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From Innovation to Impact
How Higher Education Can Evaluate Innovation’s Impact 
and More Precisely Scale Student Support
by Mark Milliron, David Kil, Laura Malcolm, and Grace Gee

Rigorously evaluating the impact of innovative student success initiatives is key in meeting institutional 
goals for student outcomes, resource allocation, and return on investment.

INTRODUCTION

INTEGR ATED PL ANNING STR ATEGIES  are being used 
more prominently by colleges and universities to track and 
assess progress toward their students’ success and their 
own institutional goals. These strategies emphasize the 
importance of making decisions and justifying resource 
allocations through supportive data and a culture of evidence. 
To this end, institutional plans should not only state goals, 
rollout strategies, and resource needs, but also include 
commitments to assess both new and existing initiatives 
in order to measure what was actually accomplished and 
learn what could be done differently in the future, including 
potentially reallocating and reprioritizing existing resources.

Institutional plans should not only state goals, 
rollout strategies, and resource needs, but also 
include commitments to assess both new and 

existing initiatives. 

The University of Arizona and Austin Community College 
provide prime examples of how institutions are making the 
assessment of initiatives and programs critical to institution-
wide decision making. We recently worked with these 
institutions to assess the effectiveness of two campus-based 
service centers so that they could better understand the 
true impact of those services on student success and gather 
evidence to support continued investment.  

Using statistically rigorous impact analysis, institutions 
are able to facilitate a deeper assessment of key initiatives 
and investments, including policy changes, student success 
initiative pilots, outreach strategies, and interventions. 
Equipped with this information, institutional leadership can 
better understand what is working, for whom, under what 
context, and at what time. This understanding will further 
lead to an awareness of how to proactively improve student 
success in the most effective and efficient manner, and, 
additionally, it will help focus limited resources. 

Equipped with this information, institutional 
leadership can better understand what is working, 
for whom, under what context, and at what time.

We use prediction-based propensity score matching (PPSM), 
a methodology compliant with the U.S. Department of 
Education’s What Works Clearinghouse’s requirements, to 
systematically measure efficacy, ensuring that outcomes 
of students participating in the initiative being analyzed 
are compared to control students with similar propensity. 
This impact analysis illuminates the context and shows the 
covariates used by the propensity score matching model 
to find like pilot-control student pairs to compare against, 
the details of matching and model quality assurance like 
covariate distributions and calibration plots, and the 
statistical significance of measured results. The work is 
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transparent in terms of the quality of analysis—users can view 
detailed matching information such as percentage of pilot-
control matches, top covariates/features used in matching, 
and pre-post matching distributions for the pilot and control 
groups, as well as model quality assurance details like ROC 
curves, calibration plots, and bias-variance trade-offs. 

AUSTIN COMMUNITY COLLEGE ACCELER ATOR

Austin Community College (ACC) recently developed 
a high-tech learning laboratory called the ACCelerator 
headquartered at its Highland campus in Austin, Texas. 
The ACCelerator opened in Fall 2014 and is designed to 
offer technology-based instruction through adaptive online 
learning modules. There are 604 computer stations available 
to facilitate personalized learning and small group sessions. 
In addition, the ACCelerator has an extensive support 
network of faculty, counselors, advisors, tutors, librarians, 
and other staff to help students meet their educational 
needs and goals. The lab is spread over 32,000 square feet, 
with clusters of desktop computer stations surrounded by 
classrooms and study rooms.

While open to all students, many who leverage the 
ACCelerator do so to develop core skills and complete 
developmental education coursework. The ACCelerator offers 
an innovative developmental math course, Developmental 
Mathematics (MATD 0421), which provides students the 
opportunity to reach college-level math at their own pace. 
Other programs and services offered at the ACCelerator 
include tutoring in a variety of subjects, a first-year 
experience, group advising sessions, academic coaching, 
adult and continuing education programs, college readiness 
assessment and preparation, and student skills workshops.

After having the program in place for a full academic 
year, ACC was interested in understanding whether the 
ACCelerator was having the desired impact on student 
outcomes. Specifically, it was interested in knowing whether 

visits to the ACCelerator were correlated with higher 
persistence rates. The challenge with measuring correlation 
in this case is that participation in the ACCelerator programs 
is voluntary, and, as in many initiatives where students opt 
in, there can be many confounders in understanding whether 
a program is working, including selection bias. It’s expected 
that students who make use of opt-in services, like drop-in 
support services, also exhibit other factors that make them 
more likely to persist anyway, so that comparing outcomes 
of students who voluntarily use such services to those who 
do not is not an accurate evaluation of the effectiveness of 
those services. To address this challenge, ACC worked with 
Civitas Learning to develop a study model that would more 
accurately measure the true impact of the ACCelerator.

