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This article provides evidence about predictive relationships between features of community college
interventions and their impacts on student progress. This evidence is based on analyses of student-
level data from large-scale randomized trials of 39 (mostly) community college interventions.
Specifically, the evidence consistently indicates that impacts tend to be larger as the number of
intervention components increases and with the degree to which interventions promote full-time
enrollment in fall and spring and/or summer enrollment. Less consistent evidence suggests that
impacts tend to be larger for interventions that increase advising, tutoring, and, to a lesser extent,
financial support. These results provide food for thought about the design of future community col-
lege innovations to be tested by researchers or tried by practitioners.
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RCTs

In 2002, the U.S. Department of Education
created the Institute for Educational Sciences
(IES) as part of the Education Sciences Reform
Act. Since then, IES has provided unprecedented
funding for rigorous impact evaluations of edu-
cational interventions. This major advance in
education research coincided roughly with
MDRC’s launch of the first large-scale (n =
1,500) randomized controlled trial (RCT) at a
community college (D. Bloom & Sommo, 2005).

Two decades later, MDRC has completed 31
RCTs of 41 (mostly) community college inter-
ventions in 45 U.S. institutions,' involving
67,400 students, most of whom were from
low-income families (Diamond et al., 2021). In
addition, numerous other researchers and orga-
nizations have conducted RCTs of community

college interventions. Consequently, the What
Works Clearinghouse (WWC) has now
published reviews of 48 postsecondary RCTs
that meet their evidence standards without
reservations.”

To help pave the way for learning further les-
sons from this large and growing body of
research, MDRC constructed a restricted-access
data set composed of consistently measured stu-
dent-level data from all postsecondary RCTs that
MDRC has led. This data set is known as The
Higher Education Randomized Controlled Trial
or THE-RCT (Diamond et al., 2021).

Capitalizing on student-level outcome data
from THE-RCT, plus detailed coding of key fea-
tures of the interventions represented in the THE-
RCT, we address the following questions:
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e To what extent is variation in the impacts
of interventions in THE-RCT database on
student academic progress predicted by the
number of components that an interven-
tion includes (its comprehensiveness)?

e To what extent is this impact variation
predicted by the presence and intensity of
specific intervention components?

These questions focus on unpacking the
value-added of specific intervention features, as
opposed to identifying specific promising pro-
gram models. Effect estimates for a few program
models already exist in the prior literature (e.g.,
see Miller and Weiss (2021) for City University
of New York’s [CUNY] Accelerated Study in
Associate Programs [ASAP], Weiss, Visher,
et al. (2015) for learning communities, and
Mayer et al. (2015) for performance-based schol-
arships). Instead of focusing on which program
models are most effective, this article attempts to
understand why some program models are more
effective than others based on their features/com-
ponents. This provides exploratory evidence
regarding program features that tend to be pres-
ent in more effective program models.

In what follows, we provide background for
the present analysis, introduce the features of
community college interventions that were stud-
ied, describe the methodology that was used,
report findings that were obtained, and discuss
implications and limitations of those findings.

Background

In fall 2020, community colleges served
nearly 5 million students, representing 29% of
U.S. undergraduates (Integrated Postsecondary
Education Data System [IPEDS], 2020). Despite
providing unprecedented access to postsecond-
ary education, their student degree attainment
rates are quite low. Among first-time, full-time
students seeking degrees or certificates whose
first postsecondary school is a 2-year public
institution, only 31% graduate within 3 years
(IPEDS, 2021).

Practitioners and scholars who study college
success have identified multiple systemic issues,
institutional practices, and student barriers that
create and sustain this problem (Baum et al.,
2013; Braxton, 2002; Calcagno et al., 2008).

These impediments include, among others, the
financial costs of attending school (for tuition,
fees, housing, transportation, food, etc.); compet-
ing time and resource demands of school, work,
and family; the need to navigate complex institu-
tional systems (e.g., to meet financial aid and
degree requirements); underfunded student sup-
port services; campus environments that do not
foster a sense of belonging for all students; and
insufficient preparation for college-level work,
often due to negative systemic influences on stu-
dents’ prior educational preparation (e.g., the
absence of academically rigorous high school
course offerings; T. Bailey et al., 2010, 2015;
Bettinger et al.,, 2012; Bound et al., 2007;
Denning, 2017; Horn et al., 2004; Karp, 2016;
Kolenovic et al., 2013; Perna et al., 2015).

To address the challenges created by these
barriers, many community college interventions
have been implemented. The strategies incorpo-
rated by these interventions have varied widely,
reflecting differences in the barriers they intend
to address and available resources. For example,
these interventions range in comprehensiveness
from a single component like financial support,
enhanced student advising, or a college success
course, to varying combinations of these and
other components described later. Furthermore,
the durations of these interventions range from a
single semester to multiple years.

Although many rigorous RCTs have found
these interventions to improve student academic
progress, only a few have found large improve-
ments. In addition, there are few rigorous synthe-
ses of the lessons learned from this growing body
of research. Existing syntheses have tended to
focus on a specific intervention type or student
subgroup.

Prominent examples of this narrower focus
include syntheses of impact evaluations of per-
formance-based scholarships (Mayer et al.,
2015), learning communities (Weiss, Visher,
etal., 2015), grant aid (Nguyen et al., 2019), loss
of financial aid (LaSota et al., 2021), and
enhanced advising (Karp et al., 2021), plus the
IES WWC practice guide on strategies for help-
ing postsecondary students in developmental
education (T. Bailey et al., 2016). These synthe-
ses contribute substantially to the postsecondary
“what works” knowledge base, but there are
limitations.



The first five examples focus on evidence
from multiple RCTs and quasi-experimental
designs (QEDs) of a particular intervention type
or class, with limited knowledge building across
intervention types. The sixth example considers
many intervention types but focuses only on stu-
dents referred to developmental education,
thereby excluding strong evaluations for differ-
ent target populations.

Intervention Features Studied by the Present
Analysis

The present analysis builds on the preceding
research by examining a wide range of commu-
nity college interventions for a diverse student
sample to assess how variation in intervention
features is related to variation in intervention
impacts on student academic progress. These
features include the number of components in an
intervention (its comprehensiveness) and the
presence and intensity of specific components
hypothesized to increase academic progress.

When reforming current educational practice
or designing new educational programs, commu-
nity colleges can choose among these features in
accord with their budget, personnel, and institu-
tional constraints. Thus, plausible evidence (even
if it is only suggestive) about the potential effec-
tiveness of intervention features can help inform
such decisions.

The growing body of evidence about the
effectiveness of specific community college
interventions, most of which are multicomponent
service packages, is valuable for understanding
the impacts of these packages. Thus, evidence-
based decision-making is becoming possible for
colleges or college systems considering the adop-
tion of these packages. However, evaluations of
these bundled packages rarely seek to identify
the added value of their individual components.
Thus, practitioners or researchers looking to cre-
ate their own bundle of intervention components
have limited information about the added value
of the individual components from which they
might choose, especially as part of a package.

To rectify this situation, this article uses data
from rigorous evaluations of the impacts of 39
community college interventions to begin to
identify the effectiveness of their specific com-
ponents. This research is based on a statistical
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analysis of the extent to which the presence and
intensity of seven popular intervention compo-
nents predict intervention impacts. As explained
later, these predictive analyses can only provide
suggestive evidence about the extent that inter-
vention components cause intervention impacts
to increase; they cannot confirm this causality.
Nonetheless, the present findings provide con-
siderable food for thought about how to advance
future community college research and practice.

Intervention Components That Have Been
Evaluated Previously

This section briefly reviews what has been
learned to date from rigorous evaluation studies
about the effectiveness of specific community
college intervention components.

Increased Financial Supports. To reduce finan-
cial barriers to student success, community col-
lege interventions often provide financial
supports, such as free textbooks, scholarships, or
tuition waivers. If such support helps students
afford college attendance, reduces their need to
work for pay, or reduces their need for loans, it
can reduce financial stress and competing
demands on students’ time. In addition, some
financial supports, like the provision of cash or
transit cards for attending required advising ses-
sions, can be used to incentivize desired student
actions.

Prior RCTs have produced ample evidence that
financial reforms are part of intervention packages
that positively, although often modestly, influence
students’ academic progress (e.g., see Angrist
et al., 2009, 2010, 2014, 2016; Anzelone et al.,
2020; Bettinger et al., 2012; Cohodes & Goodman,
2014; Deming & Dynarski, 2009; Goldrick-Rab
et al., 2016; Mayer et al., 2015).

Increased Advising. Insufficient or underutilized
advising services are commonly cited as obsta-
cles to student success in community college.
Student-to-adviser ratios are typically high, and
students are rarely provided with ongoing, com-
prehensive advising. A common response to this
problem is to provide enhanced advising to help
students navigate institutional systems, identify
and address academic or personal problems, and
make connections to needed resources.
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Some enhanced advising interventions assign
students to a dedicated adviser who can provide
frequent ongoing support. In these situations,
students may be required to attend a specified
number of advising sessions. In addition, as
noted earlier, financial incentives have been used
to encourage this attendance.

