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Abstract

Objective: Quantway is a Carnegie Math Pathways initiative which redesigns the content,
pedagogy, and structure of traditional developmental mathematics courses to simultaneously
tackle traditional barriers to student success and support a broad range of developmental students
in achieving their mathematics potential. Specifically, Quantway is a quantitative reasoning
sequence that is comprised of a single term (accelerated) developmental mathematics course
called Quantway 1 and a college-level mathematics course called Quantway 2. This study
assesses the effectiveness of the developmental mathematics course, Quantway 1, during its first
6 semesters of implementation. Method: We used a hierarchical linear modeling technique to
conduct propensity score matching across 37 student characteristics in order to compare the
course performance of Quantway 1 students with matched comparison students from traditional
developmental mathematics courses. Results: Quantway 1 students demonstrated significantly
higher odds of success in fulfilling developmental mathematics course requirements and
enrolling in college mathematics courses in the following year (with comparable GPASs) than
matched comparison students. Additionally, Quantway 1 effects were positive across all sex and
race/ethnicity subgroups as well as in nearly all classrooms and colleges. Conclusion: This study
provides robust evidence that Quantway 1 increases student success in fulfilling developmental
mathematics requirements and advances equity in student outcomes. Implications of and future
directions for the Pathways are discussed.

Keywords: causal inference, multilevel modeling, networked improvement community,

propensity score matching, remedial mathematics reform
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Assessing the effectiveness of Quantway®:
A multilevel model with propensity score matching

Remedial Math Crisis

Traditional developmental or remedial mathematics sequences serve as a huge
impediment for community college students, often preventing them from obtaining technical
credentials and associate degrees, as well as blocking their transfer to four-year institutions.
Nearly 60% of community college students nationwide are required to take at least one
developmental mathematics course, and 80% of these students do not complete a college
mathematics course within three years (Bailey, Jeong, & Cho, 2010), which could be translated
to over 500,000 students who fail to earn college mathematics credit (Hoang, Huang, Sulcer, &
Yesilyurt, 2017). Students spend long periods of time repeating courses and accruing student
loan debt, ultimately leaving college without a degree and the personal (Johnstone, 2013),
societal (Carnevale, Smith, & Strohl 2013) economic benefits that come with such credentials.

Long remedial course sequences, which typically involve arithmetic, pre-algebra,
elementary algebra, and intermediate algebra, are not working as expected (Merseth, 2011).
Research indicates that whereas remedial mathematics programs are highly effective at resolving
skill deficits for students who remediate successfully, the majority of those who need
remediation do not make it through the sequences (Bahr, 2008; Waycaster, 2001). This finding
suggests improving the remedial process for those who struggle. Accordingly, one reform effort
focuses on accelerating student progress through developmental course sequences by
reorganizing instruction and curricula (Edgecombe, 2011). There are two main acceleration
models: one is to offer only the content students need to succeed in college mathematics, and the

other involves mainstreaming students into college level mathematics courses with an additional
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support course. To improve students’ course completion and learning outcomes, another reform
effort addresses mathematics instruction and pedagogy (Hodara, 2011; Stigler, Givvin, &
Thompson, 2010). As promising instructional practices, instructors are encouraged to focus more
on conceptual reasoning than procedural knowledge, utilize structured forms of student
collaboration and group work, and represent the same mathematical problem in varied ways (i.e.,
numerically, graphically, and algebraically). In addition to these structural and pedagogical
changes to remedial mathematics education, other reform efforts have addressed language and
socioemotional supports for students (Merseth, 2011).

There are important equity implications associated with the low success rates we observe
in traditional developmental mathematics course sequences. Traditionally underserved students
are disproportionately likely to encounter developmental mathematics as a stumbling block on
the road to community college completion. The community college student population is more
racially diverse, older, and lower income than 4-year university students (Bueschel, 2004).
Minority students are placed in more developmental mathematics courses and less likely to
complete these courses to achieve college-level mathematics credit than white students (Bailey et
al., 2010; Chen, 2016). Improving the success rates of students in developmental mathematics
sequences is thus a key lever for advancing an equity agenda.

Several aspects of traditional developmental mathematics sequences have been proposed
as contributors to negative student outcomes. Students must take long sequences of courses with
increasing levels of difficulty to fulfill developmental mathematics requirements (Hodara, 2013).
This structure drastically hinders student completion, and even when students complete one
course in a sequence, many fail to enroll in subsequent courses (Bailey et al., 2010; Cullinane &

Treisman, 2010). The utility of the algebra-heavy content of traditional mathematics curricula



CARNEGIE QUANTWAY SUCCESS

has also been called into question. A study on the Survey of Workplace Skills, Technology, and
Management Practices found that only 19% of employees use any algebra in their work (Handel,
2007). The instruction in many mathematics classrooms does not incorporate research-based
curriculum design and pedagogical practices that foster deeper student learning and engagement
(Mesa, 2011). Traditional mathematics courses emphasize transmission of content over a more
participatory approach (Edwards, Sandoval, & McNamara, 2015), factual and procedural
knowledge over conceptual knowledge (Mesa, 2011), and do not demonstrate the relevance of
mathematical concepts (Carnevale & Desrochers, 2003). Furthermore, these courses do not
address either language and literacy or non-cognitive barriers (e.g., belief about mathematics
ability and anxiety) that impede many students’ ability to learn mathematics (Blackwell,
Trzesniewski, & Dweck, 2007; Gomez, Rodela, Lozano, & Mancevice, 2013; Haynes, Perry,
Stupnisky, & Daniels, 2009). Based on her extensive review on interventions in college
mathematics readiness, Hodara (2013) proposed that we might need a more holistic approach
that simultaneously addresses these structural, curricular, pedagogical, linguistic, and non-
cognitive hindrances to student success. More recent work reinforces those recommendations
(Bailey et al., 2016).
Carnegie Math Pathways’ Theory of Improvement

To spur progress on this problem, the Carnegie Foundation for the Advancement of
Teaching convened a networked improvement community (NIC) - a national collective of
mathematical scholarly society representatives, community college administrators and faculty,
educational researchers, and improvement specialists (Bryk, Gomez, Grunow, & LeMabhieu,
2015). Through an improvement science approach, the NIC redesigned the content, pedagogy,

and structure of traditional mathematics sequences to increase the number of students completing
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their mathematics requirements. The outcome of this work was a specific set of design
principles used to create two accelerated alternatives to traditional developmental mathematics
sequences, Statway and Quantway, which are intended for non-STEM students who were placed
into two levels below college-level mathematics. Figure 1 summarizes the Carnegie Math
Pathways’ theory of improvement, aiming to increase student success through working on six
key drivers: (a) acceleration of developmental mathematics requirements, (b) implementation of
a research-based instructional system, (c) socioemotional supports (productive persistence), (d)
language and literacy supports, (e) faculty development, and (f) participation in a NIC.

