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The impact of undergraduate research high impact practice on community 

college student outcomes 1 

 

Abstract 

We investigate whether student participation in the undergraduate research high impact practice impacts 

1) academic performance; 2) probability of graduation, university transfer, and student departure; and 3) 

time to completion, transfer, and departure. Using enrollment, graduation, and course-taking data on 

community college students from the Tennessee Board of Regents and National Student Clearinghouse, 

we track the 2017 freshmen cohort over nine calendar semesters and examine their exposure to 

undergraduate research experiences and their key educational outcomes. We generate propensity scores 

with a machine learning algorithm and use a doubly robust inverse probability weighting estimator to 

mitigate the selection bias and compare outcomes of similar students among undergraduate research 

participants and nonparticipants. Overall, we find that undergraduate research participants demonstrate 

better academic performance, are more likely to graduate and transfer, are less likely to depart, and 

progress to transfer and departure slower than similar nonparticipants. The effects grow in size with an 

increase in frequency of undergraduate research experiences. 

 

  

 
1 The primary research team included Alexander Gorbunov, Amy Moreland, Chris Tingle, and Russ Deaton. 

   The authors appreciate contribution and advice from Heidi Leming and Melynda Conner. 
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Introduction 

This investigation is continuing a series of studies of student engagement and high impact practices (HIP) 

in the Tennessee Board of Regent (TBR) community colleges.2 Undergraduate research is one of twelve 

high impact practices that TBR has incrementally developed and expanded since 2015. 

Following the general framework developed for the study of service learning HIP (TBR, 2021), we 

examine the impact of participation in undergraduate research experiences (URE) on key college 

outcomes. Specifically, we investigate whether undergraduate research—as implemented at TBR 

community colleges—affects students’ academic performance; the likelihood of completion, university 

transfer, and student departure; and progression to graduation, transfer, and departure. Participation in 

undergraduate research experiences and student outcomes are observed for a cohort of first-time 

freshmen, drawing on the data from the TBR data warehouse, the National Student Clearinghouse, and 

Tennessee Higher Education Commission.3 We examine both the general effect of undergraduate research 

participation and the impact of frequency of undergraduate research experiences. Although the TBR 

taxonomy differentiates between undergraduate research levels, we combine them in the overall 

undergraduate research experience to ensure large sample sizes in all models. 

Descriptive analyses and statistical tests show that undergraduate research participants differ from 

nonparticipants on a host of important characteristics, creating a selection bias issue for the study. We 

mitigate the selection bias with an advanced approach, which we previously found to be superior to 

alternative methodologies in the study on the effect of service learning HIP on college outcomes. We find 

that participation in the undergraduate research HIP is significantly related to most outcomes of interest: 

final cumulative GPA, the probability of graduation, transfer, and departure; and time to transfer and 

departure. The effects differ by frequency of undergraduate research participation. We do not find any 

evidence that undergraduate research experiences affect time to graduation. 

 
2 The working papers and presentations on student engagement and high impact practices are available at 

https://www.tbr.edu/policy-strategy/presentations-and-papers 
3 The authors express their gratitude to THEC/TSAC leadership for providing the Pell Grant eligibility and 

Tennessee Promise participation data. 

https://www.tbr.edu/policy-strategy/presentations-and-papers


5 

 

Literature review 

This section briefly reviews a large body of extant scholarship on undergraduate research as an engaged 

learning experience or, as it is currently defined, a high impact practice. We start with key definitions, 

proceed to the literature on the university sector, and then take a closer look at undergraduate research 

implementation and studies of its effect on student outcomes in community colleges.4 

Definitions 

Undergraduate research experiences (URE) has been the focus of multiple studies. Although the 

exact interpretation of undergraduate research may differ depending on the institutional sector, time 

period, the discipline, professional organization, and the author, URE are generally defined as experiences 

that “use the scientific method and/or the engineering design process to promote student learning by 

investigating a problem where the solution is unknown to students or faculty” (Patton & Hause, 2020, 

p.3). The Association of American Colleges and Universities recognizes undergraduate research as a 

“high impact practice” (Kuh, 2008). High impact practices are defined as a set of evidence-based teaching 

and learning practices that engage students in deep learning over an extended period of time, are effective 

for student development and engagement, and are deemed (have been tested) to have a positive impact on 

student success in college (Kilgo et al, 2015; Kuh, 2008). The Tennessee Board of Regents (TBR), which 

recognizes and implements Undergraduate Research and Creative Activities as one of its high impact 

practices, applies the following Minimum Definition of Practice: “Undergraduate research is an inquiry or 

investigation conducted by an undergraduate student in collaboration with a faculty member that makes a 

unique intellectual, scholarly, or creative contribution to the discipline, and for which the student receives 

academic credit either through a course or independent study. The student's contribution may be part of a 

new or ongoing faculty research project (adapted from CUR)” (TBR, n.d.).5  

 
4 For a more comprehensive discussion of the origin and impact of high impact practices, please see the first TBR 

report on the topic (The effect of service learning participation on college outcomes: An empirical investigation), 

which is available here: https://www.tbr.edu/policy-strategy/presentations-and-papers 
5 TBR has developed detailed taxonomies of its high impact practices and introduced a system goal of having all 

students experience two HIPs before they complete a degree at a community college. As part of the HIP quality 

assurance, TBR has developed a “minimum definition of practice” for each HIP that it implements. 

