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Background/Context: Most community colleges across the country use a placement test to de-
termine students’ readiness for college-level coursework, yet these tests are admittedly imperfect
instruments. Researchers have documented significant problems stemming from overreliance
on placement testing, including placement error and misdiagnosis of remediation needs. They
have also described significant consequences of misplacement, which can hinder the educa-
tional progression and attainment of community college students.

Purpose/Objective/Research Question: We explore possibilities for placing community col-
lege students in mathematics courses using a holistic approach that considers measures be-
yond placement test scores. This includes academic background measures, such as high school
GPA and math courses taken, and indicators of noncognitive constructs, such as motivation,
time use, and social support.

Setting: The study draws upon administrative data from a large urban community college
district in California that serves over 100,000 students each semester. The data enable us
to link students’ placement testing resulls, survey data, background information, and tran-
script records.

Research Design: We first use the supplemental survey data gathered during routine place-
ment testing to conduct predictive exercises that identify severe placement errors under existing
placement practices. We then move beyond prediction and evaluate student outcomes in two
colleges where noncognitive indicators were divectly factored into placement algorithms.

Findings/Results: Using high school background information and noncognitive indicators
to predict success reveals as many as one quarter of students may be misassigned to their math
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courses by status quo practices. In our subsequent analysis we find that students placed un-
der a holistic approach that considered noncognitive indicators in addition to placement test
scores performed no differently from higher scoring peers in the same course.

Conclusions/Recommendations: The findings suggest a holistic approach to mathematics
course placement may improve placement accuracy and provide access to higher level mathemat-
ics courses for community college students without compromising their likelihood of success.

What does it mean to be ready for college? And how do colleges know? In
the community college setting, the answers to these questions are usually
informed by a placement test that students take when they begin or restart
their educational careers. Over 90%of all community colleges in the coun-
try use a placement test to determine students’ readiness for college-level
coursework (Fields & Parsad, 2012). At the same time, nearly 60% of all
incoming community college students in the nation enroll in a remedial
course, most likely because they are deemed underprepared for college-
level coursework (Bailey, Jeong, & Cho, 2010; NCPPHE & SREB, 2010).

Yet placement tests are admittedly imperfect instruments. Recent
research has estimated that nearly 25% of students may be misplaced
into their math courses by commonly used placement tests (Mattern
& Packman, 2009; Scott-Clayton, Crosta, & Belfield, 2014), with poten-
tially serious consequences for educational attainment (Melguizo, Bos,
Ngo, Mills, & Prather, 2016). Researchers examining these issues have
found that using additional information such as those available in high
school transcripts and math diagnostics could improve placement ac-
curacy and reduce the rate of placement errors (Ngo & Kwon, 2015;
Ngo & Melguizo, 2016; Scott-Clayton et al., 2014). In tandem with these
findings, a number of states (e.g., Florida, North Carolina, Texas) have
enacted legislation promoting the incorporation of multiple indicators
of students’ academic readiness into community college placement poli-
cies (Burdman, 2012). California, the setting for the study, has mandat-
ed the use of these “multiple measures” since the early 1990s, but there
is wide variation in and few evaluations of these practices (Perry, Bahr,
Rosin, & Woodward, 2010).

What remains unknown is whether using a holistic placement approach
that includes noncognitive’ measures can improve placement accuracy in
community colleges. Noncognitive measures are those not specifically re-
lated to academic content knowledge or skills, such as, but not limited to,
students’ college plans (e.g., use of time) and their beliefs about the impor-
tance of math or college (Sedlacek, 2004). While indicators of some of these
constructs are implicitly and sometimes explicitly used in the selection and
sorting processes in four-year institutions (e.g., via college admissions essays
and letters of recommendation), they largely remain untested and unused
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in the community college setting. Further, noncognitive attributes have been
shown to be predictive of students’ postsecondary success (Sedlacek, 2004)
but have rarely been examined in the context of community colleges which
serve large numbers of students of color, low-income students, and first-
generation college students (Horn, Nevill, & Griffith, 2006). We therefore
ask two research questions: (1) What possibilities are there for using a more
holistic placement approach that includes noncognitive measures to better
identify college readiness among community college students? (2) Do non-
cognitive measures improve placement accuracy in developmental math?

We focus on the use of indicators of noncognitive constructs for course
placement in a large urban community college district (LUCCD) in
California, and we conduct two sets of analyses to answer these questions.
The first is a predictive exercise that examines possibilities for using indi-
cators of noncognitive constructs in placement decisions. To do so, we use
methods outlined by Scott-Clayton et al. (2014) to estimate severe place-
ment errors, but capitalize on the availability of noncognitive question-
naire data that LUCCD colleges simultaneously collected during the time
of placement testing. We calculate placement error rates for all colleges
under existing placement policies (e.g., placement test scores and other
academic background measures) and compare these to estimates of place-
ment error when indicators of noncognitive measures are included in the
prediction equation. We emphasize here that the noncognitive question-
naire items are proxy indicators of students’ noncognitive attributes and
not necessarily measures validated in prior literature. In the second set
of analyses, we examine actual placement algorithms in two colleges that
factor in these noncognitive indicators, such as those of motivation and
college plans, into placement decisions. We examine the outcomes of stu-
dents who were able to take a higher level course due to additional points
they earned based on noncognitive indicators, comparing them to peers
placed in the same level but who scored higher on placement tests.

Our study adds insight to the broader question of whether a more ho-
listic approach to mathematics course placement that includes indicators
of noncognitive attributes can be useful within the open-access setting of
community colleges. In contrast to four-year colleges with selective admis-
sions, selection and sorting in the community college setting primarily
happens during remedial screening where students who are deemed not
college-ready may be referred to remedial coursework (Hughes & Scott-
Clayton, 2011). Since this typically hinges on the result of a placement
test, incorporating noncognitive information into the screening process
may provide opportunity and access for students who do not appear to
be academically prepared based on their placement test results alone.
Indeed, our analyses first show that a substantial portion of students, as
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many as one quarter, may be considered as misplaced under current test-
based placement practices, and that high school background and non-
cognitive indicators may offer an improvement over status quo practices.
When we test this hypothesis in two colleges that actually factor noncogni-
tive information into placement rules, we find that this holistic approach
can increase access to higher level math courses without compromising
the likelihood of success in those courses.