Figure 2 visualizes the first driver of accelerated pathways (Edgecombe, 2011). Statway
is an accelerated year-long introductory college-level statistics course that integrates
developmental mathematics content. A previous study demonstrated Statway’s efficacy and
impact on student success over traditional developmental mathematics programs (Yamada &
Bryk, 2016). In contrast, Quantway focuses on quantitative literacy, which is described as “the
ability to adequately use elementary mathematical tools to interpret and manipulate quantitative
data and ideas that arise in an individual’s private, civic, and work life” (Gillman, 2004, p. 5).
These quantitative literacy concepts are codified in a set of rigorous learning outcomes that were
collaboratively established and vetted by a committee that included representatives from several
mathematical professional societies (Blair & Getz, 2011).? Because Quantway’s learning
outcomes provide students with a strong foundation in numerical and quantitative reasoning

concepts, it has served as a preparatory quantitative reasoning course for many non-STEM

! The overarching design principles are (a) courses will focus on concepts over procedures, (b) instruction will make
use of authentic contexts and real data, (c) struggling with problems — both large and small — is a core part of the
instructional experience, (d) students will have access to appropriate technology to engage in practice outside of the
classroom, and (e) all curricular materials (in-class, out-of-class, formative and summative assessments) will be
cohesive, articulate, and consistent in design.

? These mathematical societies include the National Numeracy Network, American Mathematics Association of
Two-Year Colleges, and the Mathematical Association of America.
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pathways and majors and as the culminating mathematics course for technical certificate
programs. Quantway 1 enables students to complete their developmental mathematics
requirements in a single term. Those who successfully complete Quantway 1 are then prepared
for college level mathematics and eligible to enroll in Quantway 2 or another college-level
quantitative reasoning course. Some colleges offer Quantway as a pathway through college level
mathematics by combining Quantway 1 with Quantway 2 or another college level quantitative
reasoning course. Because Quantway has such a flexible design, and changes to developmental
course offerings generally have limited implications for articulation or transfer that can delay the
adoption of credit-bearing courses, community colleges can more easily integrate Quantway into
their current institutional structures. Accordingly, since its launch in 2012, Quantway 1’s
implementation has grown more rapidly than Statway (Huang, Hoang, Yesilyurt, & Thorn,
2016). This study thus focused on the effectiveness of Quantway 1.3

To address the second driver in Figure 2 (Hodara, 2011; Stigler et al., 2010), Quantway
1’s instructional system is designed to foster robust and sustained mathematical learning,
emphasizing the teaching of concepts to improve both procedural and conceptual understanding
(Hiebert & Grouws, 2007). Its instructional model is organized around three research-based
learning opportunities: productive struggle, explicit connections, and deliberate practice. In
productive struggle, faculty engage students in substantive mathematical tasks that encourage
students to wrestle with key mathematical concepts and solve problems that are challenging but
still within reach (Hiebert & Grouws, 2007). By productively struggling, students can make
meaning of the mathematical content for themselves and develop strategies for engaging with the

content. Explicit connections refers to instruction that creates opportunities for students to forge

® Five institutions implemented Quantway 2, serving a total of 429 students over 3 years of implementation (Huang
et al., 2016). Given its relatively small scale, we focused this efficacy study on Quantway 1.
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associations between mathematical procedures and underlying conceptual knowledge. Deliberate
practice aims to improve student performance through a series of highly structured, increasingly
sophisticated, and challenging tasks that deepen facility with key concepts (Edwards & Beattie,
2016). These learning opportunities are supported by instructional practices that facilitate student
discussion and support collaborative learning around rich mathematical problems (Edwards &
Beattie, 2016; Edwards et al., 2015). Quantway 1’s instructional system is also designed to
ground unfamiliar mathematics concepts in familiar situations through contextualization.
Quantway 1’s lessons use authentic, relevant contexts and real data to increase student
motivation to learn. The course is organized around three intentional themes (citizenship,
healthcare, and financial literacy) that reflect everyday concepts and are critically important in
engaging in society. By illustrating the real world applications of mathematics concepts,
Quantway 1 can empower previously unsuccessful students to have meaningful and positive
interactions with quantitative reasoning content.

The third and fourth drivers address student supports (Merseth, 2011). Quantway 1
integrates two types of research-based student supports designed to meet the needs of diverse
student learners: productive persistence and language and literacy supports. One set of supports
is designed to promote students’ ability to productively persist through rigorous math
coursework. The socioemotional intervention, which we call productive persistence, consists of a
collection of student activities and faculty actions that address the high-leverage non-cognitive
factors that promote student tenacity and effective learning strategies (Edwards & Beattie, 2016).
NIC members worked together with social psychologists to iteratively develop this package of
productive persistence routines and practices that work to promote growth mindset, reduce math

anxiety, and increase students’ sense of belonging. A second set of interventions is designed to
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support students in successfully grappling with the complex language and literacy demands of
mathematics, which often incorporates different forms of representation and elaborate
grammatical forms. Quantway 1 lessons embed language and literacy tools to facilitate the
comprehension and organization of information in quantitative situations. These lessons are
written to avoid literacy barriers that developmental math students commonly face (Gomez,
Rodela, Lozano, & Mancevice, 2013; Gomez et al., 2015).

Finally, the fifth and sixth drivers address faculty development and participation in a
NIC. Because the Quantway 1 curriculum and pedagogy significantly differ from traditional
methods of teaching, Quantway 1 faculty are invited to participate in a comprehensive
professional development program (Edwards et al., 2015). This faculty support program prepares
instructors to teach Quantway 1 and supports them in their first year of teaching, and provides
ongoing opportunities for instructional improvement and professional learning. Through online
resources, faculty mentorship, and workshops, this program equips faculty to effectively
implement the Pathways’ collaborative instructional approach, learning opportunities, and
productive persistence and language and literacy supports. Quantway 1 faculty and
administrators participate in a NIC that provides a collaborative learning community to support
them in teaching and implementing Quantway 1. The NIC social structure supports community
college faculty and administrators in collectively generating and disseminating practical learning
about what works, for whom, and under what conditions to reliably deliver efficacy at scale
(Bryk et al., 2015).
Study Objective

The objective of the current study was to assess the effectiveness of Quantway 1. We

used a propensity score matching technique (Rosenbaum & Rubin, 1983) to statistically reduce
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possible selection bias by comparing Quantway 1 student success to a reasonable counterfactual
that represents how similar students would have performed if they had not taken Quantway 1.
Given the nested structure of the data, with students enrolled within institutions in the network,
we employed a hierarchical linear modeling (HLM) framework (Raudenbush & Bryk, 2002) to
obtain propensity scores. We then compared completion rates of developmental mathematics
sequences between Quantway 1 and the non-Quantway 1 matched comparison groups.
Furthermore, we tracked their college mathematics achievement throughout the following year to
determine if Quantway 1 students perform comparably or better than their matched students in
college mathematics courses. Since Quantway 1 was designed not only to get students through
their developmental mathematics sequences but also to prepare them to meet their college
mathematics requirements, this analysis was particularly important in determining Quantway 1°s
effectiveness. We applied an HLM approach to all of these outcome analyses because potential
outcomes most likely depended on the institutions and classrooms to which students belong
(Hong & Raudenbush, 2005, 2006).

In addition to the average impact of Quantway 1, we looked at variation in performance
across classrooms and institutions in the network. These investigations into variation at different
levels enabled us to assess Quantway 1’s ability to scale with efficacy and inform where
improvement efforts should be targeted in order to further increase success rates (Bryk et al.,
2015). We examined possible differential effects of Quantway 1 across sex and race/ethnicity
subgroups to determine its potential to promote an equity agenda by improving outcomes across
all these subgroups.