A fairly robust RCT literature on approaches
to enhancing academic advising has documented
positive, although often modest, impacts on stu-
dent academic outcomes (e.g., see Avery et al.,
2014; T. Bailey et al., 2016; Barr & Castleman,
2017; Bettinger & Baker, 2014; Carrell &
Sacerdote, 2013; Evans et al., 2017; Karp et al.,
2021; Oreopoulos & Petronijevic, 2016;
Scrivener & Weiss, 2009), with occasional null
findings (e.g., see C. Miller, Cohen, et al., 2020).

Increased  Tutoring. Tutoring 1is commonly
available at community colleges but is often
underutilized. To address this issue, some inter-
ventions have provided enhanced tutoring to all
students or a specific subgroup of students (e.g.,
those on academic probation) to help them pass
specific courses. For example, enhanced tutoring
is sometimes used to help students become col-
lege-ready in subjects for which they have been
referred to developmental education. Sometimes
tutors are imbedded in class; other times students
meet with tutors outside of class.

Direct evidence about the independent impact
of enhanced tutoring is limited because it is often
one of multiple components in a reform package
(e.g., see Barnett et al., 2012; Gardenhire et al.,
2016; Patel & Valenzuela, 2013; Scrivener et al.,
2018; Sommo & Ratledge, 2016; Weiss et al.,
2019).

Learning Communities. Learning communities,
a popular reform strategy for community col-
leges, place cohorts of students together in two or
more linked courses with mutually reinforcing
themes and assignments and faculty who try to
coordinate their efforts. These courses usually
last one semester and occasionally provide added
support, such as advising or tutoring.

The theory of change for learning communi-
ties predicts that they increase student engage-
ment and facilitate student connections with their
peers and instructors. This theory also predicts
that the interdisciplinary links imbedded in
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learning communities enable students to develop
higher-order thinking skills, master course mate-
rial more quickly, pass more of their classes, and
maintain more consistent future enrollment
(Smith et al., 2009; Visher et al., 2008; Weiss
etal., 2019).

Learning communities are a frequently evalu-
ated reform (Visher & Teres, 2011; Weiss et al.,
2010; Weissman et al., 2011, 2012). A synthesis
of this evidence, based on RCTs for 6,794 stu-
dents from six community colleges, indicates
that learning communities have small positive
impacts on student academic progress (Weiss,
Visher, et al., 2015). However, learning commu-
nities also have been part of broader reform
packages that produced larger student impacts
(Weiss, Mayer, et al., 2015).

Student Success Courses. Some community col-
lege interventions include a student success
course, designed to help students navigate col-
lege and build personal and academic skills.
Common course topics include information
about a student’s college, assistance in academic
and career planning, and techniques for setting
goals and improving study skills. Success courses
are taught by a range of community college staff,
including instructors who teach other courses
and academic advisers who typically do not teach
courses. Student success courses are usually pro-
vided when a student starts community college.

Several RCTs of interventions that include a
student success course have yielded mixed find-
ings, with some positive impacts (Weiss, Mayer,
et al.,, 2015) and some mixed or null findings
(Weiss et al., 2010, 2011; Weiss, Mayer, et al.,
2015; Weissman et al., 2011).

Promoting Full-Time and Summer Enroll-
ment. Enrolling full-time or during the summer
is an indicator of academic momentum that is
associated with improved student outcomes
(Attewell et al.,, 2012). Some interventions
strictly require full-time enrollment as part of a
broader package of services, while others nomi-
nally require full-time enrollment, without penal-
ties for dropping to part-time enrollment. Other
interventions financially incentivize full-time or
summer enrollment, in some instances finan-
cially rewarding earning 12 or more credits rather
than rewarding attempting 12 or more credits.



Still other interventions promote full-time or
summer enrollment (PFTSE) through messaging
campaigns, by email, text, or mail.

Such strategies have a track record of achiev-
ing this goal and improving student academic
progress (Anzelone et al., 2020; C. Miller,
Headlam, et al., 2020; C. Miller & Weiss, 2021;
Patel & Rudd, 2012; Ratledge et al., 2021; Weiss
et al., 2019; Weiss, Mayer, et al., 2015).

Instructional Reform. Although instructional
approaches vary widely across community col-
lege classrooms, heavy reliance on lectures
remains a dominant approach. However, some
recent instructional reforms to this approach
have been rigorously tested. These reforms
include, among other things, techniques for posi-
tioning students as active learners through dis-
cussion and guided learning, the wuse of
technology to tailor instruction to individual stu-
dent needs, modification of developmental math
courses to better align with students’ programs of
study, and integrating developmental reading and
writing to leverage their synergy.

Several RCTs of these and other instructional
reforms have documented varying degrees of
success at improving student outcomes (Logue
et al., 2016; T. Miller, Daugherty, et al., 2020;
Rutschow et al., 2019; Weiss et al., 2021; Weiss
& Headlam, 2019).

Intervention Comprehensiveness

Other things being equal, it seems reasonable
to expect that comprehensive interventions with
multiple components that focus on multiple bar-
riers to student progress will produce larger
impacts than more narrowly focused interven-
tions with fewer components. This expectation is
consistent with past research (e.g., Bertrand
et al., 2019; C. Miller, Headlam, et al., 2020; C.
Miller & Weiss, 2021; Roder & Elliott, 2019;
Scrivener et al., 2015).

This expectation is also consistent with the
fact that community college students face a broad
range of barriers to academic success, which dif-
ferent intervention components are designed to
address. For example, navigating the complex
bureaucracy of college can stifle some students,
and enhanced advising might help them to over-
come this barrier. Lack of resources to pay the
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full cost of college may hold back other students,
and financial support might alleviate some of this
burden. Difficulties in mastering required course
material may prevent yet another group of stu-
dents from progressing, and enhanced tutoring or
instructional reforms may help to solve this prob-
lem. Furthermore, by addressing multiple barri-
ers to student progress, multicomponent
interventions should produce positive impacts
for a broader range of students than would a sin-
gle-component intervention.

Moreover, for many students there are mul-
tiple barriers to success. Thus, interventions
with multiple complementary components that
address multiple barriers would seem, on their
face, to be more promising than interventions
with fewer components addressing fewer
barriers.

Method

The present methodology is based on prior
research about how best to use individual-level
data from multisite RCTs to estimate true cross-
site impact variation and to model hypothesized
predictors of this variation (see H. S. Bloom
et al., 2017; H. S. Bloom & Spybrook, 2017;
Raudenbush & Bloom, 2015, for discussion of
the statistical methods involved; see Weiss et al.,
2014, for a discussion of the conceptual frame-
work; and see H. S. Bloom et al., 2003; Weiss
et al., 2017, for two large-scale empirical appli-
cations of the approach).

The approach uses multilevel random-effects
models (Raudenbush & Bryk, 2002) to quantify
and predict impact variation across interventions
in THE-RCT database based on data for individ-
ual students. It is similar in some ways to “meta-
regressions” that use impact estimates from
existing studies to estimate a distribution of true
impacts (Pigott & Polanin, 2019).

The Present Sample of RCTs

Our analysis is based on data from 30 of the
31 postsecondary RCTs that MDRC had led
when work on this article began.” Hence, the
analysis reflects almost a total enumeration of
this subpopulation of large-scale RCTs.* For fur-
ther information, see Supplementary Figure A.1
in the online version of the journal for a PRISMA®
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Flow Diagram describing the number of inter-
ventions and students studied.

The 30 RCTs in the present analysis are all
high quality. Twenty-seven have been reviewed
by the U.S. Department of Education’s WWC and
all 27 met the WWC’s evidence standards with-
out reservations.® The three RCTs that have not
yet been reviewed by the WWC almost certainly
will meet those standards because their design,
analytic approach, and attrition rates are similar
to the 27 RCTs that were reviewed.

Furthermore, the present 30 RCTs comprise a
sizable portion of all U.S. large-scale community
college RCTs. For example, only 36 large-scale
(n > 350) postsecondary RCTs have been
reviewed by the WWC and met its evidence stan-
dards without reservations.” As noted earlier, 27
of the RCTs in our analyses met WWC standards
without reservations. Hence, the generalizability
of our findings to all large-scale postsecondary
RCTs that met WWC standards without reserva-
tion may be quite strong.

Finally, because the present analysis is
intended to explore predictive relationships
between key features of community college
interventions and the impacts of those interven-
tions on student academic progress, the ability of
the present RCT sample to support this type of
analysis is far more important than its ability to
generalize impact findings to a specific popula-
tion of community college interventions. Thus,
what is most important for the present RCT sam-
ple is the amount of variation in intervention fea-
tures and intervention impacts it represents, and
thus its ability to support precise estimates of
covariation between these factors. As shown
later, the present sample provides considerable
such variation.

The principal limitation of the present sample,
however, is the number of interventions tested
(33 or 38, depending on the student outcome, as
shown in Supplementary Figure A.1 in the online
version of the journal). This factor limits the
number of intervention features that can be used
together in a multipredictor model of interven-
tion impacts, which, in turn, limits the ability of
the present analysis to disentangle separate pre-
dictive relationships between intervention fea-
tures and intervention impacts.

Nonetheless, as will be demonstrated, analy-
sis of data for the present sample and the

extensive sensitivity tests of the present findings
that were conducted provide credible evidence
about predictive relationships between the inter-
vention features studied and intervention impacts.