The paper proceeds as follows. We first discuss the role of placement
testing and selection processes in community colleges. We highlight re-
search on noncognitive measures, and then draw upon expanding con-
ceptions of college readiness and validation theory to frame the study. We
then describe the LUCCD and our two analytical approaches—one that
investigates possibilities for using noncognitive indicators and one that
evaluates existing placement practices already using such indicators. We
present the findings and discuss how our work can add insight to current
reforms in assessment and placement in community colleges.

BACKGROUND

PLACEMENT TESTS AND ACADEMIC MEASURES OF COLLEGE
READINESS

Given that community colleges are open-access institutions serving a di-
verse body of students, they need some means of identifying academic
preparedness and directing students towards appropriate course work.
Placement tests are commonly used in community colleges for this pur-
pose, and two tests, the College Board’s ACCUPLACER and the ACT
Inc.’s COMPASS, have dominated the market (Conley, 2010).2 These tests
are multiple choice, adaptive, computer administered, and are used to as-
sess subjects like math, English, and reading. Regarded as a cost-efficient
way to assess students’ academic abilities, the placement test score is the
primary measure that determines where students start in their educational
trajectory (Hughes & Scott-Clayton, 2011).

Despite the near ubiquity of placement testing, studies investigating the
predictive validity of placement tests have found that correlations between
test scores and student achievement are weaker than those between stu-
dent background variables and achievement (Armstrong, 2000). In fact,
Jenkins, Jaggars, and Roksa (2009), examining data from Virginia com-
munity colleges, found no significant relationship between reading and
writing placement tests and whether students passed gatekeeper English
courses, though they did find a relationship between math placement tests
and whether students passed gatekeeper math courses.
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These findings, along with concerns about the accuracy of placement
tests, have fostered growing interest in using multiple measures and a
more holistic approach to improve placement decisions (Burdman, 2012;
Smith, 2016). Measures such as the level of prior math courses taken and
high school GPA are known to be strong predictors of college course
completion and success and can be used to identify readiness for college-
level work (e.g., Armstrong, 2000; Noble & Sawyer, 2004). Adding to this
evidence, Ngo and Kwon (2015) found that community college students
who were placed using academic background measures (e.g., prior math
and GPA) in addition to test scores performed no differently from their
peers who earned higher test scores. This study and others (e.g., Fong &
Melguizo, 2016; Marwick, 2004) suggest that using multiple measures may
increase access to higher level math without compromising students’ like-
lihood of success in those courses.

RESEARCH ON NONCOGNITIVE MEASURES

One understudied question is whether noncognitive measures can also
improve placement decisions. The logic for incorporating these measures
stems from research in educational psychology, which demonstrates that
an array of noncognitive attributes beyond cognitive skills are predictive
of college success and future outcomes (Duckworth, Peterson, Matthews,
& Kelly, 2007; Duckworth & Yeager, 2015; Noonan, Sedlacek, & Veerasamy,
2005; Porcea, Allen, Robbins, & Phelps, 2010; Robbins, Allen, Casillas,
Peterson, & Le, 2006). In lieu of providing a comprehensive review of
all noncognitive factors and measures associated with college student suc-
cess, we focus only on those we believe to be related to the measures used
by LUCCD colleges to assess and place students in developmental math
sequences. These include use of time, motivation, and social support. To
our knowledge, the measures used by LUCCD are not directly tied to par-
ticular constructs or scales in the literature. We therefore discuss the gen-
eral literature on each of these noncognitive areas.

One such area is student’s use of time. Researchers examining col-
lege students’ time use found that in certain populations, working con-
currently in college predicts weaker academic outcomes (Ehrenberg
& Sherman, 1987; Pascarella, Edison, Nora, Hagedorn, & Terenzini,
1998; Stinebrickner & Stinebrickner, 2003) and that time studying
predicts improved academic outcomes (Michaels & Miethe, 1989; Rau
& Durand, 2000; Stinebrickner & Stinebrickner, 2004; 2008). These
studies suggest that employment while attending school is associated
with decreased likelihood of persistence and lower academic out-
comes. Therefore, measuring students’ intended use of time may be
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an important consideration in the remedial screening process, as com-
munity college students in particular are more likely to work while at-
tending college (Horn et al., 2006).

Motivation is another well-studied noncognitive construct that is pre-
dictive of college success (Pintrich & Shunk, 2002; Robbins et al., 2006).
Theories of motivation can explain an individual’s choices, effort, and
persistence in various tasks (Covington, 2000; Pintrich, 2003). For ex-
ample, the concept of expectancy value within motivation research sug-
gests that individuals make certain decisions or enact certain behaviors
because they are motivated by the expected results of those behaviors
(Eccles & Wigfield, 2002). Relatedly, motivation may stem from utility or
task value, which refers to how and whether individuals perceive tasks as
having positive value or utility because they facilitate important future
goals (Husman & Lens, 1999). These values can therefore directly influ-
ence performance, persistence, and task choice. A student’s motivation,
as understood through these values, may encourage persistence in the
face of challenging or boring academic learning contexts and therefore
be predictive of success in those contexts (Miller & Brickman, 2004).

One’s sense of social support may also influence college outcomes
(Noonan et al., 2005). This may be related to the concept of mattering, de-
fined as the feeling one is personally important to someone else (Cooper,
1997; Gossett, Cuyjex, & Cockriel, 1996; Marshall, 2001; Rosenberg &
McCullough, 1981; Schlossberg, 1989; Tovar, Simon, & Lee, 2009). In
studies of college students, a stronger sense of mattering is linked to pro-
academic behaviors and affects (Dixon & Kurpius, 2008; Dixon Rayle &
Chung, 2007; France & Finney, 2010). In another study, Dennis, Phinney,
and Chuateco (2005) assessed the extent to which motivation to attend
college and the availability of social support from family and peers influ-
enced academic success in ethnic minority college students. They includ-
ed survey items such as how supportive family and peers were of students’
college aspirations and students’ beliefs about attending college. The re-
searchers found that personal interest, desire to attain a rewarding career,
and intellectual curiosity were all related to successful adjustment in col-
lege. Finally, Sedlacek (2004) demonstrated that noncognitive measures
of adjustment, motivation, and leadership are predictors of postsecondary
success, particularly for underrepresented minority students.