https://www.tbr.edu/policy-strategy/presentations-and-papers
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Undergraduate research in universities 

The notion of research-based learning originated in the university sector; and undergraduate 

research, together with internships, has existed longer than any other engaged learning experience (Finley 

& McNair, 2013). As a pedagogy, undergraduate research came into lightlime when the Boyer 

Commission report (1998) came out. The renewed interest was partially driven by lack of growth in 

science education, stagnation in the number of STEM majors and degrees in science and engineering, 

recurring concerns about STEM workforce shortages, slipping US student rankings in science and 

mathematics and unfavorable international comparisons of shares of STEM graduates. As a result, the 

original conversations and various commission reports were focused around the STEM disciplines and 

science education in universities with the goal of STEM workforce development (Butz, 2004; Snyder et 

al., 2012; Lopatto, 2009; Olson, 2014). Consequently, in universities, undergraduate research was mostly 

implemented in science disciplines (Kuh, 2008). 

Responding to the need to know the effect of undergraduate research on student outcomes, the 

number of studies of this pedagogical approach mushroomed. In one line of research, analysts conducted 

numerous case studies at individual institutions or a small number of campuses, often using ethnographic 

approaches or surveys, or mixed research methods to assess the effect of URE (Jonides et al., 1992; 

Ishiyama, 2001; Bauer & Bennett, 2003; Seymour et al. 2004). In the second line of research, large-scale 

surveys were developed and administered across multiple campuses, including Summer Undergraduate 

Research Experience (SURE, SURE II, SURE AY) and Classroom Undergraduate Research Experiences 

(CURE)6 and others; some surveys were complemented by qualitative research (Lopatto, 2004, 2006, 

2009; Seymour et al., 2004). Thanks to this body of scholarship, different effects of inquiry-based 

research on student outcomes have been studied in various contexts (Pascarella & Terenzini, 2005). 

The watershed event happened in the second half of 2000’s when two mutually reinforcing trends 

coalesced. Multiple studies examining the effect of undergraduate research participation on student 

 
6 The acronym CURE is also used in the field to denote course-based undergraduate research experience, which are 

discussed later in the literature review. 
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outcomes provided ample evidence for designating this experience as a high impact practice (Lopatto, 

2009; Hewlett, 2021). In turn, official recognition of undergraduate research as a high impact practice by 

the Association of American Colleges and Universities (Kuh, 2008) created a new impetus for 

development of undergraduate research pedagogy and URE practices and proliferation of research on its 

implementation, student participation, and impacts on various student outcomes. 

In the university sector, the following general outcomes were found to be related to URE: improved 

participation and persistence, better graduation outcomes, higher levels of student learning, gains in 

research skills, increased professional benefits, positive personal development changes, and an increased 

interest in, and higher likelihood of, enrolling in a graduate school (Nagda et al., 1998; Hathaway et al., 

2002; Zydney et al., 2002; Bauer & Bennett, 2003; Seymour et al., 2004; Barlow & Villarejo, 2004; 

Lopatto, 2006, 2009; Kilgo et al., 2015; Verity et al., 2002; Brownell & Swaner, 2010; Eagan et al., 

2013). A separate line of research examined early exposure to undergraduate research opportunities and 

found it to be beneficial to students (Stanford et al., 2017; Schuster, 2018; Wolkow et al., 2014; 

Rodenbusch et al., 2016; Nerio et al., 2019). Much attention has been paid to undergraduate research in 

sciences or specific STEM fields, with a focus on students and faculty (Nolan et al., 2020; Seymore et al., 

2004; Lopatto, 2004; Jones et al., 2010; Zydney et al., 2002; Laursen et al., 2010). Positive effects of 

undergraduate research participation were documented for STEM students, especially for female, URM, 

and first-generation students (Balke et al., 2021). Participation in URE was found to be related to earning 

a STEM degree and graduation within six years for the STEM students (Rodenbusch et al., 2016). 

A large body of scholarship focuses on the effects of undergraduate research participation for 

students from historically underrepresented groups, including minority, first-generation, and low income 

students (Jonides et al., 1992; Lopatto, 2004; Rodríguez et al., 2018; Summers & Hrabowski 2006; 

O'Donnell et al., 2015; Nagda et al., 1998; Ishiyama, 2001; Verity et al., 2002; Barlow & Villarejo, 2004; 

Thiry & Laursen, 2011; Eagan et al., 2013). Evaluating an undergraduate research program at the 

University of Michigan, Jonides et al., (1992) reported positive motivational and behavioral changes for 

underrepresented minority students. Nagda et al. (1998) found that undergraduate research participation 
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increases retention of minority students. Barlow and Villarejo (2004) reported increased persistence and 

graduation and a higher probability of enrolling in a graduate program for URE minority participants. In 

the online survey of 41 institutions, however, Lopatto (2004) did not find statistically significant 

differences between ethnic groups on reported gains and benefits and plans for graduate schools. 

