.6 *** 4.8  18.4  
9 0.4  -4.9  -5.3  4.2 *** 17.5  
10 -0.4  -6.1  -5.8  7.1  17.4 *** 
11 -1.1  -6.2  -5.5  6.3  16.3 *** 
12 -1.6  -6.8  -4.7  6.2  16.2  
13 -1.2  -7.6  -4.6  5.5 *** 16.1  
14 -1.3  -8.2  -5 *** 5.5  16.1  
15 -1.5  -7.8  -5.6  5.5  16  
16 -1.4  -8.4  -6.1 *** 5.5  15.5 *** 

H0: Students placed in lower level course are not more or less likely to complete outcome in quarter t than 
students in upper level course.  ***, **, and * denote statistical significance at the 1 percent, 5 percent, and 
10 percent significance levels, respectively. Results for Colleges C and D are estimated imprecisely in some 
time periods because all students in either one of the research groups experienced the same outcome 
during that time period. 
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Table A.6.F. Impact of Being Placed in Intermediate Algebra as Opposed to 
Elementary Algebra on the Cumulative Rate of Completion of 30 Transferrable 
Credits 
Quarter College A College B College C College D College E College F 

1 0.1 4.2 * -1 0.3 -0.6 -0.7 
2 0.3 4.9 -1 0.4 -0.2 0.1 *** 
3 1.8 ** 5.6 -3.1 1 -0.4 -1.6 
4 3 10.3 ** -7.9 1.9 -0.6 3.1 * 
5 4.3 18.8 *** -9.9 *** 3.2 0.5 8.2 
6 5.5 19.1 -8.1 5.6 *** 0.3 7.3 
7 5.6 24 ** -6.8 *** 6.8 0.7 4.5 
8 4 27.8 ** -8.8 *** 6.7 -0.3 4 
9 4.1 25.2 -8.8 9.9 *** -2.4 * 2.4 
10 2.9 24.5 -8.8 9.7 -2.6 1.8 *** 
11 2.5 22.7 -12.6 *** 8.7 -2.9 1.3 
12 2.3 20.9 -14.5 *** 8.6 -2.4 0.9 
13 1.3 20.6 -15.2 8.4 -3.3 -2.1 
14 1.5 19.2 *** -15.2 8.5 -3.9 -2.7 *** 
15 0.9 19.9 -17.1 *** 8.5 -5.1 -4.4 
16 0.5 19.2 -17.1 8.7 -5.1 -4.1 

H0: Students placed in lower level course are not more or less likely to complete outcome in quarter t than students in upper level 
course.  ***, **, and * denote statistical significance at the 1 percent, 5 percent, and 10 percent significance levels, respectively. Results 
for College C and College F are estimated imprecisely in some time periods because all students in either one of the research groups 
experienced the same outcome during that time period. 
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Figures 
 
Figure A.8. Impact of Being Placed in Pre-Algebra as Opposed to Arithmetic on the Cumulative Rate of 
Earning 30 Transferrable Credits 

 
Results for College B are estimated imprecisely in some time periods because all students in either one of the research 
groups experienced the same outcome during that time period. 
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Figure A.9. Impact of Being Placed in Elementary Algebra as Opposed to Pre-Algebra on the Cumulative Rate 
of Earning 30 Transferrable Credits 

 
Results for Colleges C and D are estimated imprecisely in some time periods because all students in either one of the 
research groups experienced the same outcome during that time period. 
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Figure A.10. Impact of Being Placed in Intermediate Algebra as Opposed to Elementary Algebra on the 
Cumulative Rate of Earning 30 Transferrable Credits 

 
Results for College C and College F are estimated imprecisely in some time periods because all students in either one of 
the research groups experienced the same outcome during that time period. 
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Robustness Checks 

Sensitivity to Bandwidth Size 
We tested sensitivity of the estimates to bandwidth size. The figures presented here show 4 different bandwidths: 1) the optimal bandwidth 
as presented in the paper, 2) the optimal bandwidth plus 5 points, 3) the optimal bandwidth minus 5 points, and 4) the optimal bandwidth 
plus 1 point.   
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Figure A.11. AR/PA, Upper Level 
A. Optimal Bandwidth B. Optimal Bandwidth+5 points 

  
C. Optimal Bandwidth-5 points D. Optimal Bandwidth+1 point 
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Figure A.12. AR/PA, 30 Degree-Applicable Credits 
A. Optimal Bandwidth B. Optimal Bandwidth+5 points 

  
C. Optimal Bandwidth-5 points D. Optimal Bandwidth+1 point 
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Figure A.13. AR/PA, 30 Transferable Credits 
A. Optimal Bandwidth B. Optimal Bandwidth+5 points 

  
C. Optimal Bandwidth-5 points D. Optimal Bandwidth+1 point 
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Figure A.14. PA/EA, Upper Level 

A. Optimal Bandwidth B. Optimal Bandwidth+5 points 

 
 

C. Optimal Bandwidth-5 points D. Optimal Bandwidth+1 point 
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Figure A.15. PA/EA, 30 Degree-Applicable Credits 