Since this was an observational study, PPSM with baseline 
equivalence was used to control for selection bias and meet 
What Works Clearinghouse guidelines with reservation. 
PPSM is used to identify a comparable control group that is 
statistically indistinguishable from the pilot or participating 
group when a randomized controlled trial is not used to 
assess an initiative or program. PPSM matches pilot students 
to control students based on their similar likelihood to 
participate in the initiative (the propensity score)—in this 
case, use the ACCelerator services—and similar likelihood to 
achieve a certain outcome (the prediction score)—in this case, 
persist. 

With the necessary student and usage data in hand, we 
analyzed the impact of visits to the ACCelerator across Fall 
2014, Spring 2015, and Summer 2015. First, using attendance 
data from the institution’s tracking system, we identified the 
list of students who visited the ACCelerator and considered 
those students the pilot or program participant group. 
Since access to the ACCelerator is open to all students, we 
considered the eligible control group (the group of students 
valid for PPSM matching) to be all other students who did 
not visit the ACCelerator during the same term. Based on 
this process, three groups were created for comparison: 
no visit (control), one visit (pilot 1), and > 1 visit (pilot 2). 

Read online at www.scup.org/phe

Planning for Higher Education Journal |  V45N4 July–September 2017 2 Mark Milliron, David Kil, Laura Malcolm, and Grace Gee

http://www.scup.org/phe


Figure 1 shows the histogram of the number of visits to the 
ACCelerator by all ACC students. Students from the no-visit 
group (control) were matched for each of the pilot groups. 

Figure 1 Number of Visits to the ACCelerator Per Term By All Students

The histogram of the number of visits has an 
exponential distribution as expected.

Next, a family of models was built to identify top predictors, 
divided into new- and returning-student covariates since 
new and returning students have different data footprints. 
The top predictors identified for these student segments were 
used to build prediction models for term-to-term persistence 
and propensity models for participation in the ACCelerator 
services. 

Finally, the persistence prediction and propensity scores from 
these models were used to match pilot students to eligible 
control students. After the matched set of pilot and control 
students was identified, the groups were validated to be 
statistically indistinguishable enough for an impact analysis 
of ACCelerator services.   

The prediction score probability density functions (PDFs) of 
the three groups before matching (figure 2) show significant 
differences between those students who visit the ACCelerator 
and those who don’t. Immediately we see that the pre-match 
control group’s PDF is shifted to the left, meaning that group 

members are projected to perform poorly in comparison to 
the other two groups before matching, most likely due to 
selection bias. (Students who choose to go to the ACCelerator 
are more likely to persist anyway as demonstrated by other 
data factors.)  

It is also interesting to note that students who visit the 
ACCelerator more than once fall more into the middle region 
of the PDF while those who visit only once have higher 
representations at the two extreme ends. This observation 
points to the importance of matching to ensure that selection 
bias doesn’t contribute to overly optimistic program impact 
estimation.

Looking at the same prediction score PDFs post-matching 
(figure 3), we see a complete overlap in the PDF lines 
between the pilot and control groups. This indicates virtually 
indistinguishable differences in predicted persistence rates 
between pilot and control groups post-matching.
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Figure 2 Persistence Prediction Score Distributions Prior to Matching

The y axis is the probability density (the 
percent of the population in the group at 
each point in the line); the x axis is the 
persistence prediction likelihood.

Figure 3 Persistence Prediction Score Distributions Post-Matching

Our baseline-matching algorithm eliminates 
selection bias and ensures that the two 
pairs of pilot-control groups are virtually 
indistinguishable.
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Pre- and post-matching comparison plots for both prediction 
and propensity scores (figure 4) show again that there are 
complete overlaps between the pilot and control groups.

Figure 4 Pre- and Post-Matching PDF Comparisons for Prediction and Propensity Scores

Once we have controlled for selection bias, looking at 
the impact on term-to-term persistence, we see that the 
ACCelerator has a positive impact on all students who visited 
it at least once, with > 4 percentage points of improvement 
across terms. Figure 5 summarizes the impact measured in 
percentage point improvement in persistence for all students, 
including those enrolled in developmental education 
programs.

The persistence impact is particularly strong for students in 
developmental education programs who visit the ACCelerator 
more frequently, with > 10 percentage points of improvement 
in their persistence. The lone negative number for Summer 
2015 students in developmental education programs with one 
visit is not statistically significant due to a very low sample 
size of 31.

Even for students not enrolled in developmental education 
programs, visiting the ACCelerator has a salient impact on 
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persistence. However, no dosage effect exists between one 
visit and multiple visits for these students. Furthermore, the 

overall impact size, while positive, is much smaller than for 
students in developmental education programs.