Data Sources

Data for the present study are from three main
sources.

MDRC's THE-RCT Restricted Access File (THE-
RCT RAF). Student data were obtained from
THE-RCT RAF, a restricted-access student-level
database created by MDRC and housed at the
University of Michigan’s Inter-university Con-
sortium for Political and Social Research
(ICPSR). These data include information about
each RCT (e.g., its experimental group indica-
tors) plus student academic outcome data by
semester (for enrollment and credit accumula-
tion). Academic outcome data were originally
derived from college or system transcript records
and National Student Clearinghouse records.

Reports and Articles. All studies represented in
THE-RCT were documented by reports, journal
articles, and/or research and policy briefs. Most
of these information sources include information
about intervention components, implementation
fidelity, and so on. This information was used to
code intervention components and comprehen-
siveness. See Supplementary Appendix F in the
online version of the journal for references.

Communication With Report Authors. When
coding features of the interventions, there were
several instances where we contacted the original
study authors to clarify information.

s
QOutcome Measures

The present findings are based on student-
level data from THE-RCT for two measures of
student academic progress:

e Total credits accumulated during students’
first year after random assignment. This
measure indicates students’ progress
toward a degree, which typically requires
at least 60 college-level credits.” Thirty-
three interventions have such data (see



Supplementary Figure A.1 in the online
version of the journal).

o Student enrollment during their third
semester after random assignment. To
make academic progress, students must
continue to enroll in school over time.
Thirty-eight interventions have data for
this measure (see Supplementary Figure
A.1 in the online version of the journal).

By focusing on these two short-term student
outcomes, we minimize sample loss due to lim-
ited follow-up duration. Specifically, (a) for total
credits accumulated through Year 1, no students
or studies were lost due to limited follow-up,'
and (b) for student enrollment in Semester 3,
only one study (AtD Mentoring) and about half
the sample from another study (Performance-
based Scholarships [PBS] Variations) were lost
due to limited follow-up.

In contrast, to examine intervention impacts
on 3-year degree completion (a common time
frame for examining graduation rates for com-
munity college students), it would have only
been possible to use 15 of the 39 interventions in
THE-RCT. This much smaller sample would
vitiate our already limited ability to estimate sep-
arate conditional predictive relationships for
intervention features from multipredictor models
and would greatly reduce the statistical precision
of estimated unconditional predictive relation-
ships from single-predictor models.

Notably, among students and studies for
whom 3 years of follow-up data are available,
there is a strong correlation (» = .77) between
estimated intervention impacts on Year 1 credits
accumulated and estimated impacts on 3-year
degree completion. Hence, our short-term find-
ings for credit accumulation may provide insights
about what to expect for degree completion.

Finally, information about the presence and
intensity of intervention components (our predic-
tors) is only available consistently through stu-
dents’ first year after random assignment. Thus,
we can only measure intervention features that
can directly influence short-term impacts.

Coding Intervention Features

Members of our broader research team coded
each intervention in our database with respect to
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the presence and intensity of its core components
and its comprehensiveness.

Intervention Components. Intervention compo-
nents were coded based on a conceptual frame-
work developed by Weiss et al. (2014). This
framework focuses on the content of an interven-
tion (its services/activities), the quantity of an
intervention (e.g., its dosage), and the convey-
ance of an intervention (by whom and how it was
delivered). The framework also focuses on pro-
gram and control group service differences pro-
duced by an intervention (its “service contrast”).
Coding of the intensity of specific intervention
components was thus based primarily on infor-
mation about program and control group service-
receipt differences.

Because service contrasts for specific interven-
tion components vary substantially, we could
quantify predictive relationships between interven-
tion features and intervention impacts. For exam-
ple, during Year 1 after random assignment, the
EASE intervention provided US$76 more in finan-
cial support per program group student than was
received by the average control group student. In
contrast, the PBS NY intervention provided over
US$2,000 more per program group student. We
thus measured the “intensity” of interventions’
financial support as a linear function of its average
program and control group difference, which was
scaled from a minimum of 0 (for no support) to a
maximum of 1 (for the most support observed)."!

For intervention components with less consis-
tent reporting, we developed codes by closely
examining all interventions and creating catego-
ries that reflect their variation in intensity. For
example, we created a five-category indicator of
the average difference in the number of contacts
with an advisor experienced by program and
control group students. We then scaled these cat-
egories in equal intervals from 0 to 1 to represent
the range of values from the least to most intense
versions of intervention-induced advisor use.
Supplementary Table A.1 in the online version of
the journal describes the resulting codes for all
intervention features and Supplementary Table
A.3 in the online version of the journal lists their
coded values for each intervention.

Intervention Comprehensiveness. We also created
a measure of intervention comprehensiveness,
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which counts the number of components coded
for each intervention, ranging from 0 to 6.
Although this measure does not represent an inter-
vention component, it represents a potentially
important feature of community college interven-
tions that is hypothesized to influence their
impacts.

For further information on the process used to
code these intervention features, see Supplementary
Appendix E in the online version of the journal.

Statistical Models

The first step in our analysis for each student
outcome was to estimate the mean (f3) and stan-
dard deviation (t) across interventions of true
impacts of random assignment to treatment (i.e.,
intent to treat). This was done by estimating the
following fixed intercept, random treatment
coefficient model, which is similar to that recom-
mended by Raudenbush and Bloom (2015) and
H. S. Bloom et al. (2017).

Level 1 (Students):

K
Yij = Z(XkBZOCkkij +Bj];j +e; (1)
k=1

Level 2 (Interventions):
By =P+0, )

In this model, Y} is the outcome measure for
student i from intervention j; Block,; is a 0/1
indicator for random assignment block &, which
represents a specific community college and stu-
dent cohort; 7;; is a 0/1 indicator of program
group versus control group membership; B, is
the average impact of random assignment (intent
to treat) for intervention j ; e; 1s a normally dis-
tributed student-level error term, with a mean of
zero and a variance that can differ between pro-
gram and control group members; P is the grand-
mean intervention impact for the population
distribution of true impacts represented by our
sample of interventions; and b; is an interven-
tion-level, normally distributed term indicating
how true intervention impacts vary, with a mean
value of zero and a variance of t°. Thus, 12 is an
estimate of how much intervention impacts vary
across interventions.

We next estimated the statistical relationship
between F;, the intensity of a given feature in
intervention j, and B, the impact of intervention
j on a given student outcome. This was accom-
plished by adding F; as a predictor to Equation
2, yielding

B; =n+0F, +b}’ (3)

where 7, the intercept of Equation 3, represents
the mean intervention impact in the absence of
the intervention feature and @, the slope of
Equation 3, represents the predictive relationship
between the intensity of the feature and interven-
tion impacts. Note that together Equations 1 and
3 represent a two-level “single-feature” model.

Because the intensity of each intervention
component is measured on a scale from 0 (for
absence of the component) to 1 (for its most
intense version), its regression slope, 6, equals
the difference between mean impacts for the
component’s least and most intense versions. We
refer to this difference as the impact increment
for the component.

For intervention comprehensiveness, which
equals the number of components in an interven-
tion, § equals the change in mean impact per
additional component. However, 9 times the
maximum observed number of intervention com-
ponents (six) equals the difference between mean
impacts for our least and most comprehensive
interventions (the impact increment for interven-
tion comprehensiveness).

Note that 6 in Equation 3, which represents
the unconditional predictive relationship between
the intensity of a given intervention feature and
intervention impacts, does not control for predic-
tive relationships that might exist for other inter-
vention features whose intensities are correlated
with F across interventions. To achieve this sta-
tistical control, we estimated the conditional
relationship between the intensity of a given
intervention feature, F1, and intervention
impacts, controlling for the intensity of other cor-
related intervention features, F2, and so on. This
multifeature model is represented by Equation 1
plus Equation 4.

B, =n'+0F1,+¢F2,+--+b]. (4



The slope for each feature in the model
(0',¢,etc.) is the predicted change in impacts per
unit change in the feature, holding constant the
intensity of other features in the model. This
helps to separate predictive relationships
between intervention impacts and specific inter-
vention features, and thereby move our predic-
tive analyses closer to causal analyses.

To avoid overfitting models like Equation 4
by including too many predictors for the number
of available data points (i.e., interventions) and
to limit statistical precision loss from multicol-
linearity among intervention features, we devel-
oped a series of sensitivity tests of single-feature
results. These sensitivity tests estimated condi-
tional predictive relationships between specific
intervention features and intervention impacts,
holding constant a small number of other poten-
tial impact determinants. Specifically,

o Four-component model: We estimated a
multivariate version of Equation 4 that
included intensity measures for the four
intervention components with single-feature
evidence of an ability to predict intervention
impacts (our “promising” components).

o Two-feature models: We estimated a series
of “two-feature” versions of Equation 4,
each of which included a measure of inter-
vention comprehensiveness plus an inten-
sity measure for one of our promising
components.

o Single-feature model with student charac-
teristics: We re-estimated our single-fea-
ture models with the addition of
intervention-level average student charac-
teristics for which we have data (gender,
age, and race/ethnicity)."

o Single-feature model with setting charac-
teristics: We re-estimated our single-fea-
ture models with the addition of setting
characteristics for which we have data
(urbanicity and institution size)."

o Full study sample and full study sample
without ASAP: We estimated all models, for
our full sample of interventions and for our
full sample minus two interventions (CUNY
ASAP and ASAP Ohio) that had unusually
large impact estimates and unusually
intense intervention components, and thus
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might have had undue influence on our
findings.