A. Optimal Bandwidth B. Optimal Bandwidth+5 points 

  
C. Optimal Bandwidth-5 points D. Optimal Bandwidth+1 point 
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Figure A.16. PA/EA, 30 Transferable Credits 
A. Optimal Bandwidth B. Optimal Bandwidth+5 points 

  
C. Optimal Bandwidth-5 points D. Optimal Bandwidth+1 point 
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Figure A.17. EA/IA, Upper Level 
A. Optimal Bandwidth B. Optimal Bandwidth+5 points 

  
C. Optimal Bandwidth-5 points D. Optimal Bandwidth+1 point 
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Figure A.18. EA/IA, 30 Degree-Applicable Credits 
A. Optimal Bandwidth B. Optimal Bandwidth+5 points 

  
C. Optimal Bandwidth-5 points D. Optimal Bandwidth+1 point 
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Figure A.19. EA/IA, 30 Transferable Credits 
A. Optimal Bandwidth B. Optimal Bandwidth+5 points 

  
C. Optimal Bandwidth-5 points D. Optimal Bandwidth+1 point 
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Comparison of RDD Estimates versus DTHA-Embedded RDD Estimates 
This next set of tables compares the estimated treatment effects we obtained in the RDD/DTHA 
specification presented in the main paper with those obtained using traditional RDD with the 
outcomes at fixed points in time, i.e., after the 4th, 8th, 12th, and 16th quarters (1, 2, 3, and 4 years 
after the initial placement).   

College A 

Grouping Outcome Differences 

ARPA Upper Level 
Models for completion after 12 quarters, and 16 quarters 
did not converge 

PAEA Upper Level 
Coefficient for quarter 4 changes sign, Coefficient for 
quarter 12 is no longer significant 

EAIA Upper Level Quarter 8 coefficient is positive and significant 
ARPA 30 Degree Credits No differences 
PAEA 30 Degree Credits No Differences 
EAIA 30 Degree Credits Quarter 12 coefficient is negative and significant 

ARPA 
30 Transferrable 
Credits No differences 

PAEA 
30 Transferrable 
Credits No differences 

EAIA 
30 Transferrable 
Credits Quarter 12 coefficient is negative and significant 

  
 

College B 

Grouping Outcome Differences 

ARPA Upper Level None of the models converged 

PAEA Upper Level 
Coefficient for quarter 4 changes signs and is significant, 
quarter 16 model does not converge 

EAIA Upper Level Quarter 16 model does not converge 

ARPA 30 Degree Credits 
Quarter 8 coefficient changes signs and is significant, 
quarter 12 and quarter 16 models do not converge 

PAEA 30 Degree Credits No Differences 
EAIA 30 Degree Credits Quarter 4 coefficient changes signs and is significant 

ARPA 
30 Transferrable 
Credits 

Quarter 4, Quarter 12, and Quarter 16 models do not 
converge 

PAEA 
30 Transferrable 
Credits No differences 

EAIA 
30 Transferrable 
Credits 

Quarter 4 and Quarter 8 coefficients change signs and 
significance 
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College C 

Grouping Outcome Differences 

ARPA Upper Level No differences 

PAEA Upper Level 
Coefficient for quarter 4 no longer significant, quarter 16 
model does not converge 

EAIA Upper Level 
Quarter 8, Quarter 12, and Quarter 16 models do not 
converge 

ARPA 30 Degree Credits Quarter 16 coefficient is no longer significant 
PAEA 30 Degree Credits Quarter 16 model does not converge 
EAIA 30 Degree Credits Quarter 12 and 16 models do not converge 

ARPA 
30 Transferrable 
Credits Quarter 16 model does not converge 

PAEA 
30 Transferrable 
Credits Quarter 8 and Quarter 16 models do not converge 

EAIA 
30 Transferrable 
Credits Quarters 8, 12, and 16 models do not converge 

   
 

College D 

Grouping Outcome Differences 

ARPA Upper Level 

Quarter 4 coefficient is significant, Quarter 12 coefficient 
is no longer significant, Quarter 16 model does not 
converge 

PAEA Upper Level 
Quarter 8 coefficient is significant, Quarters 12 and 16 
models do not converge 

EAIA Upper Level Quarter 16 coefficient is significant 
ARPA 30 Degree Credits No differences 
PAEA 30 Degree Credits Quarter 12 and 16 models do not converge 
EAIA 30 Degree Credits No differences 

ARPA 
30 Transferrable 
Credits No differences 

PAEA 
30 Transferrable 
Credits Quarter 16 model does not converge 

EAIA 
30 Transferrable 
Credits No differences 
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College F 

Grouping Outcome Differences 

ARPA Upper Level Models for Quarters 12 and 16 do not converge 

PAEA Upper Level 
Quarter 12 coefficient is no longer significant, Quarter 16 
model does not converge 

EAIA Upper Level Models for Quarters 4, 8, and 16 do not converge 
ARPA 30 Degree Credits No differences 
PAEA 30 Degree Credits Quarter 12 model does not converge 

EAIA 30 Degree Credits 
Quarter 8 coefficient is significant, Quarter 12 model does 
not converge 

ARPA 
30 Transferrable 
Credits No differences 

PAEA 
30 Transferrable 
Credits Quarter 16 model is positive and significant 

EAIA 
30 Transferrable 
Credits Quarter 4 coefficient is no longer significant 
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