Figure 5 Impact Analysis Results Summary

The overall impact percentage points show clearly that the ACCelerator program helps students in developmental education programs (double-digit 
increases in persistence).
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Further, we performed drill-down impact analyses, creating 
multiple segments and matching at the drill-down segment 
level. Key findings are as follows:

 » The lower the persistence prediction scores for students 
in developmental education programs, the higher the 
impact of visiting the ACCelerator. Impact improves 
from 10.25 percentage points to 12.44 percentage points 
to 17.75 percentage points as the persistence prediction 
score ranges are lowered from 0.6–1.0 to 0.4–0.6 to 
0–0.4.

 » Part-time students in developmental education 
programs who frequent the ACCelerator improve their 
persistence by 14.07 percentage points versus full-time 
developmental education students who improve by 9.01 
percentage points.

 » There is a dosage effect in terms of visit frequency for 
students enrolled in developmental education programs. 
In this case, students who visit more than four times 
improve their persistence by 15.49 percentage points.

 » The statistically significant persistence improvement 
benefits apply to students of all experience levels, 
ranging from 11.33 percentage points to 13.87 

percentage points in a consistent manner across all 
terms completed. 

Given the results of this analysis, ACC has leaned into its 
investment in the ACCelerator. The college has expanded the 
program’s offerings and services in order to continue to grow 
student success. In addition, it has increased marketing of 
the ACCelerator and targeted the students who benefit most. 
Growth in student participation has been dramatic and will 
continue to provide data for analysis of the ACCelerator’s 
ongoing benefit.

UNIVERSITY OF ARIZONA THINK TANK

The University of Arizona (UA), located in Tucson, serves 
over 50,000 students and provides a large centralized 
student support center called THINK TANK that offers 
several academic support services including a Writing Center, 
math tutoring, and supplemental instruction. Most of these 
services are free for students, and to ensure convenience and 
encourage participation, four physical locations on campus as 
well as online services are available. The THINK TANK has 
been open for several years, and descriptive data indicate that 
the services are working (figure 6). 

Figure 6 Descriptive Statistics of Year-to-Year Retention
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Specifically, first-time full-time freshmen who used THINK 
TANK services showed 4–8 percent higher persistence 
rates than the institutional average and 7–11 percent higher 
persistence rates when compared to first-time full-time 
freshmen who did not make use of the service. UA was 
particularly interested in seeing the impact on this group 
of students since a majority of THINK TANK services are 
focused on supporting them.  

However, these descriptive statistics do not account for 
selection bias, the likely possibility that the students being 
compared against each other, in this case THINK TANK users 
and non-users, are too different to do a true apples-to-apples 
comparison. 

To account for selection bias in the measurement of impact 
on student success, UA’s Student Affairs Assessment and 
Research team had previously conducted analyses using 
propensity score matching (PSM). PSM is a statistical 
matching technique used to estimate the effect of a 
treatment, service, or other intervention by controlling for 
the covariates that may predict receiving the treatment or 
service. Prior PSM analyses had focused on the measurement 
of supplemental instruction programs in support of course 
success. In the case of the analysis of THINK TANK services, 
there was interest in applying, enhancing, and automating 
this methodology to control for selection bias.

Therefore, the next step in UA’s analysis—in partnership with 
Civitas Learning—was automating the ability to run PSM with 
the added rigor of using a prediction as part of propensity 
score matching—PPSM. The propensity and prediction scores 
used for matching are determined by several covariates, 
or representative data about the students, including 
demographic information, financial aid, socioeconomic 
status, academic performance, incoming factors including 
test scores and transfer credits, student behavior including 
online activity, and more. These covariates are collected 
and derived from multiple institutional systems such as the 

student information system (SIS), learning management 
system (LMS), management and tracking systems, and more.

In order to ensure an accurate analysis of efficacy can be 
measured for a program like the THINK TANK, it’s crucial 
that not only a breadth of data representing the student and 
his/her academic career is available for creating covariates 
and building prediction and propensity models, but that 
detailed data about the program or initiative itself is collected 
so that the analysis is done in the appropriate context. UA 
was able to quickly and rigorously measure the impact of its 
THINK TANK services since its Student Affairs Assessment 
& Research group had student services usage data readily 
available through a dedicated tutoring management system.

Using this data we analyzed the impact of three services 
within the THINK TANK—the Writing Center, math drop-in 
tutoring, and supplemental instruction—across four years 
from Spring 2011 to Fall 2015. First, we identified the list of 
students who used THINK TANK services each term and 
considered those students the pilot or program participant 
group. Since the Writing Center and math tutoring 
services were available for any student to take advantage of 
voluntarily, we considered the eligible control group, or the 
group of students valid for PPSM to match against, to be 
all students who did not use THINK TANK services during 
that same term. Since supplemental instruction was only 
offered for certain courses, the eligible control group for those 
services was defined more narrowly to be students in those 
courses who did not participate.  