We then based our conclusions about the abil-
ity of specific intervention features to predict
(and perhaps causally influence) intervention
impacts on the “preponderance of evidence”
from this full set of analyses.

Findings

As important context for our main analyses,
this section first describes the RCTs and students
in our analysis, illustrates the distribution of
impact estimates across interventions, and pres-
ents estimates of the mean and standard devia-
tion of frue impacts across interventions. The
section then presents findings from our full set of
analyses.

RCTs and Students in the Analysis

Supplementary Tables A.2 through A.5 in the
online version of the journal describe each of our
RCTs in terms of the components and duration of
the intervention they tested, the number of sites
that were involved, student sample sizes, student
demographics, and characteristics of the educa-
tional institutions involved.

This information indicates that the present
RCTs are highly diverse. For example, they range
in size from 444 students to about 9,000 students
and from between 1 and 10 community college
campuses. In addition, the interventions tested
range in scope from light touch approaches to
comprehensive programs and from one semester
to 3 years of duration.

These interventions fargeted widely varying
student populations, such as students from low-
income backgrounds, students who were new to
college, or students who were referred to reme-
dial coursework (see Supplementary Table A.4 in
the online version of the journal).

Student demographics also varied widely (see
Supplementary Tables A.5a and A.5b in the
online version of the journal). Most students
were female, although one intervention only
served men. In 11 interventions there was no
racial majority, in four interventions Black stu-
dents were the majority, in 16 interventions



TABLE 1

Prevalence of Intervention Components

Component % of interventions
Increased financial support 51
Increased advising usage 38
Promoting full-time and 33
summer enrollment
Increased tutoring usage 28
Instructional reform 26
Learning communities 23
Success courses 23
Number of interventions 39

Hispanic students were the majority, and in eight
interventions White students were the majority.
The interventions took place in urban, suburban,
and rural/town locations, and at large, medium
and small colleges, although most were at large
colleges in cities (see Supplementary Table A.5c
in the online version of the journal).

Table 1 summarizes the prevalence of each
intervention component in our analysis. Note
that financial support, the most prevalent compo-
nent, is part of 51% of the interventions studied.
Next were increased advising usage (38%) and
promotion of full-time or summer enrollment
(33%). The least prevalent components were
increased tutoring usage (28%), instructional
reforms (26%), learning communities (23%), and
success courses (23%).

Table 2 reports the percentage of interventions
with different numbers of components. Note that
59% have multiple components, which high-
lights the challenge of identifying the separate
impact contributions of specific intervention
components.

Distributions of Impact Estimates—Individual
Study Results

Before presenting our main results, it is useful
to examine the distribution of intervention impact
estimates upon which they are based. For this
purpose, Figure 1 presents a Forest Plot of esti-
mated impacts on credits accumulated through
students’ first year after random assignment."*
Interventions are listed in the order of the magni-
tude of their estimated impact, and for each
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intervention, the figure displays its abbreviated
name, its impact estimate, and the 90% confi-
dence interval of this estimate. The horizontal
axis of the figure indicates the direction and mag-
nitude of each impact estimate. Supplementary
Figure A.2 in the online version of the journal
presents related findings for impacts on third-
semester enrollment, which are highly correlated
with impacts on credits accumulated (r = .74).

Impact estimates in Figure 1 vary from a 0.47
credit loss relative to control group students, to a
4.58 credit gain. This broad range suggests that
there might be enough true impact variation for a
meaningful analysis of covariation between
intervention impacts and components.'

However, much of this variation is produced
by two interventions (CUNY ASAP and ASAP
Ohio) with especially large positive impact esti-
mates. Without them, impact estimates range
from a 0.47 credit loss to a 2.50 credit gain. It is
possible that these two interventions (which also
have two of the three largest impact estimates for
third-semester student enrollment) might unduly
influence estimates of impact variation, which, in
turn, might unduly influence estimates of covari-
ation between intervention impacts and interven-
tion components.

To assess this influence, we examine the sen-
sitivity of all findings to the presence or absence
of ASAP in our sample. Because our broadest
base of evidence is the full-study sample (which
includes ASAP), we consider its results to be our
primary findings and present them in the main
body of this article. Supplementary Tables C.1—
C.9 in the online version of the journal provide
further details for our variety of sensitivity tests
by reporting each full-sample finding and its
counterpart without ASAP.

Estimated Distributions of True Impacts Across
Interventions

Table 3 presents estimates of the mean (3)
and standard deviation (t) of true impacts across
interventions, for the full sample and without
ASAP. These findings were produced by estimat-
ing the two-level regression model represented
by Equations 1 and 2, which does not include
impact predictors.

Consider, first, the estimates of mean impacts
(B), which are positive and highly statistically



TABLE 2

Comprehensiveness of Interventions

Comprehensiveness (no. of components)

% of interventions

Zero

One

Two

Three

Four

Five

Six

Number of interventions

3
38
23
21

5

5

5
39

Note. Aid Like a Paycheck, or ALAP, is a financial aid reform that did not result in an increase in the amount of aid distributed.
It is therefore the only intervention with none of the seven intervention components that were coded.

significant for both student outcomes.'® This is
clear evidence that, on average, the broad range
of community college interventions studied had
positive impacts on students’ short-term educa-
tional progress and continued course enrollment.

Note, however, that estimated mean impacts
in Table 3 are appreciably larger with ASAP in
the sample than without it (0.89 vs. 0.64 for cred-
its accumulated and 1.5 versus 1.0 percentage
points for enrollment rates). Thus, ASAP has a
noticeable influence on estimated mean impacts.

Next, and most important for the present anal-
ysis, are estimates of #rue impact variation across
interventions (t). This cross-intervention stan-
dard deviation is estimated to be 1.02 credits for
credit accumulation and 2.0 percentage points
for student enrollment rates. Because these
results are highly statistically significant, one can
be confident that they represent true cross-inter-
vention impact variation. Moreover, these results
are larger in magnitude than their counterparts
for mean impacts, which indicates substantial
variation in the effectiveness of the present inter-
ventions. This impact variation is the basis for
estimating covariation between intervention
impacts and intervention features.

Estimated impact variation without ASAP is
appreciably smaller, however, and that for stu-
dent enrollment rates is no longer statistically
significant. Thus, without ASAP, there is less
true impact variation for estimating covariation
between intervention features and impacts.
Although it is difficult to know a priori how
much impact variation is enough to make such

analysis meaningful, findings in Table 3 are gen-
erally encouraging.

Predicting Impacts With One Intervention
Feature at a Time

This section presents findings about predic-
tive relationships between intervention impacts
and intervention features, taken one feature at a
time. These unconditional “single-feature” find-
ings are based on separate estimates of the regres-
sion slope (9) and intercept (1) in Equation 3.

To motivate this discussion, Figure 2 plots
estimated intervention impacts on credits accu-
mulated by the number of intervention compo-
nents. On the horizontal axis, the plotted points
range from zero for the intervention with none of
the intervention components studied (ALAP), to
six for the two interventions with the most com-
ponents (CUNY ASAP and CUNY Start)."” On
the vertical axis, the plotted points range from an
estimated decrease of 0.47 credits for OD Success
to an estimated increase of 4.58 credits for ASAP
Ohio (the same as in Figure 1).

Figure 2 indicates a clear upward trend in
impacts as the number of intervention compo-
nents increases. To clarify this trend, the regres-
sion line (Equation 2) that best fits the plotted
points is superimposed on the figure. The slope
of this line is the predicted rafte at which mean
intervention impacts increase, on average, per
additional intervention component. Because this
slope was based on data for all interventions in
the analysis—not just a comparison of the impact
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(n = 60,683, j]=33)
FIGURE 1. Forest plot of impact estimates and 90% confidence intervals, by intervention (credits accumulated

through Year 1).
Note. ASAP = Accelerated Study in Associate Programs; CUNY = City University of New York; ALAP = Aid Like a Pay-
check. Appendix Table F.1 lists the interventions and the abbreviations used for each.
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TABLE 3

Estimated Mean and Standard Deviation of the Distribution of True Impacts Across Interventions, by Outcome

(With and Without ASAP)

Outcome measure Estimated mean ([3) SE  pvalue Estimated SD (7 ) p-value
Full-study sample
Credits accumulated through Year 1 0.89 0.20 .0000 1.02 .0000
Enrolled in Semester 3 L5 0.6 .0084 2.0 .0165
Full-study sample without ASAP
Credits accumulated through Year 1 0.64 0.13  .0000 0.53 .0000
Enrolled in Semester 3 1.0 0.5 .0401 1.2 3271

Note. Estimated impacts for enrolled are in percentage points. P values for the estimated means of the distribution of true impacts
were calculated using a two-tailed test. P values for the estimated standard deviations of the distribution of true impacts are based
on a Q-statistic and are not two-tailed, which is standard practice in meta-analysis (Hedges & Olkin, 1985). Full-study sample
analyses of credits accumulated through Year 1 use 60,683 students from 33 interventions. Full-study sample analyses of enroll-
ment in Semester 3 use 57,817 students from 38 interventions. When ASAP is removed, the analyses of credits accumulated
use 58,286 students from 31 interventions and the analyses of enrollment use 55,420 students from 36 interventions. ASAP =

Accelerated Study in Associate Programs.

for the one intervention with zero of the compo-
nents we coded and the mean impact for the two
interventions with six components—it has maxi-
mum statistical precision.