USE OF NONCOGNITIVE MEASURES

While studies find positive associations between noncognitive measures
and college outcomes, whether it is beneficial to use noncognitive mea-
sures or indicators of them to inform selection processes remains an
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outstanding question. Some evidence from four-year institutions has
suggested that incorporating noncognitive measures into college admis-
sions can be favorable (Noonan et al., 2005; Sedlacek, 2004; Sternberg,
Gabora, & Bonney, 2012). However, despite calls in the literature for the
use of holistic assessments of student readiness for college coursework
(Hughes & Scott-Clayton, 2011), noncognitive measures are rarely used
to make course placement decisions in community colleges (Gerlaugh,
Thompson, Boylan, & Davis, 2007). We found just one completed study
examining placement using noncognitive measures in the community col-
lege setting.” The Educational Testing Service (ETS) conducted a study
to investigate the usefulness of SuccessNavigator, a commercial product
that incorporates psychosocial/noncognitive measures, including person-
ality, motivation, study skills, intrapersonal and interpersonal skills, and
other factors beyond cognitive ability (Markle, Olivera-Aguilar, Jackson,
Noeth, & Robbins, 2013). Examining a set of community colleges, Rikoon,
Liebtag, Olivera-Aguilar, Robbins, and Jackson (2014) compared mathe-
matics course passing rates between students placed in math courses using
standard institutional practice (i.e., the COMPASS placement test) and
those placed using the ETS SuccessNavigator mathematics course place-
ment index in conjunction with test scores. They found no statistically
significant differences in course passing rates between the two groups.
Since students placed using the ETS instrument and test scores were just
as successful as their peers in a higher level course, this suggests that the
noncognitive measures may be useful for course placement. The goal of
the present study is to complement this work by examining noncognitive
measure use in another community college setting. We also analyze sur-
vey data rather than data gathered from a proprietary instrument, which
may be a more viable option for resource-strapped colleges. We frame the
study using expanding conceptions of college readiness and modern ap-
proaches to validation, which we discuss next.

CONCEPTUAL FRAMEWORK
COLLEGE READINESS

The policy interest in using both high school background measures and
noncognitive measures is in accordance with expanding notions of col-
lege-readiness. Historically, college-readiness has been measured by stu-
dents’ academic ability and cognitive skills but it has also expanded to
include noncognitive attributes and college knowledge that are thought
to be essential for success in college (Almeida, 2015; Duncheon, 2015;
Roderick, Nagaoka, & Coca, 2009; Sedlacek, 2004). The underlying logic
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is that what determines whether students will be successful in college is
broader than cognitive skill or academic background. The research de-
scribed in the previous section demonstrates that noncognitive attributes
play an important role in explaining persistence and success in college.
In line with expanding notions of college readiness, we test whether these
broader concepts of college readiness can be imported into assessment
and placement processes in community colleges. Could selection into
developmental courses be improved by expanding concepts of college-
readiness beyond academic and cognitive attributes of students?

VALIDATION

Modern validation theory makes it possible to identify and evaluate the use-
fulness of noncognitive measures of college readiness. In modern validation
theory, a validation argument considers the interpretation, purposes, and
uses of a measure in addition to its predictive properties; it emphasizes the
examination of outcomes that result from the uses of the measure (Kane,
2006). While past conceptions of validation relied mainly on determining
the correlation between a measure such as tests scores and college outcomes,
this theory suggests that the intended use and purpose should guide how the
analysis is conducted to determine predictive properties (Kane, 2001).

Therefore, the validity of a measure such as a placement measure is based
on the actual decisions or proposed decisions made using the measure, and
not simply the correlation between a measure such as test scores and subse-
quent outcomes. In the current context, the measures used to make course
placement decisions in developmental math would therefore be evaluated
in terms of the relevant student outcomes—placement and success in the
highest level course possible (Kane, 2006), and the frequency with which
these accurate placements occur (Sawyer, 1996, 2007; Scott-Clayton, 2012).
If a measure places students into higher level courses and they are success-
ful in those courses, then using those measures improved placement accu-
racy. If the measures led to placements resulting in worse outcomes, then
using those measures did not improve accuracy.

In order to validate noncognitive measures in the context of community
colleges, there must be a context where measures of noncognitive attributes,
or in this case indicators of them, are actually used to make placement deci-
sions. Our study takes advantage of the fact that some colleges factor in what
we are argue are indicators of noncognitive attributes into their placement
process. This enables us to assess the validity of these placement measures
(Kane, 2006; Sawyer, 1996, 2007). In a related analysis, we also predict the
potential usefulness of these indicators for identifying and avoiding place-
ment error in colleges that mainly rely on placement tests.
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SETTING & DATA

The setting for the study is a Large Urban Community College District
(LUCCD) in California that enrolls over 100,000 students each semes-
ter.* Being open-access institutions, the nine colleges in the district serve
a widely diverse body of students, with more than a quarter of students
over 35 years of age, and over 40% indicating that their native language
is not English. Close to 90% of students report having completed a high
school level education.” This student population is different from the na-
tional community college student population since about two-thirds of
all students in these California colleges identify as African-American or
Latina/o. In contrast, the majority of students who enter a community
college in the U.S. are White, and just over one-third identify as African-
American or Latina/o (NCES, 2014).

Each college has considerable autonomy over choice and use of place-
ment tests. The colleges are also required by California law to utilize some
combination of “multiple measures” to inform placement decisions (Perry
et al,, 2010). In the LUCCD, colleges chose to consider items from self-
reported background questionnaires as multiple measures. Table 1 shows
the placement tests and additional measures used to make course assign-
ments in developmental math in each college. Table 2 shows the types of
self-reported background information from the Educational Background
Questionnaire (EBQ) also collected at the time of assessment.