However, despite a large body of scholarship on the topic, there are certain caveats about 

generalizability of their findings and conclusions. As mentioned above, many of these investigations are 

case studies at individual institutions (liberal arts colleges or research universities with strong 

undergraduate research programs), which are often based on surveys of students and alumni, recruitment 

of participants, interviews, focus groups, and ethnographic observations (Zydney et al., 2002; Rodríguez 

et al., 2018; Bauer & Bennett, 2003; Thiry & Laursen, 2011; Nagda et al., 1998; Seymour, 2004; Lopatto, 

2006; Hunter et al., 2007; Russell, 2005). The findings from this line of research may be limited to 

particular campuses, programs, and groups. Jonides et al. (1992) and Wolkow et al. (2014) used 

experimental setups to address their respective research questions; however, by design, their findings 

were limited to particular institutions. The above limitations present problems for generalizing the study 

findings to other student groups and other institutional and programmatic settings. 

After reviewing sixty studies on URE, Linn et al. (2015) conclude that existing evidence for claims 

of positive effect is weak partly because much of the past research relies on self-reported gains in skills 

and learning collected via surveys and interviews. Eagan et al. (2013) concur: “many of these studies have 

serious shortcomings, which range from limited generalizability due to data collected from single-

institution samples to over-estimation of the effect of undergraduate research programs by relying on 

simple descriptive statistics that fail to account for potential endogeneity in the data” (p.2). Hewlett 

(2016) echoes these concerns: “Despite the numerous studies touting the impact of the undergraduate 

research experience on students, there is currently a considerable debate within the educational 

community regarding the quality of the evidence and the ability of educational researchers to make 

legitimate causal claims about the impact of the UR experience on students” (p. 148).  
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A few quantitative or mixed-methods studies directly addressed the issue of selection bias. The 

issue stems from the systematic difference between students participating in URE and nonparticipants and 

introduces bias in the estimates. Using two national surveys, Eagan et al. (2013) employed propensity 

score matching in the propensity model and multinomial hierarchical generalized linear modeling in the 

output models to examine the relationship between URE participation and students’ intentions to enroll in 

STEM graduate programs or non-STEM graduate programs relative to students with no plans for a 

graduate school. The researchers found that undergraduate research participation increases the probability 

of indicating plans to attend STEM-based graduate programs. Examining course-based undergraduate 

research experiences (CURE), Rodenbusch et al. (2016) also used propensity score matching to examine 

the impacts of early involvement of undergraduate students in research. They found that participants in a 

special CURE program at the University of Texas at Austin were more likely than nonparticipants to earn 

a STEM degree and graduate within 6 years; however, there was no evidence that participation affected 

final GPA. Nerio et al. (2019) used propensity score matching to examine outcomes of associate students, 

and their findings are discussed below in the review of the community college literature. 

Undergraduate research in community colleges 

Although community colleges began engaging their students in research at scale rather recently, 

implementation of, and collaboration around, undergraduate research experiences at community colleges 

have been developing fast. Researchers and analysts of these programs and initiatives are starting to 

follow suit (Cejda & Hensel, 2009; Hensel & Cejda, 2014; Brown et al., 2007; Schuster, 2017; Hewlett, 

2016; 2018, 2021; CUR, 2021; Hensel, 2021). 

Launched in 2005, the Community College Undergraduate Research Initiative (CCURI) currently 

incorporates multiple institutions in various states and helps colleges to integrate URE in their STEM 

programs (Hewlett, 2016; Bock & Hewlett, 2018).7 The CCURI collaborates with the Council on 

Undergraduate Research (CUR) to provide assistance to two-year institutions in developing and 

 
7 The TBR’s Volunteer State Community College is recognized as one of the most successful CCURI partners 

(Hewlett, 2016). 
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implementing undergraduate research experiences. The CCURI models include classroom-based URE as 

well as experiences with faculty acting as mentors for participating students (Nerio et al., 2019). 

However, for various reasons the CCURI partners often cannot conduct rigorous educational research 

studies to assess the impact of URE participation on student outcomes (Hewlett, 2016). 

In November 2019, the American Associate of Community Colleges convened the Community 

College Undergraduate Research Experience Summit, which brought together 120 thought leaders with 

an aim of collecting their insight and planning for future expansion of URE opportunities in community 

colleges (Patton & Hause, 2020). The summit recognized the following examples of undergraduate 

research experiences that are offered by community colleges: course-based research, internships, 

independent studies, honors projects, STEM design challenges from real-word scenarios, competitions 

blending academic and technical skills, and mentored research, which is part of a larger project (p. 3). The 

body of scholarship on undergraduate research in two-year institutions is expanding. The Council on 

Undergraduate Research issued a volume on undergraduate research at community colleges (Hensel & 

Cejda, 2014) and, more recently devoted the entire issue of its journal Scholarship and Practice of 

Undergraduate Research to undergraduate research participation at community colleges (CUR, 2021). 