Another objective of the current study was to discuss the potential of the Carnegie Math

Pathways as a developmental mathematics reform initiative and any policy implications. Two
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pathways, Statway and Quantway, represent two different programs with different focuses, and
an earlier study demonstrated the success of the former (Yamada & Bryk, 2016). By providing
empirical evidence of Quantway 1’s efficacy, this study offered a unique opportunity to assess
the Pathways approach in general. We aimed to share our knowledge of developmental
mathematics reform efforts, particularly those with an application of improvement science and
NICs, with the field.
Method

Study Setting

Quantway 1 was first implemented during the spring of 2012.* The initial cohort of
students spanned 8 community colleges across three states (Georgia, New York, and Ohio). In
the past four academic years, Quantway 1 served a total of 5561 students from 14 colleges (see
Appendix) across eight states (Georgia, Minnesota, New Jersey, New York, Ohio, Washington,
West Virginia, and Wisconsin; Huang et al., 2016).
Data and Study Design

Institutional researchers from participating colleges provided background data on student
characteristics, course enrollment, and course performance. The analytic sample consisted of
4,243 Quantway 1 students from 10 colleges (see Appendix) who enrolled in a Quantway 1
course between the spring of 2012 and the fall of 2014, as well as 83,887 potential comparison
group students from the same respective institutions and corresponding semesters. The sample
size of Quantway 1 students was somewhat smaller than the total number of students described
above due to insufficient data for conducting adequate propensity score matching and outcome

analyses.

* One college was on a quarter system and implemented Quantway 1 for the first time in the winter of 2012. For the
sake of simplicity, we included the results with the Spring 2012 cohort but conducted the propensity score matching
for these students separately from the Spring 2012 cohort at this college.
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Table 1 presents all of the covariates used in propensity score matching and their
descriptive statistics before and after propensity score matching was conducted. We selected
those covariates based on prior research findings (Yamada & Bryk, 2016) and advice from
institutional researchers in the participating colleges. The list includes standard student
background data such as sex and race/ethnicity. It has been shown that these characteristics tend
to differentiate students’ progress in developmental mathematics sequences (Bailey et al., 2010).
We also matched on students’ prior course-taking history and performance in the past two years.
Previous research demonstrated that students’ prior course-taking history and success patterns
are a more reliable indicator of students’ educational and career goals than their declared
program of study (Jenkins & Cho, 2012).

The descriptive data on the left panel of Table 1 shows that overall, the Quantway 1
group comprised higher proportions of female and Hispanic students than the non-Quantway 1
group. Quantway 1 students had more course records in the two years before taking a Quantway
1 course, suggesting that the term in which they took a Quantway 1 course was less likely to be
their first semester or year of enrollment at a given institution. Quantway 1 students also started
their developmental course(s) earlier, and attempted more developmental mathematics courses
and college-level courses than non-Quantway 1 students.

Propensity score matching. First, we conducted propensity score matching to identify a
group of students who followed traditional developmental mathematics sequences with similar
characteristics to Quantway 1 students. To obtain propensity scores, we took an HLM approach
(Hong & Raudenbush, 2005, 2006; Raudenbush & Bryk, 2002; Yamada & Bryk, 2016) and
constructed a two-level model with a total of 37 student-level covariates including student

background characteristics and prior course taking and success patterns during the two years
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prior to the Quantway 1 term (see Table 1). We estimated model parameters by leveraging
maximum likelihood via penalized quasi-likelihood estimation using HLM 7 (Raudenbush, Bryk,
Cheong, Congdon, & du Toit, 2011).° ; is the log-odds of student i enrolling in Quantway 1 in

college | and formally expressed as:

Level 1 Model (student): Level 2 Model (college):
it = Por + pu(COVLy) + ... Lo = yoo + Uol,
+ f371(COV37y), S = y10,
B371 = y370,

where COV1 to COV37 are the set of propensity score covariates.® We found a substantial
number of unknown records for students’ date of birth when computing students’ age in years.
To factor these cases into the propensity model, we constructed a dummy variable in which
missing age was coded as 1, and non-missing age was coded as 0 (Stuart, 2010). Also, we
accounted for six cohort groups by formulating a set of dummy variables with Spring 2014 as a
reference category.

We conducted propensity score matching separately for each cohort and college by
applying a nearest neighbor matching algorithm (Rosenbaum & Rubin, 1985). This algorithm
was appropriate for our study because we wanted to retain as many Quantway 1 students as
possible and had a large pool of non-Quantway 1 students for creating matches. We attempted to
find up to five matches per Quantway 1 student (5:1 ratio matching) to maximize the best

matches from the non-Quantway 1 student group while still maintaining precision (Ming &

> We used HLM 7 for all HLM analyses in this study.

® We initially included two covariates of college non-STEM courses (the number of courses attempted and the
respective success rate). However, they involved collinearity with other covariates, and accordingly, the model did
not converge. Thus, we excluded them from the propensity model.
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Rosenbaum, 2000). We also specified a caliper distance of up to 0.2 to reduce the risk of bad
nearest neighbor matches based on recommendations in the literature (Austin, 2011; Rosenbaum
& Rubin, 1985). For propensity score matching, we used the package Matchlt (Ho, Imai, King,
& Stuart, 2011) in R (R Core Team, 2015).

HLM outcome analysis. We next estimated Quantway 1’s effectiveness by comparing
(a) success rates in developmental mathematics sequences, (b) enrollment rates in college-level
mathematics courses in the subsequent calendar year including a summer term where applicable
(e.g., tracking student mathematics course enrollments over the spring, summer, and fall terms
for the fall cohorts), and (c) the corresponding college mathematics GPA of Quantway 1 students
with their matched counterparts. Success was defined as a passing grade or a grade of C or
higher’ (coded as 1, otherwise 0) on a Quantway 1 course for Quantway 1 students and a
developmental mathematics course one level below college level (or another course deemed
equivalent to a Quantway 1 course by faculty) for the matched comparison students. For the
latter group, we tracked course outcomes over the entire academic year (i.e., tracking course
outcomes over the fall and spring semesters for the fall cohorts and the spring, summer, and fall
semesters for the spring cohorts). As described earlier, Quantway 1 was designed to accelerate
traditional developmental mathematics sequences in one semester for students placed two levels
below college mathematics. Similar students following the traditional developmental
mathematics route would need one to one and a half years to complete the developmental
sequence (Bailey et al., 2010; Cullinane & Treisman, 2010). Accordingly, if comparison students
in the fall cohorts had failed a developmental mathematics course one level below college level

in the fall semester but passed it the following spring semester, we counted it as success.

" A grade of C- or higher was used for a college that employed a +/— grading scheme.