Diamonds on the line represent predicted
mean impacts for each number of intervention
components, and the constant vertical distance
between adjacent diamonds equals the constant
regression slope. The diamond for zero compo-
nents (the regression intercept) indicates that the
predicted impact for an intervention with none of
the components studied is a loss of —0.22 credits.
At the other extreme, the predicted impact for six
components is 2.51 credits.

The bracket on the right of the figure denotes
the vertical distance between the diamond for
zero intervention components and the diamond
for six components. This is the predicted differ-
ence in mean impacts between the least and most
comprehensive interventions, which is an addi-
tional impact of 2.73 course credits. As noted
carlier, we refer to this difference as an “impact
increment.”"* Now consider our single-feature
findings.

Intervention Comprehensiveness. Table 4 pres-
ents single-feature results for intervention com-
prehensiveness based on full-sample data for
our two student outcomes. Results in the top
panel are estimated regression slopes, like that
in Figure 2, with comprehensiveness measured

on a scale from zero to six components. The
estimated slope for credits accumulated indi-
cates that intervention impacts increase, on
average, by 0.45 credits per additional compo-
nent. This estimate is highly statistically signifi-
cant for the full-study sample (p < .0000) and
remains positive and statistically significant
without ASAP."”?® The consistency of results
with and without ASAP are denoted here and
hereafter by bolding the full-sample p value.

The top panel of Table 4 also demonstrates a
positive relationship between the number of
intervention components and intervention
impacts on student enrollment rates. The full-
sample regression slope for this outcome equals
an additional 0.9% of students enrolled in
Semester 3 per additional intervention compo-
nent. This positive estimate is highly statisti-
cally significant (»p = .0069) and remains
statistically significant without ASAP (hence
its bolding).

To facilitate interpretation of these findings,
the bottom panel of Table 4 transforms regres-
sion slopes into impact increments by multiply-
ing each slope by the maximum number of
intervention components in the present sample
(six). This produced estimated impact increments
of 2.73 additional credits accumulated and 5.1
percentage points more students enrolled, which
are highly statistically significant with and with-
out ASAP.”!
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FIGURE 2. Intervention impacts on credits
accumulated versus intervention comprehensiveness
(Year 1).

Note. n = 60,683; = 33. Regression line comes from the
single-predictor model with findings presented in Table 4.
The “impact increment” is the predicted increase in credits
accumulated between interventions with the least and most
observed components (0.45 credits multiplied by 6)

One way to assess the practical implications
of these findings is to note that community col-
lege students typically must average at least 20
college-level credits per year to graduate in 3
years—a common period for assessing on-time
degree completion. Hence, the estimated impact
increment for credit accumulation is equivalent
to 14% (2.73 / 20 = 0.14) of the average annual
credits needed for on-time graduation.

A second way to assess the importance of
the preceding findings is to estimate the per-
centage of true cross-intervention impact varia-
tion that is predicted by intervention
comprehensiveness.”” Table 4 indicates that
44% of this variation is predicted for credits
accumulated and 50% is predicted for contin-
ued student enrollment.

On balance then, Table 4 indicates that the
number of components in a community college
intervention is consistently, substantially, and
positively related to its impacts on important stu-
dent outcomes. But are some components more
promising than others?

Intervention Components. Table 5 presents esti-
mates from single-feature models of the impact
increments for each intervention component in
the present analyses. To help interpret findings in
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the table, they are grouped by whether they pro-
vide consistent, mixed, or no single-feature evi-
dence of positive predictive relationships
between the intensity of an intervention compo-
nent and intervention impacts, where:

o Consistent single-feature evidence means
that all four estimates of single-feature
impact increments (with and without
ASAP and for both student outcomes) are
positive and statistically significant.

o Mixed single-feature evidence of a posi-
tive predictive relationship exists when
some, but not all four estimates of single-
feature impact increments are positive and
statistically significant.

o No single-feature evidence of a positive
predictive relationship exists when no
estimates of single-feature impact incre-
ments are positive and statistically
significant.

Now consider the findings.

Consistent single-feature evidence. Findings in
the top panel of Table 5 for PFTSE provide con-
sistent single-feature evidence of a positive rela-
tionship with intervention impacts. Full-sample
estimates of the impact increment between an
intervention which does not have this compo-
nent and one with its most intense version
(emphasizing full-time fall and spring enroll-
ment plus summer enrollment) is an additional
2.53 credits accumulated by Year 1 after stu-
dents’ random assignment (also see Supplemen-
tary Figure A.3 in the online version of the
journal) and an additional 6.3% of students
enrolled during Semester 3.

These estimates are highly statistically sig-
nificant, and thus are quite likely to reflect true
positive impact increments. They are also consis-
tent with and without ASAP. Furthermore, varia-
tion across interventions in the intensity of this
component predicts 62% of impact variation for
first-year credit accumulation and 77% for third-
semester student enrollment.

Mixed single-feature evidence. Findings in
the middle panel of Table 5 provide mixed evi-
dence of positive predictive relationships
between intervention impacts and increased



TABLE 4

Estimated Unconditional Relationships Between Intervention Comprehensiveness and Impacts From a Single-
Feature Model (Full-Study Sample)

Intervention feature and outcome Impact variance
measure Estimated slope SE  pvalue predicted (%)

Comprehensiveness (0 to 6 scale)

Credits accumulated through Year 1 0.45 0.11  .0000 44

Enrolled in Semester 3 0.9 0.3 .0069 50
Comprehensiveness (0 to 1 scale)®

Credits accumulated through Year 1 2.73 0.63 .0000 44

Enrolled in Semester 3 5.1 1.9  .0069 50

Note. P values in bold mean results are consistently positive and statistically significant using a two-tailed test with and without
accelerated study in associate programs at the .10 level. Analyses of credits accumulated through Year 1 use 60,683 students
from 33 interventions. Analyses of enrollment in Semester 3 use 57,817 students from 38 interventions.

“For this scale, the estimated impact slope equals the estimated impact increment.

TABLE 5

Estimated Unconditional Relationships Between Intervention Components and Impacts From a Single-Feature
Model (Full-Study Sample)

Estimated impact Impact variance
Intervention component and outcome measure increment SE  pvalue  predicted (%)

Panel A. Consistent Evidence of a Positive Predictive Relationship
Promoting FT and summer enrollment
Credits accumulated through Year 1 2.53 0.44 .0000 62
Enrolled in Semester 3 6.3 1.5 .0000 77
Panel B. Mixed Evidence of a Positive Predictive Relationship
Advising usage

Credits accumulated through Year 1 3.06 0.56 .0000 58

Enrolled in Semester 3 7.9 1.9 .0000 72
Tutoring usage

Credits accumulated through Year 1 2.02 0.47 .0000 45

Enrolled in Semester 3 4.0 1.6 .0119 45
Financial supports

Credits accumulated through Year 1 1.80 0.59 .0023 27

Enrolled in Semester 3 2.8 2.0 511 11

Panel C. No Evidence of a Positive Predictive Relationship
Learning communities

Credits accumulated through Year 1 1.12 0.76 .1409 4

Enrolled in Semester 3 0.9 2.3 .6871 -2
Success course

Credits accumulated through Year 1 0.64 0.71 3725 0

Enrolled in Semester 3 -0.5 2.2 .8238 =7
Instructional reform

Credits accumulated through Year 1 -0.15 0.67 .8253 —4

Enrolled in Semester 3 0.9 1.8 .6243 -1

Note. P values in bold mean results are consistently positive and statistically significant using a two-tailed test with and without
accelerated study in associate programs at the .10 level. Analyses of credits accumulated through Year 1 use 60,683 students
from 33 interventions. Analyses of enrollment in Semester 3 use 57,817 students from 38 interventions. FT = full-time.
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advising usage, tutoring usage, and financial
support.

For example, full-sample estimates of impact
increments for increased advising usage (3.06
more credits earned [see Supplementary Figure
A.4 in the online version of the journal] and 7.9%
more students enrolled) are highly statistically
significant. In addition, variation in this interven-
tion component explains 58% of true impact
variation for credits accumulated and 72% for
student enrollment rates. Furthermore, the esti-
mated impact increment for third-semester stu-
dent enrollment is positive and statistically
significant when ASAP is omitted. However, its
counterpart for first-year credits accumulated
drops precipitously without ASAP (from 3.06 to
0.98 credits) and is no longer statistically
significant.

Evidence in the table for increased tutoring
usage is mixed in a different way. Its full-sample
estimates of impact increments for both student
outcomes are moderate in size and highly statisti-
cally significant. In addition, full-sample varia-
tion in this intervention component explains
almost half of the variation in true impacts.
However, these results disappear without ASAP.