The data for the study consist of all studentlevel assessment and en-
rollment records for students assessed between 2005 and 2012, tracked
through fall 2013. We focus on the sample of students who took math
placement assessments, had not already earned a college degree, were
not concurrently enrolled in high school, and were under the age of 65.
Since we are interested in noncognitive measures, we focus on six colleges
that collect indicators of this information: B, C, D, F, G, and J.° The data
available enable us to examine important short- and long-term student
outcomes such as passing the math course in which they are placed and
earning 30 degree-applicable units. Table 3 presents a demographic pro-
file of each college included in our analyses. The table shows that each
college is unique in its student composition. However, the overall pattern
is that Latinas/os and African Americans are the two largest racial groups
served by all the colleges in the study. In addition, the table delineates how
students were placed in each level of the developmental math sequence
by college. While placement distribution varies among different colleges,
the majority of students were placed in the three lowest levels—either el-
ementary algebra, pre-algebra, and arithmetic—and few students placed
into intermediate algebra or above.
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Table 1. Multiple Measures Used for Math Placement

College Point Range Academic Background College Plans  Motivation
HS Diploma/ HS Prior
GED GPA  Math
A 0to4 +
B 0to3 + + +
C N/A
D 0to?2 +
E 0to3 +
F 2to2 +/- +/-
G 0to3 + + +
H 0to4 +
J 2t05 + +/- +/-

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 course-taking (including achievement and highest level completed).
College plans include hours planned to attend class, hours of planned em-
ployment, and time out of formal education. Motivation includes importance
of college and importance of mathematics. Multiple measure information was
not available for one of the nine LUCCD colleges. The study time period is
2005 to 2012, but information show here for College G is 2011-2012, and for
College H is 2005-2009.

METHODS
WHICH STUDENTS MAY HAVE BEEN PLACED IN ERROR?

We examined the possibility of using noncognitive measures for place-
ment in developmental math by capitalizing on indicators of this infor-
mation collected via the EBQ in each college. Our first methodological
approach enabled us to assess whether utilizing indicators of noncognitive
attributes can help to identify and thus avoid placement errors. Based on
our analysis of each college’s EBQs, three areas of noncognitive attributes
were common across sets of colleges: motivation, college plans (e.g., use
of time), and social supports (see Table 2).

The analytical approach we used to understand how noncognitive mea-
sures can identify placement errors follows the sequence described in
Scott-Clayton et al. (2014). The procedure estimates the overall propor-
tions of students placed successfully and students placed in error for each

10
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Table 2. Types of Information Collected via Education Background
Questionnaires

College Academic Background College Plans Motivation Social Support

HS Diploma/ HS Prior

GED GPA  math

A X
B X X X X X X
C X X X X X X
D X X X X
E X X
F X X X
G X X X X X
H X X X X X
J X X X

Note: Academic Background includes whether the student received a diploma or
GED, high school GPA, and prior math course-taking (including achievement and
highest-level completed). College plans include hours planned to attend class,
hours of planned employment, and time out of formal education. Motivation in-
cludes importance of college and importance of mathematics. Students were also
asked about social support—how important is it for the people closest to you that
you go to college? The study time period is 2005 to 2012, but information show
here for College G is 2011-2012, and for College H is 2005-2009.

level of math in a developmental sequence. Students placed successfully
are those who were either placed into a math class level they were pre-
dicted to pass or those who were placed into one level below a math class
they were predicted to fail. Students placed in error are those who were
either: overplaced, placed into a math class that they were predicted to
fail, or underplaced, placed into one level below a math class that they
were predicted to pass.

We identified placement error for every level of the developmental
math sequence, from arithmetic to college-level math. We also performed
the procedure using different combinations of cognitive and noncogni-
tive indicators (described further below). In the case of college-level math
(CM), the respective logit models are:

logit [Fail CM], = &y + [, COG, + B NONCOG, + B TEST, + ¥'X, + £ (1)

logit|Pass CM w/B or better], = ay + §,CO6; + L NONCOG, + J.TEST, + ¥'X, + & (D)

11
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Here TEST; is the test score, and COG;and NONCOG; are proposed addi-
tional measures used for placement, and X'is a vector of student level demo-
graphic characteristics, including age, race, gender, language, and residence
status, added as controls for factors that may be associated with college suc-
cess. The obtained coefficients are extrapolated to students placed in the
course below (e.g., intermediate algebra is one level below college math)
to predict each student’s probabilities of success and failure in intermediate
algebra. We used the probabilities to identify students placed successfully
and students placed in error at each level. Specifically, we identified severe
placement errors, defined by two criteria: (1) students predicted to fail the
upper level course they were placed into, or (2) students predicted to pass
the upper level course with a B or better, but were placed into a course
one level below.” We estimated the proportion of severe placement errors at
each level of math in the developmental sequence for each college.

Since we are interested in comparing various placement scenarios, we
calculated the percent of severe placement errors using different combi-
nations of measures:

1. With placement test scores alone, TEST;,?

2. with additional academic background measures (e.g., HS GPA or
prior math experience), COG;,

3. with noncognitive indicators obtained from colleges’ EBQs (e.g.,
motivation or college plans), NONCOG:;.

This analysis enabled us to determine whether high school background
and noncognitive measures—a more holistic profile—could improve upon
placement results based on cognitive measures (placement tests) alone.’
The calculated rate of severe placement errors for each set of alternative
criteria is the proportion of students that can be considered as having been
placed in error by status quo practices, and therefore, the set of students
for whom placement errors could be avoided. The rate of severe placement
errors is not a measure of the placement accuracy of each set of measures.
Instead, it estimates the amount of error in existing placement policy.

DO NONCOGNITIVE MEASURES ACTUALLY IMPROVE PLACEMENT
ACCURACY?

We then took advantage of the placement decision rules in two colleges
(Colleges F and J) where proxy indicators of noncognitive constructs were
actually factored into placement algorithms. College F awarded up to two
additional points to students based on their college plans (units enrolled
and expected employment), how important a college education was to
them, and how long they have been out of school."” College F used the
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COMPASS, with 100 test points possible. College J awarded one additional
point to students who indicated that math was important, and four other
possible points for cognitive measures (high school math background and
receipt of a diploma or GED). College J used the ACCUPLACER, with
120 points possible. Since we could identify student responses on each
college’s EBQ) along with raw placement test scores, we could therefore
examine the success outcomes of students whose final placements were
due to the additional points earned from these noncognitive indicators.
Although the additional points may seem nominal relative to the place-
ment tests, they did provide a benefit to some students. About 1.8% and
26.4%"" of students in Colleges F and J, respectively, were placed in a high-
er level course based on their combined score.