Development of undergraduate research programs at community colleges presents a host of issues 

that stem, among other reasons, from the nature of the two-year institution. The traditional mission of the 

community college does not include research and production of scholarly knowledge, they are not 

deemed institutions in which either faculty or students engage in research, and they do not have graduate 

students who could serve as teaching assistants (Cejda & Hensel, 2009; Hensel & Cejda, 2014). Besides 

comparatively weaker research culture (Hewlett (2018) calls it “the lack of an undergraduate research 

culture altogether”), the other obstacles to URE implementation in community colleges include higher 

teaching expectations for faculty, fewer resources (including lack of space for some disciplines, 

infrastructure, institutional support, and funding for research), more diverse and less academically 

prepared student body than in research-intensive universities and small liberal arts colleges, and related 

logistical and competitive challenges (Hewlett, 2021; Hirst et al., 2014; Brown et al., 2007; Gentile et al., 
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2017; Nolan et al., 2020). In addition, community colleges enroll greater shares of students from lower 

socioeconomic backgrounds and historically underrepresented groups, students with lack of academic 

preparedness, students who are enrolled part-time and are often transient, students who often work full-

time and have family responsibilities, and students with limitations of financial aid and credit limits on 

their programs (Bangera & Brownell, 2014; Cejda & Hensel, 2009; Hensel & Cejda, 2014; Snyder & 

Cudney, 2017). Wolkow et al. (2014) summarize key issues as follows: “Perceived barriers of 

transformation at 2-yr institutions include heavier teaching responsibilities, resource and financial 

limitations, and higher representation of students who are at greater risk of failure” (p. 725). 

Possible solutions to overcome some of these problems and expand opportunities for undergraduate 

research participation may include partnerships and collaboration with universities and intercampus 

connections among community colleges (Gentile et al., 2017; President’s Council of Advisors on Science 

and Technology, 2012; Hirst et al., 2014; Leggett-Robinson et al., 2015). Ashcroft et al. (2021), Gentile et 

al. (2017), and Russell et al. (2007) describe best practices in partnership between community colleges 

and universities to create impactful undergraduate research programs at community colleges. Course-

based undergraduate research experiences (CUREs)—as opposed to independent research—are also 

suggested as an efficient way to enhance undergraduate research participation and diversity in community 

colleges especially if implemented at the introductory level (Gennet, 2021; Rodenbusch et al., 2016). 

CUREs are the courses that provide opportunities to all students to engage in research and earn credits 

rather than select few who apply for independent research experiences. However, there are few examples 

of successful CURE implementation (Bangera & Brownell, 2014; Wolkow et al., 2014). 

Several studies examined the effect of URE participation on student outcomes in community 

colleges. The researchers discovered positive effect of undergraduate research on the following outcomes: 

higher learning gains, increased retention and graduation rates, higher GPA, greater participation in 

campus activities, and integration into the profession of the discipline (Foley & Leonhardt, 2017; Balke et 

al., 2021; Hewlett, 2016; Genet, 2021; Cejda & Hensel, 2009). However, similar to the above-mentioned 

caveats about the findings of studies in the university sector, most investigations of URE at community 
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colleges are cases studies of innovative practices and thus may have limited generalizability of findings to 

other institutional settings (Balke et al., 2021; Cejda & Hensel, 2009; Hensel & Cejda, 2014). Describing 

the research on URE conducted by the Community College Undergraduate Research Initiative, Hewlett 

(2016) notes that “much of what CCURI has been able to capture has relied on qualitative data generated 

from instruments such as structured interviews, surveys, and online data collection tools which include 

modified versions of the SUSSI (25) and SURE (26) surveys” (p. 148). 

The largest study of the URE effect on associate student outcomes to date, which also addressed the 

selection bias issue via propensity score matching, was implemented by Nerio et al. (2019). These 

researchers employed mixed methodology to examine outcomes of STEM students who participated in 

the undergraduate research program in ten associate’s degree granting colleges in the City University of 

New York (CUNY) system. They reported higher levels of retention in STEM disciplines, graduation 

with a STEM degree, and higher probability of transferring to research-intensive colleges and 

universities. However, the findings are not easily generalizable to other settings due to the idiosyncrasies 

of the community colleges in the CUNY system and the CUNY Research Scholars Program (CRSP) that 

was under investigation. For instance, the authors explain that at CUNY “community college faculty are 

governed by the same employment contract that serves faculty at 4-year schools and are expected to 

engage in scholarly activities to attain tenure and promotion despite having a greater teaching load. This 

has led to the adoption of a research culture… that is similar to the culture that exists in the system’s eight 

4-year schools and three comprehensive colleges” (p. 2). The CRPS program also has a very specific 

structure: a yearlong research program that offers faculty mentorship and a laboratory research project. 

This study contributes to the existing research by conducting a longitudinal and systemwide 

examination of community college students across all disciplines, addressing the selection bias issue via 

an advanced technique, comparing key college outcomes of similar students among undergraduate 

research participants and nonparticipants, and examining the effect of both overall participation in URE 

and by frequency of undergraduate research experiences. Responding to the call by Lynn et al. (2015), we 

conduct a systematic study using multiple indicators of student success and appropriate method for each. 
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Dataset description 

To address the research questions, this investigation linked several data sources: student enrollment, 

graduation, and HIP participation data from the TBR data warehouse; post-TBR enrollment and 

completion data from the National Student Clearinghouse (NSC); and data on the Pell Grant eligibility at 

any time and participation in the Tennessee Promise program from Tennessee Student Assistance 

Corporation (TSAC). The observation period for the study was from fall 2017 to summer 2020 (nine 

calendar semesters); the data on HIP participation was available for eight terms: fall 2017 through spring 

2020. The study examined a cohort of first-time freshmen (including full- and part-time and summer-

returning-fall students) enrolling in TBR community colleges in fall 2017. 