Evidence for increased student financial sup-
port is mixed in other ways. On the one hand, its
full-sample estimates of impact increments are
smaller than those for the preceding three com-
ponents, although intervention-provided finan-
cial support for students ranged from zero to
more than US$2,000. On the other hand, the esti-
mated impact increment for credits earned is
positive and statistically significant with and
without ASAP. However, it was not statistically
significant for student enrollment. Furthermore,
variation in financial support explained little
impact variation (27% for credits accumulated
and 11% for student enrollment rates).

No single-feature evidence. There is no sin-
gle-feature evidence of a positive predictive rela-
tionship between intervention impacts and the
intensity of learning communities, success
courses, or instructional reforms. None of their
estimated impact increments are statistically sig-
nificant; most of these estimates are very small in
magnitude (and some are negative); and varia-
tion in these components predicts virtually no
impact variation for either student outcome.
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Hereafter, we refer to the four intervention
components that have some single-feature evi-
dence of a positive predictive relationship with
intervention impacts (PFTSE, increased advising
usage, increased tutoring usage, and increased
financial supports) as the four “promising” com-
ponents that emerged from our analysis.

Findings From Our Sensitivity Tests

So far, we have examined predictive relation-
ships between intervention features and interven-
tion impacts, one feature at a time. This can
identify the extent to which intervention impacts
tend to increase as the number of their compo-
nents increases or as the intensity of a specific
component increases.

However, although intervention impact esti-
mates from the well-implemented RCTs in our
sample have clear causal interpretations, esti-
mates of unconditional predictive relationships
between these impacts and the number or nature
of intervention features cannot be interpreted
causally without making a strong assumption.
Specifically, one must assume that there are no
characteristics of the interventions studied, their
student populations, or their institutional settings
that causally influence intervention impacts and
are correlated with the intensity of the interven-
tion feature in a given single-feature model.

However, for example, interventions that
PFTSE also tend to emphasize increased tutoring
usage, which implies a positive correlation between
the two intervention components ( = .38).% Thus,
if increasing the intensity of each component
causes intervention impacts to increase, the omis-
sion of one of them from an impact-predictor
model will tend to overestimate the causal effect of
the other. This is because the model would attribute
part of the causal effect of the omitted component
to the included component.**

Similarly, if intervention impacts were sys-
tematically larger for one type of student than for
another, and if the percentage of students of the
first type were positively correlated with the
intensity of a given intervention feature, a single-
feature model would tend to overstate the causal
influence of the feature.”> The same problem
would occur if intervention impacts were sys-
tematically larger than average in one type of



college setting and that setting was positively
correlated with the intensity of the intervention
feature in a single-feature model.”® This illus-
trates how estimates of the causal influence of a
given factor (X1) on an outcome (Y) can be con-
founded with the causal influence of a correlated
causal factor (X2) on that outcome.

Ideally, to get closer to causal analyses we
would estimate a model with impact predictors
that include all measured intervention features,
student characteristics, and setting characteristics
that are hypothesized to influence intervention
impacts. Doing so would produce estimates of
predictive relationships between intervention
impacts and each intervention feature in the
model, controlling for (i.c., holding constant) the
intensity of all other intervention features in the
model and the student and setting characteristics
in the model. Such results represent conditional
predictive relationships. And if all correlated
causal influences on intervention impacts are
included in a model, its estimated regression
slopes and impact increments for a given inter-
vention feature would be unbiased estimates of
true causal influences.”’

However, it is not possible to know all the
intervention features, student characteristics, or
setting characteristics that causally influence
intervention impacts. Even if one did, it is
unlikely that data would be available for all of
them. Furthermore, given the 33 or 38 interven-
tion-level data points for the present analysis
(depending on the student outcome), including
more than three or four impact predictors in a
model would risk increased error and misinter-
pretation from overfitting and multicollinearity.

Thus, to learn as much as possible from the
present data by controlling for some likely causal
confounds while reducing the threat of error and
misinterpretation from model overfitting and
multicollinearity, we conducted the sensitivity
tests described earlier. Table 6 presents the results
of these tests for our four promising intervention
components, and Table 7 presents their results
for intervention comprehensiveness.”

Consider the findings in Table 6. As a point of
reference, the first column repeats single-feature
estimates of unconditional impact increments in
Table 5 (e.g., 2.53 additional credits and 6.3 per-
centage points for PFTSE, both of which are sta-
tistically significant with and without ASAP).

What Works for Community College Students

The remaining columns present corresponding
estimates of conditional impact increments from
multipredictor models that include as interven-
tion-level (i.e., Level 2) predictors other inter-
vention features, student characteristics for
which consistent data are available, or setting
characteristics for which consistent data are
available.

The second column in Table 6 reports esti-
mates of conditional impact increments from a
model with our four promising intervention com-
ponents together as impact predictors (our “four-
component” model).” Hence, the conditional
impact increment here for PFTSE holds constant
the intensity of the other three promising compo-
nents. Because those components are positively
correlated with PFTSE and with intervention
impacts (see Supplementary Table D.1 in the
online version of the journal), the estimated con-
ditional impact increments for PFTSE in Table 6
(1.42 additional credits and 4.4 additional per-
centage points) are smaller than their uncondi-
tional counterparts in Table 5. However, they are
still statistically significant with and without
ASAP?’

The third column in Table 6 reports estimates
of conditional impact increments from a model
that adds a slightly modified measure of inter-
vention comprehensiveness to the single-feature
model for each promising intervention compo-
nent.’' Hence, the estimated conditional impact
increment for PFTSE in this column Aolds con-
stant intervention comprehensiveness. Because
intervention comprehensiveness is positively
correlated with PFTSE and with intervention
impacts (see Supplementary Table D.1 in the
online version of the journal), the estimated con-
ditional impact increments for PFTSE (2.29
additional credits and 5.9 additional percentage
points) are smaller than their unconditional coun-
terparts. However, they are still statistically sig-
nificant with and without ASAP.*

The fourth column in Table 6 reports esti-
mates of conditional impact increments from a
model that adds intervention-level measures of
students’ gender, age, and race/ethnicity to the
single-feature model for each intervention com-
ponent. Hence, the estimated conditional impact
increment for PFTSE here holds constant those
student characteristics. Because the correlations
of these student characteristics with PFTSE and
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with intervention impacts are very low, estimated
conditional impact increments for PFTSE (2.29
additional credits and 7.4 additional percentage
points) are quite similar to their unconditional
counterparts in Table 5 and are statistically sig-
nificant with and without ASAP.*

The fifth and final column in Table 6 reports
estimates of conditional impact increments from
a model that adds measures of intervention set-
ting characteristics (institution size and the urba-
nicity of its location) to the single-feature model
for each intervention component. Hence, the esti-
mated conditional impact increment for PETSE
here holds constant these setting characteristics.
Because the correlations of these setting charac-
teristics with PFTSE and with intervention
impacts are very low, estimated conditional
impact increments for PFTSE (2.57 additional
credits and 5.6 additional percentage points) are
similar to their unconditional counterparts in
Table 5 and are statistically significant with and
without ASAP.**

As can be seen, the findings in Table 6—
which control statistically for a range of potential
impact influences—provide fully consistent evi-
dence of a predictive relationship between
PFTSE and intervention impacts. This consis-
tency increases the plausibility that promotion of
full-time and summer enrollment might cause
intervention impacts to increase.

Findings in Table 6 for increased advising
usage, although less consistent, provide encour-
aging evidence of a positive relationship with
intervention impacts. All full-sample estimates
of impact increments are positive and statisti-
cally significant for both student outcomes.
Without ASAP, all but one of these estimates is
statistically significant for third-semester student
enrollment, although none of these estimates is
statistically significant for first-year credits
accumulated.

Findings for increased tutoring usage, while
mixed, provide encouraging evidence about its
relationship with intervention impacts. Full-
sample estimates of impact increments are statis-
tically significant for all models for first-year
credits accumulated and for all but one model for
third-semester student enrollment. However,
none of these estimates is statistically significant
without ASAP.

18

Findings for increased financial support are
encouraging but provide less consistent evidence
about positive predictive relationships with inter-
vention impacts. Three of the five full-sample
impact-increment estimates are positive and sta-
tistically significant for first-year credit accumu-
lation, with or without ASAP. In addition, only
one full-sample impact increment estimate is
positive and statistically significant for third-
semester enrollment.

Now consider the findings in Table 7 for inter-
vention comprehensiveness. The first column
(“Single-feature model”) reports estimates of its
unconditional impact increments from Table 4.
The next four columns report estimates of condi-
tional impact increments from two-feature mod-
els that each add one promising intervention
component to intervention comprehensiveness.”
The last two columns add student characteristics
or setting characteristics.

Note that all estimated impact estimates for
first-year credits accumulated are positive and
statistically significant with and without ASAP.
This is highly consistent evidence of a predictive
(and perhaps causal) relationship with interven-
tion impacts. Findings for third-semester student
enrollment provide a mixed message, however.

Discussion

This final section of our article summarizes
and interprets our key findings, considers their
strengths and limitations, and suggests next steps
for a productive research agenda on ways to
improve community college education.