Modern validation theory would suggest that measures used for place-
ment in developmental courses are valid if they increase access to high-
er-level math courses without compromising the likelihood of success in
those courses (Kane, 2006; Sawyer, 1996). Therefore, we compared the
outcomes of students whose resulting placements were “boosted up” due
to noncognitive indicators with the outcomes of students in the same
level of math whose placements were the result of their placement test
scores. Specified as a linear regression model, the main variable of inter-
est (BOOST;) is a dummy indicator that equals one for students whose
responses to the noncognitive oriented questions on the EBQ resulted in
a “multiple measure boost” to a higher level course. We tested the relation-
ship between earning this multiple measure boost and the outcome of
interest (y;), passing the course in which the student was placed. We also
examined the relationship between receiving a placement boost and the
outcome of earning 30 degree-applicable credits, which are half the units
required for an associate’s degree. The linear probability model is:

¥i = iy + [ BO0ST; + B, MMPOINTS; + B.,TEST; + ¥'X; + & (3)

picaptures the difference in average outcomes between students who were
assigned to the course due to additional points from noncognitive indica-
tors and students who had higher raw test scores. We include MMPOINTS;
the number of multiple measure points,'? TEST; the raw placement test
score (normalized), and all X covariates as before. We also estimated mod-
els controlling for math level and cohort. For each model we compared
boosted students to other students just above the cutoff, as well as to all
students in the same math level.

Unlike College F, which used only noncognitive indicators to augment
its placement algorithm, College ] awarded points for both academic and
noncognitive indicators. Thus, for College ] we could differentiate between

14
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students whose boost was solely from academic measures from those who
obtained points for both academic and noncognitive indicators."* We iden-
tified the differences between these students by including an interaction
term with a dummy variable NC;. The variable NC; is an indicator of the
student’s motivation and equals one when students marked that math was
very important to their goals. It equals zero for students who responded not
important or somewhat important. The model with this interaction is:

¥ = g + EBO0ST, + GNC, + [, BOOST, « NC, + JaMMPOINTS, + GTEST, + YK, + 5 {4

The interaction term enabled us to determine whether there were differen-
tial effects for those who earned points for both cognitive and noncognitive
indicators relative to those whose boost was from cognitive measures alone.

FINDINGS
POSSIBILITIES FOR NONCOGNITIVE MEASURES

We first investigated possibilities for the use of noncognitive indicators ei-
ther in addition to or in place of common placement tests. We did so by
estimating the percent of severe placement errors at each placement cutoff
within each college. As described above, the procedure involves using differ-
ent sets of alternative placement criteria (e.g., placement tests, high school
background measures, and noncognitive indicators) to model successful
placement of students, which we defined as: students predicted to pass the
math course of interest with a B or better and placed into that math course,
and students predicted to fail the math course of interest and placed into
one level below that math course. Severe placement errors are those where
students predicted to fail the math course of interest were placed into that
math course, and students predicted to pass the math course of interest with
a B or better were placed into one level below that math course.'

The full results are presented in Tables 4 and 5. Table 4 shows the re-
sults of the analysis when the entire sample of students within each pair
of math levels is included, e.g., all students in intermediate algebra (IA)
or elementary algebra (EA), and Table 5 shows the results for students
within a five-point bandwidth around the cutoff. The first column of
each table shows the estimated percent of severe placement errors under
the status quo practice (which is essentially placement test score alone).
There is a range of estimates across colleges, from nearly zero error to
over 30% of students identified as placed in error. In comparing error
rates across placement scenarios, a higher rate of errors does not sug-
gest the scenario’s placement criteria would produce more placement
errors. Rather, a higher estimate suggests the alternative placement

15
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criteria identify a larger fraction of placement errors in existing practice
that can possibly be avoided. We also decomposed the total estimated
placement error into its two respective parts—the percent of students
considered as under-placed and the percent considered as overplaced.
This also reveals variation across levels and colleges. This is expected
given variation in the level of the placement cutoff set at each college
and institutional differences between colleges.

Nevertheless, a common pattern emerges. Comparing Columns 1-4
with Columns 5-7 reveals that the proportion of placement error identi-
fied in existing practice rises when high school background and noncog-
nitive indicators are utilized to model student success. This is the finding
in nearly all colleges and levels, and it suggests that more students can be
considered as having been placed in error by existing practice when these
alternative criteria are used to model the likelihood that students would
fail or pass the higher level course, compared to when test scores are incor-
porated in the model. Patterns are consistent across the full and narrow
bandwidth specifications, though the severe placement error estimates
are larger when all students are considered. Moving forward, we focus on
the narrower bandwidth of five points right around each placement cutoff
to better understand sorting and accuracy around each cutoff.

Given the similarity in patterns across colleges and levels, we also calculated
the average severe errors for each column to better summarize these trends.
Figures 1 and 2 visually present these average results. The first bar of Figure
1 shows the severe placement error of existing placement practices, which
typically consider a student’s placement test score and additional points
from multiple measures (academic) when making placement decisions. On
average, the estimate is that 8.7% of students within a five-point bandwidth
around the cutoff can be considered as severe placement errors (11% for the
full bandwidth). Figure 2 decomposes errors into the proportion of under-
and overplacement, and these results indicate that more students appear to
be underplaced when high school background and noncognitive indicators
are used to examine placement errors.'”” Students who are identified as under-
placed presumably could have passed the higher level course.

The primary goal of the exercise is to understand whether or not al-
ternative measures identify more or less placement error than the status
quo practice. Overall, the results indicate that substantially more students
can be considered as having been placed in error when high school back-
ground and noncognitive indicators are used to identify placement errors,
compared to when placement test scores are used. For example, if the
estimating equation for success/failure in the upper level course consists
of high school background measures (e.g., HS GPA, prior math, etc.) or
noncognitive measures (e.g., motivation), then it appears that 22%-25%
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percent of students in the full bandwidth and 17%-21% percent in the
five-point bandwidth have been placed in error by current practices. Since
these students that can be considered as errors are those who could have
passed the upper level course if placed there or would have fared better in
the lower level course, then it follows that these alternative schemes may
offer an improvement over current practices.