After identifying the pilot and eligible control groups for 
each of the THINK TANK services, we built several models 
for the different student segments identified based on data 
availability and similarity of top predictive covariates. For 
example, new students and continuing students typically 
have vastly different data footprints and should have separate 
models for improved accuracy and robustness. The top 
predictors identified for these student segments were used 
to build prediction models for term-to-term persistence 
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and propensity models for participation in THINK TANK 
services.

Finally, the persistence prediction and propensity scores from 
these models were used to match pilot students to eligible 
control students. After the matched set of pilot and control 
students was identified, the two groups were validated to be 
statistically indistinguishable enough for impact analysis 

of THINK TANK services. The covariates used in matching 
included demographic, census, financial aid, socioeconomic, 
academic performance, course load and degree pathway, test 
score, transfer, and behavioral data. As an example, figures 7 
and 8 show the pre-matching and post-matching distributions 
of the prediction and propensity scores for the pilot and 
control groups identified for the Writing Center analysis. 

Figure 7 Pre-Matching and Post-Matching Persistence Scores for the Writing Center

Figure 8 Pre-Matching and Post-Matching Propensity Scores for the Writing Center

Note the difference in the score distributions prior to 
matching, indicating selection bias and inherent differences 
in outcomes that may contribute to overly optimistic impact 
estimation. In other words, the 7–11 percent persistence rate 

difference shown in the descriptive data between students 
who used THINK TANK services and those who did not is 
most likely an overestimate of the impact of those services.
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However, after a subset of pilot and control student matches 
was identified through PPSM, the post-matching prediction 
and propensity score distribution graphs show that the two 
student groups are nearly indistinguishable; in other words, 
an apples-to-apples comparison of their outcomes can be 
made. Comparison of the outcomes between these two 
matched groups will provide a much more accurate measure 
of the impact of the Writing Center services.

After using PPSM to analyze four years of data across the 
Writing Center, math drop-in tutoring, and supplemental 
instruction THINK TANK services, we measured a 
statistically significant (p-value  <  0.05) 2.3 percentage point 
increase in persistence for students who took advantage 
of those services versus similar students who did not, a 
stark contrast to the 8 percentage point increase indicated 
with purely descriptive data. This 2.3 percentage point 

improvement equated to an additional 587 students persisting 
and at least $3.3 million in additional term tuition as well 
as an estimated $7.5 million in additional tuition over those 
persisting students’ academic careers.

Using the student segments identified earlier, we also did a 
drill-down analysis to determine the impact of THINK TANK 
services on specific types of students to better understand 
how the services could be more effectively focused or 
promoted. For example, we discovered that when comparing 
the impact by persistence prediction quintiles, which evenly 
distribute the student population into five groups based on 
their persistence predictions from highest risk to lowest risk, 
THINK TANK services were most impactful for the highest-
risk students—up to an 8.2 percentage point statistically 
significant increase in persistence for the students with the 
lowest persistence likelihood, as shown in figure 9.

Figure 9 Persistence Rate Increases by Quintile for Students Using the Writing Center

Looking at the impact of the 
Writing Center by persistence 
prediction quintiles, the lift in 
retention increases for 
students with lower 
persistence predictions.

Additional drill-down insights were uncovered in the analysis 
process, such as:

 » There was a 2.3 percentage point statistically significant 
increase in persistence for STEM majors who used 

the Writing Center, showing the importance of these 
services even for majors outside of the liberal arts. 

 » There was a 2.7 percentage point statistically significant 
increase in persistence for first-time full-time students 
who used the Writing Center and a 1.9 percentage 
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point statistically significant increase in persistence 
for those who used the math drop-in tutoring, both 
results slightly higher than for non-first-time full-time 
students.  

Based on these insights, UA has plans to create strategic 
campaigns to reach out to students and encourage use of 
THINK TANK services based on their persistence predictions, 
particularly as part of the first-year experience. Findings 
will also be shared with academic colleges and faculty to 
advocate for the referral of students to THINK TANK services 
and the expansion of supplemental instruction, another 
THINK TANK service with demonstrated impact, to more 
courses. Finally, overall, these findings provide support for 
the continued investment in services that have proven to 
help students and improve outcomes for wider institutional 
leadership.  

CONCLUSION

Providing this type of statistically rigorous impact analysis 
to more accurately determine return on investment for these 
types of services will be critical for future institutional 
planning efforts—e.g., planning that brings together 
academic, financial, and facilities planning—and for fostering 
a culture of optimization in making decisions to help reach 
institutional goals, particularly around student outcomes. 
Whether an institution is focused on realizing big gains 
from a single initiative or looking to achieve smaller but still 
meaningful gains from several different programs or outreach 
efforts, this type of impact analysis provides the timely, 
relevant, and strong signals needed to more confidently take 
action and dramatically affect student outcomes.

Providing statistically rigorous impact analysis to 
more accurately determine return on investment 
will be critical for future institutional planning 

efforts. 
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