CARNEGIE QUANTWAY SUCCESS

Therefore, the analysis was conservative, providing comparison students twice as much time to
reach the same success benchmark as Quantway 1 students. As student follow-up measures, we
tracked student enrollment in college-level mathematics courses and their corresponding GPA®
right after the Quantway 1 enrollment period for Quantway 1 students. For matched comparison
students, we tracked the same outcomes over the same time period right after (a) they had
successfully completed their developmental mathematics sequences (e.g., completing the
requirements in one semester) or (b) the entire academic year had passed regardless of their
success in developmental mathematics sequences. College mathematics enrollment was defined
as having attempted at least one course (coded as 1, otherwise 0).

To estimate differences in success rates and college mathematics enrollment rates, we
constructed a four-level model and estimated its model parameters using maximum likelihood
via penalized quasi-likelihood estimation. This four-level model was an extended application of
the standard HLM model that took advantage of our matching procedure in which each
Quantway 1 student was matched with up to five other students based on similar propensity
scores. One of the study’s objectives was to examine variation in performance across classrooms
and institutions to see if and where improvement efforts should be targeted. With the HLM
model, we could capture not only the average effect of Quantway 1 but also variability in its
effect for each level (Hong & Raudenbush, 2005, 2006; Raudenbush & Bryk, 2002). In the Level
1 model below, 7ija is the log-odds of success or enroliment, and QWi is a dummy variable
indicating whether the outcome was from the Quantway 1 group (coded as 1) or the matched
comparison group (coded as 0). We included individual propensity scores, PS;, as a further

safeguard to remove any potential remaining bias (Hong & Raudenbush, 2005, 2006).

& We assigned a value of 0 as a grade point to W (Withdrawal) and | (Incomplete) in this analysis in order to create a
conservative metric while allowing us to maintain all matched students.
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Level 1 Model (measurement):

ik = Tojii + w1kl (QWijia) + 2jia (PSiji).-
The Level 1 model is in essence a measurement model for the individual effect of Quantway 1
on each separate student (Raudenbush & Bryk, 2002). Both parameters at Level 1, zojq and mju,
are substantively interpretable. Of primary interest for this research, zyjq captures the effect of
Quantway 1 on student j in faculty member k’s classroom nested within college I. In comparison,
moji 1S the outcome for their individually matched comparisons. In the context of modern causal
theory, this is the potential outcome we might have observed had this particular Quantway 1
student followed a traditional program of study instead (Holland, 1986; Neyman, 1923/1990;
Rubin, 1974, 1978). We note that the correlation between mojq and 71jq as it provides information
about how program effects are distributed among different students, classrooms, and colleges
(Raudenbush & Bloom, 2015). Specifically, a negative correlation indicates that positive effects
are more likely to accrue for students whose prognosis for success is otherwise very low. In
contrast, a positive correlation would indicate that “the rich get richer”, i.e., those who are
already more likely to succeed also tend to gain more benefit from Quantway 1. To complete the
four-level model, we included a set of covariates at Level 2 as additional adjustment variables for
the outcome.

Level 2 Model (student):
mojki = Pooki + Poikl(COHLja) + ... + Poga(COHG;) + rojui,
mijk = Pk + f11a(COHLjg) + ... + Prga(COHGj) + Fyju,

o5kt = S2oki.
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COH1;q to COHgj are dummy variables for the cohort groups described earlier, where g = 6 for
the success rates, and g = 4 for the enrollment rates.’ No covariates were included at Levels 3

and 4%,

Level 3 Model (faculty):

Booki = yooor + Uook,
Boik = Yo1ol,
Pogikl = Yogol,

Biok = y1001 + U1k,

P11k = y1101,
B1igx = y1g01,
20kl = Y2001

Level 4 Model (college):

Y000l = 00000 + Voool,
Y0101 = 00100,

.y

Y090l = 00g00s

Y1001 = 01000 *+ V1001,

Y1101 = 01100,
.y

Y190l = 01900,
Y2001 = 02000-

To estimate differences in college mathematics GPAs, we ran a four-level model similar
to those described above using maximum likelihood via full maximum likelihood estimation.™
QWEC;;q indicates whether the outcome was from the Quantway 1 group (coded as 1) or the
matched comparison group (coded as -1), ENROLLEC;;q represents college mathematics

enrollment (1 for having attempted at least one course and -1 for not having attempted any

® As described later, there were a smaller number of cohort groups in the analyses of college mathematics enroliment
and GPA due to the limited availability of follow-up data.

19 For the success rate analysis, we also included in the level 2 model TERMjq, a dummy variable indicating whether
the outcome for the matched comparison students was based on one semester (coded as 1) or the entire academic
year (coded as 0). We also ran the same four-level model with individual propensity scores included in the level 1
model and those cohort group variables added to the level 2 model for the slope. The results from this model
revealed no significant coefficients of these additional covariates and closely mirrored those from the simpler model.
For ease of interpretation, we focus here on the results from the simpler model.

1 We also ran a series of random slope models. However, we observed high correlations involved in the slopes and
the intercept, which suggested that a fixed slope model should be used. Results from those random slope models
were very similar to those from the fixed slope model.
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courses), and INT;jq is an interaction term of these two variables. We applied effect coding to

these grouping variables. Effect coding was more appropriate than dummy coding in order to

directly estimate both main and interaction effects on the outcome for ease of interpretation.
Level 1 Model (measurement):

GPAiju = moja + m1jii(QWECij) + mji(ENROLLEC i) + 7sjia(INTijit) + 7ajia(PSijui),

Level 2 Model (student):

mojk = Pookt + Pori(COHL) + ...
miji = Pron + Prua(COHLg) + ...
mojk = Paoki + P21a(COHLy) + ...

wsjki = Paokt + Paa(COHLjg) + ...

Tajkt = Paoki,

Level 3 Model (faculty):

Booki = yooor + Uook,

Boi = Yozol,
Pogiki = Yogol,
Biid = y1101,
Bgik = Y1901,

21kl = Y2101,
Bagiki = Y2901,

31kl = Y3101

+ Pogkl(COHUYjia) + rojui,
+ B1ga(COHgj),
+ Baga(COHgj),

+ S3gi(COHgj),

Level 4 Model (college):

Y000l = Jo000 + Voool,

Yool = J0100,
Y090l = 00g00s
Y1101 = 01100,
Y190l = 01400s
Y2101 = 02100,
Y2901 = J2g00,

Y3101 = 03100,
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Bagiki = 301, Y3901 = 03900,
Baoki = yaool, Y4001 = J4000-

Subgroup Analysis. To examine possible differential effects of Quantway 1 by sex and
race/ethnicity subgroups on the three outcomes of interest, we ran four-level HLM models
similar to those described above. In this set of subgroup analyses, we applied effect coding to the
grouping variables in order to directly estimate both main and interaction effects on the
outcomes, as we did in the analysis on college mathematics GPAs. The reference categories
were female and White for the sex and race/ethnicity variables, respectively, each of which was
coded as -1. We excluded cases where sex had not been specified.