Figure 1. Severe placement errors identified in status quo practice
(Bandwidth=5 Points Around Placement Cutoff)

21.4%

20.1%
17.4%
8.7%
j 6.1% 6.1% 6.1%

1) Placement 2) Test+HSB 3) Test+NC 4) Test +HSB 5) HSB 6) HSB+NC 7)NC
Test* +NC

Note: *Placement Test is representative of status quo placement practice, which
in some cases is placement test plus additional multiple measures (see Table 1).

Figure 2. Type of severe placement error identified (Bandwidth = 5
Points Around Placement Cutoff)

¥ Underplacement Overplacement
43.4% 41.8% ek
52.8%
65.5% 66.6% 65.1% I
1) Placement 2) Test+HSB 3) Test+NC 4) Test +HSB 5) HSB 6) HSB+NC 7)NC
Test* +NC

Note: *Placement Test is representative of status quo placement practice, which
in some cases is placement test plus additional multiple measures (see Table 1).

19



(10°0) (30°0)

«¥30°0- 9000 ¥36-0G
JUDWSSISSY 1B 98y
(30°0) (20°0) (20°0)
w98 10" s 6G 10 s GG T 0" MO[Rg S[OAT §
(30°0) (0°0) (30°0) (0°0) (30°0) (¢0°0)
-y $0°0- s b O 10 £90°0- s G 110" 010 MO[IY S[AY] §
(30°0) (g0°0) (30°0) (g0'0) (30°0) (¢0°0)
G 10 350°0- #6910 €LO0" 569170 89070 MO[O] S[PAY]
(€0°0) (g0°0) (€0°0) (¢0°0) (€0°0) (¢0°0)
#:L90°0" 600 #6800 8500 #:LL0°0" 6500 Mmopag [2497 |
[2A97T YleN padeld
(10°0) (10°0) (10°0) (10°0) (10°0) (10°0) (00°0) (10°0)
#910°0 PI0°0- #x610°0 10°0- #:810°0 $10°0- #2960°0 L00°0 (z) 21098152,
(10°0) (10°0) (10°0) (10°0) (10°0) (10°0) (10°0) (10°0)
#x610°0- £00°0- 10°0- 6000 600°0- 10°0 800°0- L00°0 siurog
amseay o[dnmpy
(€0°0) (90°0) (€0°0) (90°0) (€0°0) (90°0) (€0°0) (90°0)
L¥0°0- 8900 8%0°0- 6L0°0 70°0- 190°0- 350°0- gg0’0-  1soog amsespy apdnny
amuy (§)  punory (L)  damuy (9)  punory (g)  damuy (F)  punory (§)  2muy (g)  punoy (1)
¥ PPOIN ¢ PPON ¢ PPOIN I PPOIN

Teachers College Record, 120, 020304 (2018)

J 289110H
‘JUIWISSISSY JO TeIX-U(Q) UIYIA 3SINO0Y) B\ PIJE[J ) PIssed SIUIPMS JOYIYA :SINSIY UOISSAISIY °9 d[qe],

20



TCR, 120, 020304 Mathematics Course Placement Using Holistic Measures

(20°0) (£0°0)
%650°0 800°0- SOy WD
(10°0) (€0°0)
16070 69070 -3ue] “wuid Jou ysySuy
(30°0) ¥0°0)
800°0- L1070 REYViTe)
(20°0) (€0°0)
Y1070 100°0- o/eune|
(10°0) (€0°0)
w5 190707 %0L0°0- UBILIQWIY-UBDILIJY
(30°0) ¥0°0)
7100 8700~ 1d/ueisy
drvyY
(10°0) (30°0)
#xx860°0 610°0 oeway
(€0°0) (80°0)
9%0°0- 840°0~ G9—GG
(10°0) (€0°0)
L1070~ x£90°0" $G-G¢
(10°0) (20°0)
300°0 800°0- $6-G3
amuy (8)  punory (L)  damuy (9)  punory (g)  damuy (F)  punory (g)  dumuy (g)  punoxy (1)
¥ IPPOIN ¢ PPOIN ¢ PPOIN I PPOIN

21



Teachers College Record, 120, 020304 (2018)

"9IIYM = 20BY P[0 SIBIA ()g—8T SIUIPNIS ‘Yrewr
[9A9[-19JsUeT) UT SUPNIG :sdNOIS 90UDIJOY [9AJ] YIBW ) UTIIM SIUIPNIS [[€ SOPN[OUL 9INUY JJoInd a3 2a0qe syutod ¢ syuopmis
01 ordures $1o1Ms91 punory ‘sponuod dryderowap pue ‘$109JJ PIXI] 110YO0D) TOAT IR ‘DI00G 1S9, ‘SIUT0] 2Insed]y o[dnmy
9500 SIPNIUL FA $IOF PIXL] 1I0YO)) PUE [IAIT IEJA ‘DI00G IS, ‘SIUIOJ INSLIy [dn[njy Isoog sapnur g [PAT IR
PUR 100G 1S9, ‘SIUIOJ 2INSLIN S[AN[NJA IS00Y SOPNIUL GJA 910G ISIT, PUR ‘SIUIOJ 2InseIA [dnmyy 1s00g sopnour [ S[PPOA
‘aareuuonNsaN() punoidyoeq [euoneonpy 2y uo sosuodsor uo poseq sjurod g [euonippe ue o) dn urea pnod J 289[[0) Ul
syuapmg ‘sesoyiuated Ul SIOLId prepuels P ‘Tepowr Lrfiqeqord Jeaur] 9yl JO SIUIDYJI0D dIe UMOYS SIIBWINSD O], SAION

10070 > d s ‘100> d s ‘600> d &

LLEBT 8353 LLEBT 8353 LLEGT 8353 LLEBT 8354 N
350°0 8600 810°0 $30°0 1100 100 $00°0 100°0- paxenbsy
(€0°0) (90°0) (0°0) (0°0) (30°0) (#0°0) (000) (10°0)

#5x666°0 43606670 496870 #9760 seex6LE 0 4369670 #5566 0 68170 JueISUO)
SO SOA SoX SOX ON ON ON ON S129JJH PoXIq 1I0Yyo)
(30°0) (0°0)