Summary of Findings

The analysis demonstrates the promise of
community college interventions, which for the
present sample of 39 interventions led by MDRC
over the past 20 years have positive average
impacts on key student outcomes, although sub-
stantial impact variation.

Our findings show that intervention impacts
tend to increase with the number of intervention
components and with the intensity of four prom-
ising components: (a) promotion of full-time
and/or summer enrollment (with the most consis-
tent evidence), (b) increased student advising
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usage, (c¢) increased student tutoring usage, and
(d) increased student financial support (with the
least consistent evidence).

Most striking among these findings is that
explicit promotion of full-time and/or summer
enrollment was consistently related to increased
positive impacts on both student outcomes stud-
ied and both intervention samples used, regard-
less of what other intervention features, student
characteristics, or setting characteristics were
controlled for. Next most striking were the
equally consistent findings for intervention com-
prehensiveness with respect to first-year credit
accumulation (but not for third-semester student
enrollment rates).

Although this exploratory evidence can sug-
gest causal hypotheses, it cannot confirm them.
Nonetheless, given the rigorous RCTs upon
which our analyses are based and the extensive
sensitivity tests of our results that were con-
ducted, the present findings provide some of the
best evidence that exists about the likely effec-
tiveness of these popular intervention compo-
nents in the context of real-world multicomponent
interventions.

Interpretation of Findings

Consider first the finding that intervention
impacts tend to increase with the number of
intervention components. For impacts on cred-
its accumulated during their first year after ran-
dom assignment, this result is fully consistent
across the wide range of sensitivity tests that
were conducted. In addition, it aligns well with
current thinking in the field, where comprehen-
sive support services are viewed to be highly
effective (e.g., see Dawson et al., 2021).
Furthermore, it has considerable intuitive appeal
because more components can address more
impediments to student success. However, for
impacts on student enrollment rates in their
third semester after random assignment, our
findings were mixed.

Now consider the finding that interventions
that PFTSE tend to have larger impacts. This
finding is consistent across a// of the sensitivity
tests conducted for both outcomes. But it raises
an important question: what about part-time stu-
dents? Around 3.2 million community college
students enroll part-time. Some of these students,

What Works for Community College Students

if offered the right package of supports and
services, can be induced to enroll full-time.

Still, strictly requiring full-time enrollment
will limit who participates in an intervention:
Many students may opt out of interventions if
they feel full-time status is not an option due to,
for example, time or financial constraints.
Fortunately, full-time enrollment can be pro-
moted through nominal requirements, financial
incentives, and informational campaigns, with-
out excluding part-time students. For example,
the PBS Ohio intervention offered students a full-
time scholarship worth more money than the
part-time scholarship. Such an approach may
still help part-timers through other components
in an intervention while also promoting full-time
enrollment. In addition, it is worth considering
promoting summer enrollment among part-time
students because a part-time student earning 9
credits each fall and spring can still graduate in 3
years if they pass a few summer courses.

Differences in the effectiveness of various
approaches to promoting full-time or summer
enrollment are an area ripe for future research. In
addition, these findings highlight the need for
interventions that better support part-time
students.

Our findings also provide promising evidence
about the effectiveness of increased advising
usage, although the evidence for this intervention
component is not fully robust to the omission of
ASAP from our sample. This is because ASAP
had among the largest impacts and the largest
advising service contrast. Strikingly, in their first
program year, students in CUNY ASAP and
ASAP Ohio, reported 32 and 19 (respectively)
more advising contacts than did their control
group counterparts.

It is also worth noting how ASAP increased
advising contacts so dramatically. During stu-
dents’ first semester, they are required to attend
advising sessions at least twice per month and
they receive a monthly transportation pass that,
in some cases, is conditioned on attending those
advising sessions. For colleges interested in
implementing advising interventions, practical
guidance is available from Karp et al. (2021).

Next, consider tutoring. In the present analy-
sis, tutoring was part of 11 interventions, and it
was offered in-class or outside of class in a learn-
ing center, success center, or lab. To increase
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tutoring participation, interventions required it,
incentivized it, or encouraged it.

Data on the amount (and content) of tutoring
received by students are limited, but students in
the CUNY ASAP program self-reported attend-
ing an average of 24 tutoring sessions during
their first program year. Hence, the tutoring ser-
vice contrast is unusually large for CUNY ASAP.

While enhanced tutoring is associated with
larger than average intervention impacts, this find-
ing is not robust to the exclusion of ASAP.
However, there is substantial positive evidence
from pre-K—12 research on tutoring’s positive
impacts (Fryer, 2016; Nickow et al., 2020). Thus,
the value of tutoring is an area ripe for further
research in community colleges. For example,
might high-dose tutoring (which based on Fryer
Jr.’s definition is far more tutoring than that for any
of the interventions in the present analysis) sub-
stantially increase pass rates in developmental or
gatekeeper math courses, which are a major barrier
for many students? Or might tutoring just not be an
effective way to boost student retention and credit
accumulation in community college education?

Finally, consider increased student financial
support. Perhaps the most surprising finding from
the present analysis is that, after controlling for
other intervention components, there is no longer
a relationship between increased financial support
and increased intervention impacts. Moreover, in
the seven-arm PBS Variations RCT, which exam-
ined varying amounts of financial support directly
(without any other components), there was no
clear evidence of a relationship between the
amount of financial support and the magnitude of
intervention impacts on enrollment.

However, this might understate the potential
value of strategic use of financial supports.

For example, numerous interventions used
financial supports synergistically with other com-
ponents (e.g., incentivizing full-time and/or sum-
mer enrollment, advising, or tutoring usage). While
the value of each increased dollar is not clear, uti-
lizing financial supports to incentivize or enable
other intervention components to thrive seems like
a good strategy, even if it makes disentangling its
unique contribution to impacts quite challenging.

Also note that even the most generous forms
of financial support in the present interventions
were just more than US$2,000 in a year. This is
much less than the amount offered by some
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effective interventions studied by others (Angrist
etal., 2020). It is possible then that more substan-
tial financial support is necessary to demonstrate
its direct value-added.

Strengths and Limitations of the
Present Findings

The present analyses rely on data from well-
implemented randomized trials of 39 commu-
nity college interventions, with a total sample
of more than 65,000 students. This unusually
large body of research, which was made avail-
able by MDRC through THE-RCT Restricted
Access File, has several major strengths and
several important limitations for research on
factors that influence the impacts of commu-
nity college interventions.

First, the database represents all community col-
lege RCTs that MDRC has led, and thus is not sub-
ject to publication bias, which results from the
tendency of disappointing results to not be pub-
lished. Second, the present findings are based on
high-quality, large-scale RCTs so that impact esti-
mates for each study are internally valid and, for the
most part, precisely estimated. Third, the present
data make it possible to construct student outcome
measures that are defined consistently across studies
and reported in their original units. Hence, there is
no need to rely on standardized effect sizes defined
by past studies and typically tethered to their idio-
syncratic outcome variances. This greatly reduces
interpretation challenges for cross-study analyses.

Despite these major strengths, the present
analysis has important limitations. First, it relies
on multilevel models estimated from at most 38
impact estimates (intervention-level data points).
This limits the number of degrees of freedom
available for simultaneously estimating predic-
tive relationships between intervention impacts
and multiple intervention features.

Second, due to the limited number of studies
with longer student follow-up, the present analy-
ses focus only on short-term student outcomes.
Although this ensured the largest possible con-
sistent sample of students, it did not provide find-
ings for other important outcomes such as degree
completion, which are of great interest to stu-
dents, practitioners, and policymakers.

This situation reflects a pervasive challenge
for cross-study analyses of community college



interventions—the fact that only selected studies
conduct long-term follow-up. And for the present
sample, evaluations of interventions with more
promising short-term impacts were much more
likely to also conduct longer follow-up (see D.
Bailey & Weiss, 2022).

Third, although impact estimates for each
intervention in the present analyses can be inter-
preted causally, our cross-intervention analysis of
covariation between intervention impacts and fea-
tures is only exploratory. Thus, although our
extensive sensitivities tests control for several
alternative factors that might influence the impacts
of these interventions, we cannot really know con-
trolling for those factors was enough to make our
estimated predictive relationships between inter-
vention features and intervention impacts reason-
able approximations of causal relationships.

Concluding Remarks

The present analysis offers exploratory insights
into ways to improve academic outcomes of com-
munity college students based on individual-level
data from a wide range of rigorous impact evalua-
tions of community college interventions. This was
made possible by the standardized student-level
data from THE-RCT restricted-access data set.”®
As RCTs become an increasingly common evalua-
tion approach for community college research, we
strongly encourage researchers who conduct those
trials to create the commonly defined outcome
variables that are available in THE-RCT (credits
accumulated, enrollment, grade point average
[GPA], and degree completion), for commonly
defined time periods (semesterly), and make these
data securely available to other researchers, either
in THE-RCT or elsewhere. Doing so could greatly
increase the knowledge payoff from the original
trials and thereby improve future life chances of
community college students.
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Notes

1. The actual number of institutions is larger
because one study examined a portable college
scholarship.

2. In some cases, more than one intervention was
part of a single review (e.g., in multiarm trials). The
48 postsecondary randomized controlled trials (RCTs)
were found through https:/ies.ed.gov/ncee/wwe/
StudyFindings (accessed August 5, 2021) under topic
area “Postsecondary,” excluding “secondary math-
ematics” and “college transition” programs, where the
study sample was postsecondary. An updated search
(September 24, 2022) brings this number closer to 100
postsecondary RCTs.