Sensitivity Analysis. We conducted sensitivity analyses when Quantway 1 effects were
significant. The validity of the effects was based on an assumption of a strongly ignorable
treatment assignment. In other words, all relevant covariates were included in the propensity
score analysis, so that the bias due to unmeasured covariates could be ignored. Thus, we
examined the sensitivity of the estimated Quantway 1 effects to possible confounding by
unmeasured variables (Hong & Raudenbush, 2005, 2006; Lin, Psaty, & Kronmal, 1998). Given
some unmeasured covariates (U), the Quantway 1 effect (6) can be re-estimated by adjusting for
hypothesized hidden bias ((E[U1] - E[Ug])) as 6 = 6 - y(E[U1] - E[Uq]), where y is the
unmeasured covariates’ association with the outcome and (E[U1] - E[Ug]) is their association
with treatment assignment (i.e., enrolled in Quantway 1 or one of the matched comparisons).
Adapting the approach of Hong and Raudenbush (2005, 2006), we operationally defined a proxy
for y as a coefficient derived from a four-level model designed to predict the outcome with the

same set of covariates used in the propensity score analysis and (E[U,] - E[Ug]) as the observed
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mean difference between the Quantway 1 and matched comparison groups on the corresponding
covariate. We then selected the largest positive value of the product of these two values as the
largest possible bias'? and obtained an adjusted Quantway 1 estimate (6). Accordingly, we re-
estimated the effect of Quantway 1 on the outcome and constructed a 95% confidence interval
for the adjusted estimate.

Results
Propensity Score Matching

We matched a total of 12,448 comparison students to 3,992 Quantway 1 students and ran
an HLM analysis on their outcome data with regard to developmental mathematics completion.
Table 1 compares the descriptive statistics on each covariate before and after matching to the
Quantway 1 group. Table 2 documents the balance in propensity score cohort by cohort for each
college. There were no significant differences in mean propensity scores between the Quantway
1 and matched comparison students in any of the cohorts for each college (see t values). These
results provide strong evidence that comparability of the groups was achieved on the measured
covariates.

It may be worthwhile here to mention the matched ratios we accomplished. As described
earlier in the Method section, we attempted to find up to five matches per Quantway 1 student.
The matched ratios in the far right column suggest that in general, we identified 4 to 5 matches
per Quantway 1 student. For some cohorts from Colleges 3 and 8, however, we identified fewer
matches and needed to exclude some Quantway 1 students to maintain the comparability of the
groups. It appears that both colleges have a relatively large population of students who were

placed into developmental mathematics courses and accordingly more students at varying levels

12 \We used the sum of the product values for covariates requiring a set of dummy variables (e.g., cohort group,
race/ethnicity).
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of developmental mathematics. Therefore, it may be possible that certain kinds of students (e.g.,
those who failed developmental courses multiple times) were advised to take Quantway 1 so as
to limit the number of appropriate students for matching.

Developmental Mathematics Completion

The results presented in Table 3 indicate that on average, Quantway 1 students
demonstrated significantly higher odds of success, 2.05 (95% CI [1.33, 3.18]*), in successfully
completing the developmental mathematics course than the matched comparison students. The
corresponding estimated probabilities of success were 56.50% for the Quantway 1 group and
38.74% for the matched comparison group. The estimated coefficients between the intercept and
the slope at both college and faculty levels were negative (-.70 and -.41, respectively), suggesting
that colleges and their associated faculty’s classrooms with the lower mean outcomes of the
matched comparison group produced larger Quantway 1 effects than those with the higher mean
outcomes of the matched comparison group, and hence, Quantway 1 tends to reduce inequality in
student outcomes across these different levels of settings. This tendency was stronger at the
college level.

In addition, we found variation in Quantway 1 effects among colleges and faculty
members (0.35 and 0.20 for the college and faculty variances). Figures 3 and 4 display the
variation in Quantway 1 effect size at the college and faculty levels, respectively. In both charts,
we added three lines as references. The center line represents the average effect of Quantway 1,
and the upper and lower lines represent the upper and lower bounds of the average effect (which
are deviated in two SEs from the center line). A value of 0 in logits means no Quantway 1

effects. Figure 3 demonstrates that there were positive Quantway 1 effects on student outcomes

B HLM 7 generates 95% confidence intervals of odds ratios.
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in all but College 10 (which showed no effect of Quantway 1). College 8 stands out as a positive
deviant with a Quantway 1 effect outside the upper bound of the average effect. Figure 4 shows
the variation in Quantway 1 effectiveness across the classrooms in the network. The vast
majority of Quantway 1 faculty at College 8 drastically outperformed the average Quantway 1
faculty, suggesting internal coherence at this institution. In contrast, a wide range of variation
was observed among faculty members at College 3.

College Mathematics Achievement

Based on the results of the propensity score matching, the analysis of developmental
mathematics completion was based on a total of 16,440 students (3,992 Quantway 1 students and
12,448 matched comparison students) across 10 colleges, leading to an average of approximately
three matched students for each QW participant. For the analysis of college mathematics
achievement, however, we had to reduce the analytic sample to 10,184 students (2,406
Quantway 1 students and 7,778 matched comparison students) across nine colleges due to the
limited availability of course-taking data following the enrollment of developmental mathematics
courses (Quantway 1 courses for Quantway 1 students). The ratio of Quantway 1 students to the
matched comparison students remained the same at 1:3.

The results presented in Table 4 indicate that on average, Quantway 1 students
demonstrated significantly higher odds of attempt, 2.33 (95% CI [1.49, 3.66]), at taking at least
one college mathematics course than the matched comparison students. The corresponding
estimated probabilities of enrollment were 50.35% for the Quantway 1 group and 30.31% for the
matched comparison group, suggesting that about half of the Quantway 1 students enrolled in at
least one college mathematics course in the subsequent year, and that less than a third of the

matched comparison students did so. The estimated correlations between the intercept and the
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slope at both college and faculty levels were negative (-.55 and -.81, respectively), suggesting
that as observed in the analysis of developmental mathematics completion, Quantway 1 tends to
reduce inequality in student outcomes, and that this tendency was stronger at the faculty level.

In addition, we found variation in Quantway 1 effect among colleges and faculty
members (0.30 and 0.09 for the college and faculty variances). Figures 5 and 6 display the
variation in Quantway 1 effect size at the college and faculty levels, respectively. Figure 5
demonstrates that there were positive Quantway 1 effects on student outcomes in all colleges.
College 8 stands out as a positive deviant with a Quantway 1 effect outside the upper bound of
the average effect. Figure 6 shows the variation in Quantway 1 effectiveness across the
classrooms in the network. The vast majority of Quantway 1 faculty at College 8 drastically
outperformed the average Quantway 1 faculty, suggesting internal coherence at this institution.
In contrast, a wide range of variation was observed among faculty members at College 3. These
patterns in Colleges 8 and 3 were consistent with those found in the analysis of developmental
mathematics completion.