#x:x 16070 x901°0 BSIA OO

amuy (8)  punory (L)  2muy(9)  punory (§)  dapuy (p)  punory (¢)  2muy (g)  punory (1)

¥ PPOIN € PPON G IPPON I PPOIN

(ponunuod) g agaqon
‘JUIWISSISSY JO TeIX-U(Q) UIYIA 3SINO0Y) B\ PIJE[J ) PIssed SIUIPMS JOYIYA :SINSIY UOISSAISIY °9 d[qe],

22



TCR, 120, 020304 Mathematics Course Placement Using Holistic Measures

The answer to whether noncognitive indicators of motivation, social
support, and college plans might improve placement accuracy is less clear.
We see that indeed the use of HSB and noncognitive indicators identi-
fied the most amount of error, suggesting that these measures may be
suitable alternatives to current practices. Comparing the HSB-only results
with HSB and noncognitive indicators, we see that noncognitive indica-
tors may make marginal improvements, but our supplementary analysis
also revealed that the HSB measures were generally positively correlated
with the noncognitive indicators.

NONCOGNITIVE MEASURES IN USE

We therefore complement this analysis with evidence from two colleges
in the district, Colleges F and J, which actually do factor in indicators of
noncognitive constructs into their placement algorithms. These colleges
award supplemental points which are added (or in some cases subtract-
ed) from the raw placement test scores to determine the final score used
to determine math placement. To this end, students’ placement results
may be directly related to some noncognitive attributes. In fact, the policy
of using these noncognitive indicators increased access to higher level
courses for students who otherwise would have been in a lower level math
course based on placement test scores alone. As mentioned above, 1.8%
and 26.4% of students in Colleges F and ], respectively, were placed in a
higher level course based on their final scores after the multiple measures
were considered.

The question of interest is whether students who received a multiple
measure boost generally performed differently from their higher scoring
peers in terms of passing the placed math course and completing 30 de-
gree-applicable units.'® Tables 6 and 8 present the results from this analy-
sis. Based on our estimation of Equation 3 we found no evidence of differ-
ences for students around the placement cutoffs for College F (Table 6)
or J (Table 8). We show that these are robust to model specifications that
include placement level dummies, cohort fixed effects, and student back-
ground variables. The null results in Colleges F and J suggest that the use
of noncognitive indicators increased access to higher level courses without
compromising the likelihood of success in those courses.

Since the multiple measure boost in these two colleges consisted of
additional points drawn from a number of survey questions (e.g., col-
lege enrollment and employment plans, importance of math, and time
since last enrollment in College F; highest math, HS diploma/GED, and
importance of math in College J) we also investigated heterogeneity by
boost type. That is, we attempted to disentangle those multiple measure
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boosts that were largely due to points from academic measures from
those that included points from the noncognitive indicators. This was
only possible in College J, where there was enough variation in answer
choice and a large enough sample size to identify a group of students
who, although they earned a multiple measure boost into a higher level
course, indicated that they consider math to not be important or only
somewhat important personally towards their educational goals (see
Table 7, N=547).

Table 7. Composition of Multiple Measure Boost in College J

Cognitive + . Noncognitive
Total Noncognitive Cognitive Only Only
2054
i‘iﬁ?bﬂ Obfos u:f M (264% of 1350 547 157
ving boo! 7,782)

Percentage of all 65,7 96.6 .

boosts
Diploma/GED
Highest math Importance
passed with C of math
or better

We therefore included a dummy variable that equaled one for each
student that said math was important, and interacted this with the boost
variable as shown in Equation 4. The results in Table 8 show no differ-
ential relationship between boost and student outcomes for the interac-
tion term. This suggests that boosted students who indicated they did
believe that math was important, along with those who did not indicate
that math was important, did not exhibit differences in their outcomes.
The two groups had statistically equivalent probabilities of passing the
course. While this can be interpreted as evidence of the irrelevance of
the motivation measure, we remind the reader that this result can still be
considered as an improvement in placement accuracy. The students who
received this boost due to a noncognitive indicator were able to access a
higher level course and their likelihood of success in the course was the
same as their peers.
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DISCUSSION

The study contributes to concerns about selection and sorting processes
at the start of community college, which have been of increasing poli-
cy interest in recent years. A number of states (e.g., Colorado, Florida,
Texas) have begun to consider multiple measures, including noncognitive
measures, for developmental student advising, assessment, and placement
practices (Bracco et al., 2014). However, there has been scant evaluation
of these practices to inform policy, and our study attempts to fill this gap.

We drew upon expanding conceptions of college readiness to frame our
investigation of possibilities for a more holistic approach to placement
that includes the use of noncognitive indicators in contexts where they
are currently not used. We found that using high school background and
noncognitive indicators may help to identify and thus reduce and avoid
some placement errors associated with test-based placement. This is key
descriptive evidence indicating that alternative placement criteria may of-
fer a means of improving upon status quo practices, and further research
should continue to test this hypothesis.

We were able to validate the use of noncognitive indicators in two col-
leges. The results from Colleges F and J, which essentially incorporate
noncognitive characteristics in the identification of low-scoring students
who could be moved to a higher level course, reveal that students placed
under this approach performed no differently from their higher scoring
peers. Interestingly, they also performed no differently from their peers
whose boost was based primarily on academic background measures. The
study therefore contributes to the burgeoning literature on using multiple
measures such as high school transcript information to optimally place
students (Fong & Melguizo, 2016; Ngo & Kwon, 2015; Scott-Clayton et al.,
2014), but adds the important component of evaluating the use of indica-
tors of noncognitive attributes. Similar to the aforementioned studies of
academic measures, we find that noncognitive indicators may make mar-
ginal improvements in placement accuracy over high school background
factors alone or test scores alone.

LIMITATIONS

A limitation of these analyses is that we were unable to observe instructor
characteristics, which may be important determinants of developmental
math student outcomes (Chingos, 2016). We also relied on instructors’
grades as a metric of success. If math instructors adjust their instruction
or grading in order to meet the needs of students, this would bias the es-
timate of the relationship between academic background measures, such
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as placement test scores, and course success. We reasoned that because
math is a fairly hierarchical subject, instructors’ grading practices may not
vary as much as it may in other subjects (e.g., English). To mitigate this
bias, we also chose to focus on the B or better criterion, which is a more
cautious approach to identifying error than using a C or better criterion
(Scott-Clayton et al., 2014). There likely is less variation in grading prac-
tices related to awarding an A or B grade than a C grade.