3. The excluded RCT was a three-arm trial
examining two interventions. It did not study the
outcomes examined in the present analysis. Several
of the RCTs were multiarm trials of more than one
intervention; hence, the 39 interventions in the pres-
ent analysis derived from 30 RCTs. All but one RCT
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randomized students and the exception randomized
classrooms. All but one RCT randomized students
within more than one randomization block, which
were typically student cohorts and specific colleges.
The exception randomized all students in one large
block.

4. Although not directly relevant for the present
analysis, it is notable that findings for this sample of
studies are not subject to traditional “publication bias,”
which can cause a synthesis of prior impact studies to
upwardly bias mean impact estimates due to underre-
porting of null or negative findings (e.g., Rosenthal,
1979; Scargle, 2000).

5. PRISMA stands for Preferred Reporting Items
for Systematic Reviews and Meta-analyses.

6. See https://ies.ed.gov/ncee/wwc/Study/81588,
https://ies.ed.gov/ncee/wwce/Study/89441, https://ies
.ed.gov/ncee/wwc/Study/82734, https://ies.ed.gov/ncee/
wwc/Study/81403, https://ies.ed.gov/ncee/wwce/Study/
86380, https://ies.ed.gov/ncee/wwc/Study/89253,
https://ies.ed.gov/ncee/wwc/Study/88731, https://ies
.ed.gov/ncee/wwc/Study/90173, https://ies.ed.gov/
ncee/wwce/Study/89371, https://ies.ed.gov/ncee/wwc/
Study/79332, https://ies.ed.gov/ncee/wwc/Study/
79330, https://ies.ed.gov/ncee/wwc/Study/79331,
https://ies.ed.gov/ncee/wwc/Study/81585,  https:/
ies.ed.gov/ncee/wwc/Study/81597, https://ies.ed.gov/
ncee/wwc/study/82378, https://ies.ed.gov/ncee/wwc/
study/73213, https://ies.ed.gov/ncee/wwc/study/82716,
https://ies.ed.gov/ncee/wwc/study/82727, https://ies
.ed.gov/ncee/wwc/Study/82733, https://ies.ed.gov/
ncee/wwce/Study/82729, https://ies.ed.gov/ncee/wwc/
Study/79347, https://ies.ed.gov/ncee/wwc/Study/
83896, https://ies.ed.gov/ncee/wwe/Study/88783.

7. This excludes secondary mathematics and col-
lege transition interventions. RCTs were found through
https://ies.ed.gov/ncee/wwc/StudyFindings (accessed
August 5, 2021) under topic area “Postsecondary,”
where the study sample was postsecondary. For rea-
sons not understood by the authors, some studies
that MDRC has led, which have met What Works
Clearinghouse (WWC) standards without reservations
according to a single study review, did not appear in
the WWC findings database at that time. Thus, it is
not accurate to say that MDRC’s 27 RCTs that meet
WWC standards without reservations represent 27 of
the 36 large-scale postsecondary RCTs that have been
reviewed and met WWC standards.

8. See Supplementary Appendix B in the online
version of the journal for special issues and decisions
about the data and outcomes for these analyses.

9. Most community colleges in The Higher
Education Randomized Controlled Trial (THE-RCT)
offered a longer “main” session in the fall and spring
and a shorter “intersession” in the winter and summer.
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For analysis purposes, we group the fall and winter
sessions into one semester and the spring and sum-
mer sessions into another semester so that each year
of post-random assignment follow-up is composed of
two semesters. To maximize length of follow-up, if the
final session of data available for a student is a fall or
spring session, we treat that as data for a full semester.
For example, if data are available for a student for two
semesters except a final winter or summer interses-
sion, we treat this as a 1-year outcome.

10. One study, which was a multiarm trial evalu-
ating six interventions, did not collect data on credit
accumulation from all colleges in the study. Thus,
analyses of credit accumulation include 33 out of 39
interventions.

11. Dollar amounts were adjusted for inflation and
regional price differences. First, we used regional price
parity data from the Bureau of Economic Analysis to
adjust to a national average price for the year that we
standardized prices. Second, we used inflation data
from the Federal Reserve of St. Louis to adjust the
national average price from the year used in each study
to a 2021 national average price.

12. The specific measures were percent female,
age 25 or older, Black, White, Hispanic and Asian or
Pacific Islander.

13. Two measures of institution size (<5,000 stu-
dents and 5,000 to <<9,999 students) and two measures
of the urbanicity of the institution’s location (suburban
and rural/town) were used as predictors.

14. Impact estimates for the interventions in Figure
1 were obtained from student-level data by estimating
an ordinary least-squares regression whose dependent
variable was the student outcome measure and whose
independent variables were: (a) 0/1 indicators of stu-
dents’ random assignment block (typically defined by
their cohort and/or college campus), and (b) interac-
tions between a 0/1 indicator of students’ treatment or
control status and 0/1 identifiers of the intervention
tested by the RCT that they were part of. The regres-
sion coefficients for these interaction terms are the
estimated effects of the intervention tested.

15. H. S. Bloom et al. (2017) explain why variation
in impact estimates is larger (typically much larger)
than corresponding variation in #rue impacts. Hence,
it is not easy to assess the amount of variation in true
intervention impacts from the findings in Figure 1
alone.

16. Statistical significance levels (p values) are
reported for two-tailed hypothesis tests.

17. It was not possible to identify every conceiv-
able component of the present interventions. However,
given the detailed information about intervention com-
ponents that is available, and the firsthand knowledge
of one of the present authors about the interventions
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studied, the core components of most interventions
studied were probably identified and coded.

18. We believe that findings for these discrete
impact increments are more easily interpreted than
are findings for the regression slopes (rates of impact
change) upon which they are based.

19. We define statistically significant parameter
estimates to be those with a p value of .10 or less.

20. Supplementary Table C.1 in the online version
of the journal presents these results with and without
Accelerated Study in Associate Programs (ASAP).

21. Statistical significance levels for estimated
impact increments are the same as those for the esti-
mated slopes upon which they are based because the
standard error of an impact increment for intervention
comprehensiveness equals 6 times the standard error
of'its estimated slope.

22. This percentage was computed by comparing
estimates of unconditional impact variances ( 1) in
Table 3 (without an impact predictor) with correspond-
ing estimates of conditional impact variances for each
intervention feature as a single impact predictor.

23. See Supplementary Table D.1 in the online ver-
sion of the journal for correlations among intervention
features and with intervention impacts.

24. More highly correlated intervention compo-
nents attribute more of the causal effect on impacts
of the omitted component to the included component.
Thus, with two perfectly correlated intervention com-
ponents, the full causal effect on impacts of the omit-
ted component would be attributed to the included
component.

25. See Supplementary Table D.2 in the online ver-
sion of the journal for correlations between student
characteristics and intervention features and impacts.

26. See Supplementary Table D.3 in the online
version of the journal for correlations between setting
characteristics and intervention features and impacts.

27. This also assumes that the functional form of
the model is correct.

28. To simplify Tables 6 and 7, p-values for esti-
mates are replaced by stars to indicate statistical sig-
nificance levels. Detailed findings can be found in
Supplementary Appendix C in the online version of
the journal.

29. This four-predictor version of Equation 4 pre-
dicts 84% of the impact variation for first-year credit
accumulation and 100% for third-semester student
enrollment.

30. This resultis expected because correlations between
promoting full-time or summer enrollment (PFTSE) and
the other promising components are positive, as are their
correlations with impacts (see Supplementary Table D.1
in the online version of the journal).
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31. For a given component, A, modified compre-
hensiveness equals the number of other components
in each intervention. Thus, for interventions with four
components in total, modified comprehensiveness
equals four for interventions without Component A
and three for interventions with Component A. This
slight modification makes it possible to interpret the
conditional impact increment for a given component
as the additional impact predicted for adding the
most intense version of that component to a given
intervention.

32. This result is expected because the correlation
between PFTSE and intervention comprehensiveness
is positive, as are their correlations with impacts (see
Supplementary Table D.1 in the online version of the
journal).

33. This is because correlations between student
characteristics and PFTSE (plus all other intervention
features) are quite low (see Supplementary Table D.2
in the online version of the journal).

34. This is because correlations between setting
characteristics and PFTSE (plus all other intervention
features) are quite low (see Supplementary Table D.3
in the online version of the journal).

35. Intervention comprehensiveness was never
included in a model with our four promising interven-
tion components because: (a) it is not an intervention
component, and (b) together, the four promising inter-
vention components predict almost all impact varia-
tion for our intervention sample (84% for first-year
credits accumulated and 100% for third-semester stu-
dent enrollment rates).

36. To access THE-RCT’s free and public docu-
mentation and learn more about gaining access to the
restricted data, wvisit: https://www.icpsr.umich.edu/
web/ICPSR/studies/37932. Those interested in includ-
ing data from their postsecondary RCT into THE-RCT
can reach out to Diamond et al. (2021).
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