The results presented in Table 5 indicate a significant interaction effect of Quantway 1
and college mathematics enrollment (as well as significant main effects of these two variables).
Our main focus was on this interaction effect because we were interested to see, among those
who enrolled in college mathematics courses, whether Quantway 1 students earned a college
mathematics GPA higher or lower than, or comparable to, the matched comparison students. For
ease of interpretation, we transformed the model-based results into group mean GPAs and found
that the GPAs, 2.22 for the Quantway 1 group and 2.06 for the matched comparison group, were
comparable to each other. Although significant variation among colleges was also observed

(0.01), this variation pertained to the intercept (grand mean of GPA), but not the slope (effect
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size of Quantway 1 on GPA among those who enrolled in college mathematics courses).™
Overall, the results derived from college mathematics enrollment and GPA suggested that
Quantway 1 students were more likely than comparable students who enrolled in traditional
developmental mathematics sequences to attempt a college mathematics course in the following
year and demonstrate comparable performance on college mathematics.
Subgroup Analysis

Figures 7, 8, and 9 present the model-based results transformed back into their natural
metrics of proportions of students successfully completing a developmental mathematics
sequence, enrolling in college mathematics courses in the subsequent year, and earning an
associated GPA, respectively. This metric transformation was made for ease of interpretation.
Positive effects of Quantway 1 were observed for all subgroups. More specifically, Black and
Hispanic male students exhibited the largest increase in developmental mathematics success
rates and college mathematics enrollment rates relative to the corresponding subgroups of the
matched comparison students, suggesting that they benefited most from Quantway 1. Each
subgroup of students also showed a college mathematics GPA comparable to its matched
comparison students. The results were consistent with the negative correlation estimates reported
earlier in that Quantway 1 tends to reduce inequality in student outcomes.
Sensitivity Analysis

We also conducted sensitivity analyses when we obtained significant Quantway 1
effects.”® The adjusted estimates for the Quantway 1 effect on developmental mathematics

success rates and college mathematics enrollment rates were .67 in logits (95% Cls [.26, 1.08])

' The obtained result does not necessarily mean there was no variation in Quantway 1 effect size among colleges.
Data analyzed in this study were from a relatively small number of colleges (9 colleges), and it might be possible
that we would detect significant, meaningful variation with more colleges.

1> We did not conduct this analysis for the Quantway 1 effect on college mathematics GPAs, because the GPAs of
the Quantway 1 and matched comparison groups were practically comparable to each other.
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and .81 in logits (95% Cls [.39, 1.22]), respectively. The corresponding confidence intervals did
not contain O or any negative value, thereby supporting the strong ignorability assumption. Our
sensitivity analysis concluded that it was very unlikely that our general conclusion regarding
Quantway 1’s positive effects was influenced by the omission of unmeasured confounding
factors.

Discussion

This study assessed Quantway 1’s effectiveness for community college students across
six semesters of implementation by means of a propensity score matching technique (Rosenbaum
& Rubin, 1983) within an HLM framework (Raudenbush & Bryk, 2002). This approach allowed
us to control for possible selection bias and increase the validity of causal inference. Throughout
the outcome analyses, Quantway 1 students demonstrated significantly higher odds of success in
completing developmental mathematics sequences and enrolling in college mathematics courses
in the following year than their matched comparison students, and when enrolling in college
mathematics courses, their outcomes were comparable to their counterparts. Our sensitivity
analyses also indicated that these results were not due to unmeasured differences between the
two groups. We conclude that Quantway 1 substantially improves student success in fulfilling
developmental mathematics course requirements and student opportunity for acquiring college
mathematics credit.

While typical evaluations may stop at estimating the average impact of Quantway 1, this
study also sought to understand its variation across different colleges, faculty members’
classrooms, and student subgroups. In order to achieve efficacy at scale, Quantway 1 must not
only produce a positive effect on average, but must also be effective for diverse student

populations across a range of different classroom and institutional contexts. We found that
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Quantway 1 effects were positive across all sex and race/ethnicity subgroups of students.
Because students from traditionally underserved groups including Black, Hispanic, and low-
income students are more likely to enroll in developmental mathematics courses that have
generated a disproportionate impact on them (Chen, 2016), these results are promising in that
Quantway 1 can play a critical role in increasing the overall number of traditionally underserved
students completing their mathematics requirements and hence in reducing outcome inequality
across student subgroups. As consistent with this finding, we observed negative correlations
between the Quantway 1 impacts and the mean outcomes of the matched comparison students
across different levels of contexts, suggesting that Quantway 1 can contribute to advancing
equitable outcomes (Raudenbush & Bloom, 2015).

Quantway 1 showed a positive effect in nearly all classrooms and colleges in the
network, indicating that the program can work for varied faculty in different institutional
settings. At the same time, we observed the significant variation in outcomes across faculty and
colleges delineated in Figures 3 through 6. The goal of quality improvement is to reduce the
variation between classrooms and colleges achieving positive results across diverse contexts.
College 8, for example, significantly outperforms the other colleges in the network and maintains
high performance across all the classrooms in the college, and this pattern persisted even in the
following year when students enrolled in college mathematics courses. By contrast, College 3
consistently showed a wide range of variation among faculty members. Both colleges comprise a
relatively large population of students who were placed into developmental mathematics courses.
Future research should explore whether these colleges differ in how they enact the key design
elements described above and study the various adaptations that these colleges made in response

to their local context. In particular, College 8 may make a great case from which to learn how it
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effectively and reliably adapted Quantway 1 to local conditions. We can then spread its practices
to other institutions, such as College 3, and facilitate network-wide progress through
improvement science embedded in the NIC (Bryk et al., 2015). Discovering and sharing key
practices across NIC colleges would enhance the network’s ability to replicate Quantway 1’s
positive outcomes as it spreads to more diverse settings.

The results of Quantway as well as Statway (Yamada & Bryk, 2016) suggest that as
portrayed in Figure 1, the Carnegie Math Pathways’ comprehensive and systematic approach to
tackling the typical barriers that developmental mathematics students face is key to its success.
This holistic approach is indeed concordant with recent reviews of research in this area (Bailey et
al., 2016; Hodara, 2013). Further empirical evidence may be needed to connect particular design
elements to the positive effects of the Pathways. For now, we can conclude that the Pathways’
multifaceted intervention packages are effective alternatives to the traditional developmental
mathematics sequence, and accelerates the ability of a diverse range of students to complete their
developmental mathematics requirements and achieve college mathematics credit in a variety of
contexts. In particular, the Pathways’ efficacy in advancing equity for historically underserved
groups and across diverse contexts may have a profound implication to developmental
mathematics reform. Without the Carnegie Math Pathways, many of those who successfully
earned college mathematics credit would likely have needed an additional one and a half to two
years to achieve the same outcome and might have given up their studies (Bailey et al., 2010).
This would have resulted in negative ramifications for their educational, career, and life goals
(Johnstone, 2013). The Pathways’ approach to acceleration is particularly compelling for
traditionally underserved students, who are more likely to be required to take and complete

developmental mathematics sequences (Bailey et al., 2010; Chen, 2016). There are also large
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societal implications (Carnevale et al., 2013). Many community colleges are being pressed by
local employers to produce more skilled workers. Students who leave without critical skills and
credentials exacerbate existing labor shortages. It may be possible that if we multiplied Pathways
success rates out for the 500,000 community college students who are annually placed into
traditional developmental mathematics sequences (Bailey et al., 2010; Hoang et al., 2017), we
could reduce that number by half. If we successfully improved the Pathways by reducing
variation in performance through improvement science embedded in the NIC (Bryk et al., 2015),
we might be able to save even more students’ mathematical lives.