A second limitation is that results may be more emblematic of where
placement cutoffs are set rather than the accuracy of measures them-
selves. The boost analysis, for example, may not be reflecting the validity
of the additional measures used, but rather, the measurement error in-
herent in placement testing. Test scores are noisy measures and students
a few points apart may be very similar. To address this concern, we ran
models where we compared students to similar-scoring peers right above
the cutoff, as well as to all students in a given level. We found the results
to be consistent across model specification for College F, but we found
differences between the “around” and “entire” groups in College J (see
Table 8). However, it is likely that the significant negative coefficients for
“entire” in College ] may be related to the fact that there is as much as a
30-point range of placement scores that result in assignment to the same
courses. Therefore students in the “entire” regressions in College ] may be
substantially different along unobservable characteristics.

FUTURE CONSIDERATIONS

While the results from both sets of analyses point towards a potential ad-
vantage to using high school background measures and, to a lesser ex-
tent, noncognitive measures in the assessment and placement process, a
study in which students were experimentally placed using these measures
would provide stronger evidence on the usefulness of these measures.
Indeed, the results from Colleges F and J provide slightly more convinc-
ing evidence that noncognitive indicators improve placement accuracy,
but again, these students are placed using a combination of placement
test scores, high school background, and noncognitive indicators. Further
research should examine student success under conditions where non-
cognitive indicators are the sole placement measure in order to deter-
mine the actual usefulness of these measures as an alternative to academic
placement measures.

Further, while we chose colleges’ existing items from questionnaires
and classified some as cognitive and others as noncognitive, we are un-
sure of their psychometric properties and validity in the traditional sense.
It stands to reason that different cognitive and noncognitive measures

29



Teachers College Record, 120, 020304 (2018)

would yield different results than what we obtained. We encourage more
work in investigating differences in measures that can be potentially used
for placement. To this end we encourage a thorough exploration of the
burgeoning literature on noncognitive constructs and their scales in pre-
dicting college outcomes for their applicability in placement policy at the
community college level.

Finally, we also note that these may be noisy measures of high school
background and noncognitive attributes since they are gathered from
a self-reported student questionnaire administered at the time of place-
ment testing. A placement policy that incorporated such additional self-
reported information could be susceptible to misinterpretation, reference
bias, faking, or “gaming” (Duckworth & Yeager, 2015). Colleges therefore
need to take caution and consider evaluation of the measures and the
accessibility of placement policy information. Incorporating high school
transcript information to automate these decisions may be more efficient
and accurate, but this would necessitate data-sharing agreements between
K-12 and community college districts.

CONCLUSION

Ultimately, these findings concerning noncognitive indicators are related
to the fact that psychosocial attributes such as motivation, and nonaca-
demic characteristics such as students’ use of time and their degree of so-
cial support, are useful for explaining why some students do well in school
while others fall behind (Pintrich, 2003). Our findings suggest that gaug-
ing these various measures at the start of each student’s college career may
assist colleges as they sort students into community college coursework.
Although evaluation and selection on noncognitive skills may unfairly
focus attention on student characteristics rather than the role of insti-
tutions, using noncognitive measures may nevertheless promote equity.
Holistic placement practices that increase access to upper level courses
without compromising the likelihood of student success in those courses
provide opportunities for community college students to progress faster
and further in their college careers.

NOTES

1. We recognize that there is debate over terminology, with some scholars pre-
ferring terms such as character skills, social and emotional competencies, dispositions, per-
sonality, temperament, 21st century skills, and personal qualities (Duckworth & Yeager,
2015). We choose the term noncognitive because it provides a contrast to the aca-
demic/cognitive measures discussed and because these terms “refer to the same
conceptual space,” (Duckworth & Yeager, 2015, pg. 239).
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2. The ACT, Inc. has recently decided to phase out the use of the COMPASS
(Fain, 2015).

3. The Multiple Measures Assessment Project reported collecting noncognitive
data from one college for analysis (Bahr et al., 2014).

4. About one quarter of all community college students in the United States are
enrolled in California community colleges, many of which are in located in urban
centers (Foundation for Community Colleges, n.d.).

5. Source: California Community College Chancellor’s Office DataMart (http://
datamart.cccco.edu/datamart.aspx)

6. We could not identify student survey responses in College H (2009-2012)
because we did not have access to the actual questionnaire. College H did collect
indicators of some noncognitive attributes from 2005-2009 (shown in Table 2),
but the college used a diagnostic test instead of the ACCUPLACER or COMPASS.
We therefore did not include College H in the analysis.

7. Students are considered likely to pass if their predicted probability of success
in the upper level course is 50% or greater, and considered likely to fail if the pre-
dicted probability of failure is 50% or greater.

8. We use the adjusted score, which includes multiple measure points for each
college.

9. We also run pooled college models by standardizing student test scores. For
these pooled analyses, we identify items on colleges’ EBQs that measure common
constructs, such as use of time, motivation, and social support.

10. College F subtracted points for high hours of schooling and work (use of
time), low importance of education (motivation), and returning students who had
been out of education for more than 5 years.

11. This is 221 out of 12,224 students in College F and 2,054 students out of
7,782 students in College J.

12. BOOST and MMPOINTS are correlated but this should not be a multicol-
linearity issue. We ran the models without the multiple measure points and did
not observe significant differences in the magnitude, direction, or statistical sig-
nificance of the boost variable.

13. There were 157 cases of boosts solely determined by noncognitive measures
in College ] and 547 with cognitive measures alone.

14. We also conducted the same analyses with a “Pass at all” outcome. These
results are available from the authors upon request.

15. We caution against interpreting the results as indicators of accuracy of the
current system. This is because accuracy is related to the predictive validity of the
placement instrument and we do not perform an analysis that measures predic-
tive validity per se. Other methods may be used to determine whether placement
tools are accurate and, relatedly, whether cutoffs are set correctly (Melguizo et
al., 2016).

16. The regression results for the longer term outcomes are available in the
Appendix.
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