The cohort includes 21,578 freshmen. Over the next eight semesters, 3,197 students (14.8 percent) 

participated in undergraduate research. Among participants, 1,843 students (57.6 percent of participants) 

completed an undergraduate research component once, 727 students (22.7 percent) participated twice, and 

627 students (19.6 percent) took part in this HIP three or more times. Table 1 shows that most students 

(55.4 percent) participate in undergraduate research in their first and second semesters of enrollment. 

 

Table 1. Undergraduate research participation overall, by frequency, and by calendar semester 

 
 

Undergraduate 

research 

Frequency groups 

 Once Twice 3+ times 

 3,197 1,843 727 627 

Fall 2017 23.1% 31.2% 28.4% 26.2% 

Spring 2018 32.3% 25.3% 28.4% 28.5% 

Summer 2018 1.9% 1.9% 1.2% 1.9% 

Fall 2018 15.0% 15.7% 14.5% 12.8% 

Spring 2019 16.8% 14.2% 15.7% 18.7% 

Summer 2019 1.8% 1.8% 1.6% 1.5% 

Fall 2019 5.3% 6.0% 6.1% 5.5% 

Spring 2020 3.8% 4.0% 4.3% 4.9% 
 100% 100% 100% 100% 

Note. Percentage for each semester shows undergraduate research participation as a share of the overall participation over eight 

terms. Duplication on ID is possible due to some students participating in multiple undergraduate research experiences over time.      
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Table 2 presents demographic and academic variables for the cohort and by undergraduate research 

participation. It shows that students completing undergraduate research components differ from 

nonparticipants on several key characteristics. Statistically significant differences between participants 

and nonparticipants are observed across all racial/ethnic groups, except for the Other Race category. The 

difference is especially large for Black and White students: there are fewer Black students and more 

White students among participants (8.3 and 82.5 percent, respectively) than among nonparticipants (19.6 

and 67.8 percent, respectively). The share of women in the cohort is slightly higher for participants (57.6 

percent) than for their counterparts (55.8 percent); however, the gender difference is not statistically 

significant. Compared to nonparticipants, there are fewer adult (4.6 versus 8.1 percent) and Pell-eligible 

students (59.2 versus 65.4 percent) among students taking part in undergraduate research experiences. 

Table 2 also shows that statistically significant differences between undergraduate research 

participants and nonparticipants are observed on key academic variables. On average, HIP participants 

have higher high school GPA (3.23 versus 2.99), larger ACT composite score (20.2 versus 18.9), higher 

cumulative college GPA (2.66 versus 2.22) in the last semester of observation, and more average 

cumulative credits earned (46.8 versus 30.4) than nonparticipants. Students engaging in undergraduate 

research tend to include fewer freshmen who need learning support than nonparticipants: 58.3 percent and 

65.1 percent, respectively. Finally, the share of students who received support through the Tennessee 

Promise program is higher for undergraduate research participants (71.4 percent) than among those who 

did not take part in this HIP (61.7 percent). 

Table 3 presents majors at the time of the first undergraduate research experience. For some 

students, this major will be different from the one in the first term or during subsequent participation in 

this HIP. When students participate in undergraduate research, they tend to be enrolled in the following 

major fields: Liberal Arts and Sciences, General Studies and Humanities (77.6 percent); Registered 

Nursing, Nursing Administration, Nursing Research and Clinical Nursing (5.4 percent); Education, 

General (4.5 percent); Business Administration, Management and Operations (3.4 percent); Computer 

and Information Sciences, General (1.8 percent); and Criminal Justice and Corrections (1.2 percent).      
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Table 2. Participation in undergraduate research by demographic and academic variables 

 

 

Cohort 

Undergraduate research participants Non-participants 

                    3,197                    18,381 

 N % N % 

Asian # 314 27 0.84 287 1.56 

Black # 3,872 265 8.29 3,607 19.62 

Hispanic # 1,339 142 4.44 1,197 6.51 

White # 15,093 2,637 82.48 12,456 67.77 

Other race 960 126 3.94 834 4.54 

Male 9,475 1,356 42.41 8,119 44.17 

Female 12,103 1,841 57.59 10,262 55.83 

Traditional age # 19,941 3,051 95.43 16,890 91.89 

Adult # 1,637 146 4.57 1,491 8.11 

Non-Pell ever # 7,657 1,305 40.82 6,352 34.56 

Pell ever # 13,921 1,892 59.18 12,029 65.44 

Non-learning support # 7,749 1,334 41.73 6,415 34.90 

Learning support # 13,829 1,863 58.27 11,966 65.10 

Non-Promise # 7,952 916 28.65 7,036 38.28 

Promise # 13,626 2,281 71.35 11,345 61.72 

  Mean Median Mean Median 

High school GPA #  3.23 3.26 2.99 2.95 

ACT score #  20.17 20 18.93 19 

Final GPA #  2.66 2.8 2.22 2.03 

Average credits earned #  46.82 56 30.38 23 

 

Note. Percentage is of the total for each demographic breakdown. 