Finally, it is worth mentioning a future direction for further exploration. We are currently
analyzing data obtained from the National Student Clearinghouse. Our particular interest is in 2-
year and 4-year degree completion rates as well as transfer rates into 4-year colleges of the
Pathways students as more distal outcomes. This analysis would further illuminate the extent and
dimensions of the Pathways’ long-term effectiveness against our goals of improving retention

and completion.
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Appendix

List of Participating Colleges
e Atlantic Cape Community College
e Borough of Manhattan Community College*
e Cuyahoga Community College*
e East Georgia State College*
e Madison College
e Marshall University
e Onondaga Community College*
e Ridgewater College*
e Rockland Community College*
e Sinclair Community College*
e South Georgia State College*
e University of North Georgia, Gainesville*
e University of Washington, Bothell
e Westchester Community College*
Note. Colleges with “*” provided data sufficient for conducting adequate propensity score

matching and outcome analyses in this study.
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Table 1.
Descriptive Statistics of Covariates in the Two-Level Propensity Model
Sample before matching Sample after matching
Non-Quantway 1 Quantway 1 Non-Quantway 1 Quantway 1
% % % %
Sex
Female* 56 62 60 61
Male 44 37 39 38
Unknown 0 1 1 1
Race/Ethnicity
Asian 3 4 3 4
Black 31 30 32 30
Hispanic 18 26 21 26
White* 36 34 36 33
Multiracial 1 1 1 1
Other 1 0 0 0
Unknown 9 5 6 5
Any course records in past two years
No* 45 38 46 41
Yes 55 62 54 59
Cohort group
Winter 2012 6 2 3 2
Spring 2012 16 11 16 11
Fall 2012 14 13 20 13
Spring 2013 16 20 14 20
Fall 2013 16 21 20 21
Spring 2014* 17 15 14 15
Fall 2014 15 19 14 19

Age missing 21 14 23 15
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M SD M SD M SD M SD
Age (in years) 2498  8.47 2409 8.18 2409 7.55 2397 811
Semesters since first developmental
math course P 092 170 1.62 2.46 1.27 212 137 225
Course load 3.69 1.20 395 114 395 1.19 393 114
Developmental math
One level below college level
Number of courses attempted 0.09 031 0.21 0.55 015 041 0.17 0.47
Success rate 0.00 0.04 0.00 0.04 0.00 0.04 0.00 0.03
Two levels below college level
Number of courses attempted 0.21 0.48 0.35 0.65 0.26 0.56 0.30 0.58
Success rate 011 031 0.19 0.38 0.13 0.33 0.17 0.36
Three or more levels below college level
Number of courses attempted 0.18 0.50 0.16 0.55 0.12 0.45 0.13 0.49
Success rate 0.10 0.29 0.08 0.27 0.07 0.25 0.07 0.25
Developmental English
Number of courses attempted 0.10 0.37 0.08 0.33 0.08 0.35 0.08 0.32
Success rate 0.06 0.24 0.05 0.21 0.05 0.21 0.05 0.21
Developmental reading
Number of courses attempted 0.07 0.28 0.11 0.38 0.09 0.32 0.11 0.37
Success rate 0.05 0.21 0.06 0.24 0.05 0.22 0.06 0.23
Developmental writing
Number of courses attempted 0.10 0.32 011 034 0.09 0.32 0.10 0.34
Success rate 0.07 0.25 0.07 0.26 0.06 0.24 0.07 0.26
College math
Number of courses attempted 0.03 0.18 0.08 0.29 0.05 0.27 0.07 0.28
Success rate 0.01 0.07 0.01 0.08 0.00 0.06 0.01 0.07
College non-math
Number of courses attempted 210 3.57 432 6.01 329 517 3.76  5.42
Success rate 033 042 042 042 035 042 040 042

39
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College STEM
Number of courses attempted 030 111 049 1.30 044 1.8 045 1.25
Success rate 0.07 0.24 0.09 0.26 0.08 0.25 0.08 0.25

Note. Terms with "*" were used as reference categories (coded as 0) when formulating dummy variables. Age was computed

in years using a date of birth and 9/1 for the fall cohorts and 3/1 for the spring cohorts (1/1 for one winter cohort group). In the

current propensity model, we centered age around age 18. Semesters since first developmental math course takes an integer,

such as 0, 1, 2, etc., where 0 means a student took a developmental math course for the first time in the same term as the

Quantway 1 term, 1 one semester before, 2 two semesters before, and so on. Course load refers to the number of courses a

student took during the Quantway 1 term. Success rate was computed by dividing the number of courses completed with a pass

in a pass/fail grading scheme, or a C or higher (C- if a +/- grading scheme is used) by the number of courses attempted.

Table 2.

Balance in Logit of the Propensity Score for non-Quantway and Quantway Students

Sample before matching Sample after matching
Non-Quantway Quantway Non-Quantway Quantway Diff  Matched

College Cohort n M SD n M SD n M SD n M SD t in SD ratio
1 2012 Spring 585 -2.78 0.48 43 -2.72 037 212 -274 032 43 -272 037 -042 -0.05 4.93
1 2012 Fall 470 -241 031 34 -220 054 149 -236 035 31 -231 042 -059 -0.06 4.81
1 2013 Fall 305 -1.88 0.19 59 -1.79 038 249 -189 0.15 54 -188 0.16 -0.12 -0.01 4.61
1 2014 Spring 273 -2.32 026 29 -201 052 112 -223 026 25 -216 0.34 -094 -0.08 4.48
2 2013 Fall 690 -2.34 096 69 -229 080 337 -231 075 69 -229 0.80 -0.16 -0.05 4.88
2 2014 Spring 270 -2.93 062 17 -3.02 027 85 -3.02 0.27 17 -3.02 0.27 -0.01 -0.01 5.00
2 2014 Fall 402 -2.86 041 47 -299 036 217 -295 026 46 -296 032 0.18 -0.06 4.72
3 2012 Spring 4138 -3.38 0.39 72 -337 027 360 -3.37 0.27 72 -3.37 0.27 -0.05 0.00 5.00
3 2012 Fall 3234 -2.86 0.40 177 -2.74 042 875 -2.76 0.38 175 -2.76 0.38 -0.07 0.00 5.00
3 2013 Spring 3745 -2.24 0.43 584 -193 0.75 1057 -2.11 053 544 -206 059 -1.66 -0.06 1.94
3 2013 Fall 2358 -2.11 051 408 -166 093 739 -189 0.64 378 -184 0.72 -1.28 -0.08 1.96
3 2014 Spring 3242 -258 054 290 -2.12 081 559 -220 0.72 287 -2.14 0.78 -1.08 -0.06 1.95
3 2014 Fall 4696 -2.46 0.36 402 -190 094 368 -2.08 0.69 368 -2.07 0.71 -0.16 -0.01 1.00
4 2012 Spring 594 -3.20 066 38 -2.78 127 175 -3.03 0.88 36 -297 0.97 -0.33 -0.09 4.86
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4 2012 Fall 570 -2.88 047 45 -240 0.83 193 -2.67 048 42 -254 065 -1.22 -0.17 4.60
4 2013 Spring 599 -220 048 42 -191 0.73 188 -209 050 41 -196 0.68 -1.18 -0.18 4.59
4 2013 Fall 681 -233 046 69 -201 089 278 -228 048 63 -220 0.66 -0.84 -0.17 441
4 2014 Spring 617 -2.78 050 49 -243 081 213 -265 057 47 -251 072 -116 -0.15 4.53
4 2014 Fall 827 -266 038 87 -248 0.72 408 -263 041 85 -256 053 -1.17 -0.13 4.80
5 2013 Fall 712 -3.88 058 6 -360 076 30 -361 068 6 -3.60 0.76 -0.02 -0.07 5.00
5 2014 Spring 648 -458 058 19 -365 093 82 -388 0.76 19 -3.65 093 -099 -0.17 4.32
6 2012 Spring 1601 -4.72 045 21 -474 035 105 -474 034 21 -474 035 -005 -0.01 5.00
6 2013 Spring 1481 -3.75 055 35 -344 087 167 -357 063 34 -352 073 -0.34 -0.10 491
6 2013 Fall 1534 -3.82 049 49 -349 0.78 232 -3.60 0.65 48 -354 0.73 -0.53 -0.08 4.83
6 2014 Spring 1436 -420 045 32 -3.76 087 140 -3.88 055 29 -3.83 058 -041 -0.03 4.83
6 2014 Fall 1954 -4.16 035 17 -344 08 71 -3.70 063 16 -355 0.74 -0.72 -0.11 4.44
7 2012 Spring 3675 -479 091 63 -449 102 305 -453 099 62 -449 103 -0.08 -0.04 4.92
7 2012 Fall 2929 -468 058 65 -447 0.67 320 -452 058 65 -447 0.67 -0.35 -0.09 4.92
7 2013 Spring 3831 -4.05 049 42 -392 052 204 -397 045 42 -392 052 -0.08 -0.07 4.86
7 2013 Fall 3566 -4.21 0.44 68 -417 0.36 338 -418 034 68 -4.17 036 -0.02 -0.02 4.97
7 2014 Spring 4097 -465 045 29 -429 080 127 -454 047 27 -441 070 -1.11 -0.23 4.70
8 2012 Winter 4693 -545 130 70 -390 155 348 -393 152 70 -390 155 -0.16 -0.03 4.97
8 2012 Spring 1955 -439 091 108 -2.32 183 275 -291 122 97 -272 136 -123 -0.14 2.84
8 2012 Fall 3420 -394 0.88 124 -2.14 1.69 443 -251 130 120 -2.29 147 -148 -0.17 3.69
8 2013 Spring 3615 -3.36 0.60 129 -193 136 119 -213 117 119 -210 120 -0.19 -0.03 1.00
8 2013 Fall 3230 -3.33 0.62 119 -1.87 146 105 -2.23 1.19 105 -2.20 120 -0.22 -0.02 1.00
8 2014 Spring 3088 -3.79 0.52 118 -249 123 165 -3.16 0.74 88 -3.04 083 -1.10 -0.08 1.88
8 2014 Fall 3796 -3.61 0.49 158 -255 1.37 253 -3.07 0.97 138 -2.89 1.09 -160 -0.12 1.83
9 2012 Spring 683 -2.86 056 41 -288 0.70 195 -297 056 40 -293 0.62 -0.37 -0.07 4.88
9 2012 Fall 776 -275 034 55 -233 100 226 -271 037 50 -258 054 -158 -0.16 4.52
9 2014 Spring 543 -259 038 30 -263 038 142 -259 033 29 -262 038 0.38 -0.04 4.90
9 2014 Fall 574 -249 029 71 -236 045 303 -243 027 68 -239 041 -091 -0.13 4.46
10 2012 Spring 520 -2.36 052 72 -241 058 343 -244 052 72 -241 058 -0.36 -0.07 4.76
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10 2012 Fall 376 -2.33 038 48 -229 041 229 -232 0.37 48 -229 041 -043 -0.04 4.77
10 2013 Fall 243 -194 015 39 -187 0.16 164 -191 0.14 39 -187 0.16 -1.33 -0.02 4.21
10 2014 Spring 291 -2.03 040 27 -213 032 134 -214 031 27 -213 032 -0.13 0.00 4.96
10 2014 Fall 324 -2112 031 27 -1.76 065 109 -205 025 22 -2.04 0.26 -0.22 -0.01 4.95
Table 3.
Model-Based Estimation of Quantway 1 Effect on Developmental Math Success Rate
Fixed effect Coefficient SE t p Odds ratio
Matched comparison group mean outcome (intercept) -0.49 0.15 -3.20 0.005 0.61
Quantway 1 effect (slope) 0.72 0.21 3.47 0.003 2.05
Random effect at level 4 (college) Variance df X p Correlation
Matched comparison group mean outcome (intercept) 0.22 9 311.84 <0.001 -0.70
Quantway 1 effect (slope) 0.35 9 97.93 <0.001
Random effect at level 3 (faculty) Variance df X p Correlation
Matched comparison group mean outcome (intercept) 0.02 70 112.41 <0.001 -0.41
Quantway 1 effect (slope) 0.20 70 182.71 <0.001

Note. For brevity, we omitted in this table the coefficient estimates for the covariates including the cohort groups and the term tracked

for the outcomes of the matched comparison students.

Table 4.

Model-Based Estimation of Quantway 1 Effect on College Math Enrollment Rate

Fixed effect Coefficient SE t p Odds ratio
Matched comparison group mean outcome (intercept) -1.11 0.17 -6.68 <0.001 0.33
Quantway 1 effect (slope) 0.85 0.21 3.99 0.001 2.33

Random effect at level 4 (college) Variance df X p Correlation
Matched comparison group mean outcome (intercept) 0.22 8 154.40 <0.001 -0.55
Quantway 1 effect (slope) 0.30 8 66.07 <0.001

Random effect at level 3 (faculty) Variance df P p Correlation
Matched comparison group mean outcome (intercept) 0.01 44 60.36 0.051 -0.81
Quantway 1 effect (slope) 0.09 44 76.14 0.002

Note. For brevity, we omitted in this table the coefficient estimates for the covariates including the cohort groups and the individual

propensity scores.
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Table 5.

Model-Based Estimation of Quantway 1 Effect on College Math GPA

Fixed effect Coefficient SE t p
Grand mean outcome (intercept) 0.57 0.04 14.50 <0.001
Quantway 1 effect (slope) 0.04 0.01 3.78 <0.001
College math enrollment (slope) 1.03 0.01 87.80 <0.001
Interaction (slope) 0.04 0.01 3.87 <0.001

Random effect at level 4 (college) Variance df P p
Grand mean outcome (intercept) 0.01 8 77.95 <0.001

Random effect at level 3 (faculty) Variance df X p
Grand mean outcome (intercept) <0.01 44 60.36 0.051

Note. For brevity, we omitted in this table the coefficient estimates for the covariates including the cohort groups and

the individual propensity scores.
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Figure 1. Six key drivers of Carnegie Math Pathways.
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Figure 2. Carnegie Math Pathways vs. Traditional math sequence.
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Figure 3. Variation among colleges in Quantway 1 effect on developmental math completion.
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Figure 4. Variation among faculty members in Quantway 1 effect on developmental math completion.
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Figure 5. Variation among colleges in Quantway 1 effect on college math enroliment rates.
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Figure 7. Model-based success rates by sex and race/ethnicity.
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