# Indicates variables with a statistically significant difference between undergraduate research participants and non-participants 

(p<0.001) based on chi-square tests or two-independent samples t-tests for difference in means (two-sided). 
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Table 3. Major in the first term of undergraduate research participation 
 

Major N % 

Liberal Arts and Sciences, General Studies and Humanities 3,723 77.64 

Registered Nursing, Nursing Admin., Nursing Research & Clinical Nursing 259 5.40 

Education, General 216 4.50 

Business Administration, Management and Operations 162 3.38 

Computer and Information Sciences, General 87 1.81 

Criminal Justice and Corrections 58 1.21 

Health Professions and Related Clinical Sciences, Other 53 1.11 

Human Development, Family Studies, and Related Services 36 0.75 

Industrial Production Technologies/Technicians 35 0.73 

Allied Health Diagnostic, Intervention, and Treatment Professions 34 0.71 

Electrical Engineering Technologies/Technicians 21 0.44 

Design and Applied Arts 16 0.33 

Audiovisual Communications Technologies/Technicians 11 0.23 

Business Operations Support and Assistant Services 8 0.17 

Electromechanical Instrumentation and Maintenance Technologies/Technicians 8 0.17 

Hospitality Administration/Management 8 0.17 

Vehicle Maintenance and Repair Technologies 8 0.17 

Health and Medical Administrative Services 7 0.15 

Music 7 0.15 

Allied Health and Medical Assisting Services 5 0.10 

Dental Support Services and Allied Professions 5 0.10 

Legal Support Services 5 0.10 

Engineering Technology, General 4 0.08 

Heavy/Industrial Equipment Maintenance Technologies 4 0.08 

Multi-/Interdisciplinary Studies, General 4 0.08 

Fire Protection 3 0.06 

Drafting/Design Engineering Technologies/Technicians 2 0.04 

Engineering, General 2 0.04 

Health Services/Allied Health/Health Sciences, General 2 0.04 

Heating, Air Conditioning, Ventilation & Refrigeration Maintenance Technology 1 0.02 

Medical Illustration and Informatics 1 0.02 

Note. Duplication on ID is possible due to some students participating in multiple undergraduate research experiences over time.      
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The remainder of this section examines key outcomes for the entire cohort under analysis and by 

undergraduate research participation. Figure 1 shows main students outcomes for the 2017 first-time 

freshmen cohort tracked for nine calendar semesters, from fall 2017 through summer 2020. Out of 21,578 

freshmen in the cohort, 3,197 (14.8 percent) participated in undergraduate research. The outcomes are 

presented for the entire cohort regardless of undergraduate research experience. By summer 2020, 5,163 

students (23.9 percent) earned a college credential, and 4,159 students (19.3 percent) transferred to a four-

year college or university. Completion and transfer are not mutually exclusive outcomes, and 2,316 

students (10.7 percent) both graduated and transferred to university; this dynamic is shown by the reverse 

arrow in the graph. Graduation, which is understood as earning a technical certificate, associate degree, or 

bachelor’s degree, may precede or follow transfer. In spring or summer of 2020, 254 students (1.2 

percent) were still enrolled in TBR community colleges. Finally, 14,318 students (66.4 percent of the 

cohort) either dropped out or stopped out and were no longer available for observation. 

 

Figure 1. Outcomes for the 2017 first-time freshmen cohort 

 

      

Graduated

5,163

Transferred to 

university *

4,159

21,578

Y: 3,197
Still enrolled **

254

Dropped out

14,318

FTF

Cohort

Undergrad 

Research:

Yes or No
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Figure 2 and Table 4 present main college outcomes of the students in the cohort by participation 

in undergraduate research experiences. They demonstrate that, at a purely descriptive level, undergraduate 

research participants and nonparticipants differ in their outcome attainment shares. As compared with 

students who do not take part in undergraduate research, larger shares of participants graduate (38.2 

versus 21.5 percent) and transfer to university (28.3 versus 17.7 percent), or are still enrolled at the end of 

the observation period (1.5 versus 1.1 percent). As a result, a smaller share of participants is among 

students who dropped out or stopped out: 51.4 percent as compared to 69.0 percent for nonparticipants. It 

is noteworthy that a much larger share of undergraduate research participants transfers to university after 

earning a community college credential: 18.1 percent of participants transfer after graduation as opposed 

to 8.4 percent of nonparticipants who do the same. This observation is related to the results of quantitative 

analyses examining progression to university transfer, which are presented in the Results section. 

 

Figure 2. Outcomes by undergraduate research participation 
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Table 4. Outcomes by undergraduate research participation 

 

  
     Graduated      Transferred      Both outcomes 

 

Total 
All 

graduates 

Did not 

transfer 

All 

Transfers 

Did not 

graduate 

Graduation 

before transfer 

Transfer before 

graduation 

Participants 3,197 1,220 600 904 284 578 42 

  38.16% 49.18% 28.28% 31.42% 18.08% 1.31% 

Nonparticipants 18,381 3,943 2,247 3,255 1,559 1,536 160 

  21.45% 56.99% 17.71% 47.90% 8.36% 0.87% 

Note. Percentage is of the respective group’s total. 

 

Table 5 presents the average time to graduation (for any college credential, and associate degree or 

higher) and university transfer as measured in calendar terms and cumulative credits attempted by 

undergraduate research participants and by demographic and academic variables. For comparison, it also 

provides terms-to-outcome and credits-to-outcome for all graduates and transfer students in the cohort. 

Figure 3 shows time to graduation in semesters by key demographic variables. 

Time to graduation—when measured either in semesters and or in attempted credits—is similar for 

all comparison groups: on average, all graduates, undergraduate research participants, and nonparticipants 

take about five semesters and attempt about 70 credit hours before they earn a college credential (either a 

technical certificate or a degree). In contrast, time to transfer shows more variability among the 

comparison groups: nonparticipants have the shortest average time (4.8 terms) and the smallest number of 

attempted credits (54.5 credit hours) to this outcome. Overall, undergraduate research participants have 

longer mean time to university transfer—measured in semesters (5.4 terms) or attempted credits (62.6 

credit hours)—than nonparticipants or all transfer students. Similar to the above observation that 

undergraduate research participants transfer after graduation in much larger proportions than 

nonparticipants, this outcome is also related to the findings of the quantitative modeling of progression to 

university transfer in the Results section. 
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Table 5. Average time to graduation and university transfer in semesters and attempted credits 

 

 Mean semesters and attempted credits to … 

 Graduation Transfer 

 Any award (5,163) Degrees (4,497) (4,159) 

 Terms 
Attempted 

credits 
Terms 

Attempted 

credits 
Terms 

Attempted 

credits 

Total by outcome 5.05 70.19 5.16 70.63 4.91 56.26 

UR participants 5.10 70.83 5.09 70.57 5.32 62.63 

Nonparticipants 5.03 69.66 5.18 70.65 4.79 54.49 

Demographic and academic variables      

Adult in Term 1 5.43 71.83 5.92 75.17 5.00 51.91 

Trad. age in Term 1 5.02 70.17 5.13 70.48 4.90 56.41 

Female 5.11 70.71 5.18 70.99 4.94 56.54 

Male 4.95 69.41 5.13 70.04 4.85 55.87 

Asian 5.39 73.53 5.42 72.59 5.16 59.14 

Black 5.61 74.17 5.74 74.72 4.37 45.45 

Hispanic 5.24 70.29 5.41 71.26 4.83 55.76 

White 4.97 69.67 5.08 70.09 5.00 57.99 

Other race 5.16 71.61 5.25 71.81 4.55 51.48 

Pell ever 5.16 70.74 5.29 71.34 4.83 54.40 

Non-Pell 4.96 69.71 5.05 70.03 4.96 57.59 

Promise 4.97 70.20 5.07 70.43 5.10 59.90 

Non-Promise 5.32 70.16 5.54 71.41 4.37 46.28 

Learning support 5.31 71.04 5.49 72.04 4.84 52.70 

Non-learning support 4.84 69.51 4.92 69.61 4.96 58.99 

Note. Time to outcomes is measured in calendar semesters (not terms of actual enrollment) and cumulative credits attempted.       
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Figure 3. Time to graduation in semesters by demographic variables 

 

 

In addition to time-to-outcome by undergraduate research participation and nonparticipation, Table 

6 and Figure 3 also demonstrate how time to an outcome differs by demographic and academic variables. 

To illustrate, the following student groups have shorter average time to graduation than their counterparts: 

traditional-age, male and white students, individuals who were not Pell-eligible at any time, Tennessee 

Promise students, and students who did not require learning support during their first academic year of 

enrollment. Similar differences are generally observed in attempted credits to graduation as well as for 

university transfer as an outcome. Two notable exceptions are as follows: traditional-age students attempt 

more credit hours by the time of their transfer than adult students and Black students have the shortest 

time to transfer measured either in semesters or attempted credits among all race/ethnicity groups. 

These differences and the other results of the descriptive analysis demonstrate the need to account 

for demographic, academic, and other factors in quantitative models that estimate the effect of 

undergraduate research participation on college outcomes. The Methodology section discusses the 

strategies that are used to address the research questions while accounting for these differences. 
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Methodology 

This study investigates whether causal relationships exist between student participation in undergraduate 

research experiences and key college outcomes.8 In the absence of random assignment to HIPs, direct 

comparison of outcomes of undergraduate research participants and nonparticipants will produce biased 

estimates due to selection bias. The selection bias is produced by the following factors: students can self-

select into HIP participation (directly or due to their chosen major); as a result, participants and 

nonparticipants are expected to be systematically different on a number of observable and non-observable 

characteristics; and some of these differences will be related both to the treatment (undergraduate research 

participation) and the outcomes of interest. Under such conditions, the estimates from regular regression 

models comparing outcomes of participants and nonparticipants—even when controlling for a host of 

observable characteristics—will be biased. 

We address the issue of selectivity by using the doubly robust augmented inverse propensity 

weighting (AIPW) method (Robins et al., 1994). In the subsequent Results section, the estimates from our 

final model using AIPW are compared with both the results of the naïve estimators, which do not handle 

selection into treatment, and estimates from the models using inverse probability of treatment weighting 

(IPTW) without adding the outcome model. 

To estimate the propensity scores that are used in weighting, we apply the Generalized Boosted 

Regression (GBM) modeling. GBM uses a machine learning algorithm to estimate propensity scores. This 

algorithm fits multiple models using a boosted regression trees approach and then merges their 

predictions. GBM is deemed superior to alternative methods of estimating sample propensity scores and 

predicting treatment assignment According to Schonlau (2005), “There is a mounting empirical evidence 

that boosting is one of the best modeling approaches ever developed” (p. 331). 

 
8 This paper is the second quantitative study of the HIP effects on college outcomes. For a more comprehensive 

discussion of terminology, methodology, justification for using a machine learning approach for estimating 

propensity score (Generalized Boosted Modeling) and specific estimators (Event History Analysis), selection of 

covariates for propensity score models, alternative propensity score approaches, and handling data issues, please see 

the first TBR report (The effect of service learning participation on college outcomes: An empirical investigation), 

which examined the same cohort and is available here: https://www.tbr.edu/policy-strategy/presentations-and-papers  

https://www.tbr.edu/policy-strategy/presentations-and-papers
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The GBM-estimated propensity scores are then used to reweight the observations via inverse 

probability of treatment weighting (IPTW). The IPTW approximates the mechanism of treatment 

assignment (HIP participation) as a function of the employed covariates. Imbens and Wooldridge (2009) 

showed that if the propensity scores are estimated correctly, using the IPTW is an effective method to 

neutralize the effect of selection on average treatment effect estimate. The main idea behind this method 

with propensity scores is to use probability weights to control for confounding. Using weights ensures 

that the distribution of confounders is the same for treated and untreated groups, which effectively results 

in removing these confounders. This approach weights more heavily untreated subjects who are more 

similar to treated cases and reduces the weights of untreated units who are dissimilar. The weight is 

estimated as the inverse of the propensity score (the probability of receiving the treatment). IPTW creates 

a pseudo-population that is representative of the treated group in terms of distribution of confounding 

factors. Stated differently, it constructs a comparison group of untreated subjects who are observationally 

similar to treated cases, and in the synthetic sample, the distribution of baseline covariates is independent 

of treatment assignment. The IPTW is used as the main estimator in this study due to its demonstrated 

ability to minimize bias, achieve balance on covariates, and yield statistically efficient estimates in 

comparison to other propensity score methods. In addition, IPTW is recommended for longitudinal data 

with time-varying confounders, which are present in this investigation (McCaffrey et al., 2004; Imbens, 

2004; Austin, 2011; Austin & Stuart, 2015; Hirano et al., 2003; Thoemmes & Ong, 2015; Joffe et al., 

2004; Imbens & Wooldridge, 2009; Sato & Matsuyama, 2003; Guo & Fraser, 2015). 

As McCaffrey et al. (2004) state, “For a large sample size, the weighted treatment effect estimate 

will be nearly unbiased provided that several assumptions hold” (p. 405). To address the selection bias 

with IPTW, the following assumptions must be met: there are no unobserved confounding factors 

(observed covariates explain all pre-existing differences affecting outcomes); each subject has a nonzero 

probability (but not a probability of 1) to receive treatment; and the IPTW model is specified correctly 

(Thoemmes & Ong, 2015; McCaffrey et al., 2004). Although the first assumption is untestable, we select 

covariates based on prior literature, past research at TBR, and knowledge of factors that influence 
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participation in high impact practices. Thus, we argue that by modeling the relationship between observed 

covariates and treatment selection, we account for all key confounding factors. To make sure that IPTW 

helped correct for selection, we check balance on observed covariates using weighted standardized 

difference. Tabular and graphical assessment of balance in Appendices 1, 2, and 3 demonstrate the effect 

of using IPTW on balance of observed covariates. The plausibility of the second assumption is assessed 

by examining if the empirical propensity score distributions overlap. We use boxplots of propensity 

scores to check for such overlap between treated and untreated subjects in the propensity score space 

(Appendix 4). Finally, by using generalized boosted regression to estimate sample propensity scores, we 

address the issue of potential misspecification of the IPTW model. 

Our final models use the augmented inverse propensity weighting (AIPW) method, which extends 

the IPTW method by including an outcome model. We employ a doubly robust estimator, which 

combines fitting models with inverse probability of treatment weights with the inclusion of additional 

pretreatment covariates (key demographic, academic, and other variables) to minimize any remaining 

bias. The doubly robust methods are consistent when either the outcome model or propensity model is 

correctly specified. Thus they provide another chance to correctly specify the model and—if either the 

propensity score model or the multivariate outcome model is specified correctly—to obtain more 

consistent and unbiased estimates of the treatment effect. So, it provides additional protection against 

misspecification of any model and gives two chances for a valid inference (Bang & Robins, 2005). 

Importantly, this methodology can be used—with respective modifications to account for nonbinary 

treatment—in the dosage analysis, and we use it to estimate effects of HIP participation frequency. 

Finally, to avoid assigning too much weight to extreme cases, the weights are normalized and 

truncated at 1 percent and 99 percent of the weight distribution (Imbens, 2004; Cole & Hernan, 2008). To 

account for variability in the propensity score model and the fact that weights were estimated, we use 

robust (“sandwich”) standard errors to calculate the adjusted standard errors and confidence intervals for 

our estimates (Austin, 2011, 2016; Thoemmes & Ong, 2015). We use the following techniques to account 

for different outcomes and estimation issues: logistic and OLS regression and Event History Analysis.     
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Results 

The Methodology section described the approach employed to estimate the effect of participation in 

undergraduate research experiences. Depending on the nature of the treatment variables, we used two 

primary strategies to obtain estimates that may have causal interpretation: 1) weighting on the inverse 

probability of treatment for binary analysis and 2) dosage analysis with generalized propensity scores for 

frequency effect examination. Both strategies were integrated with the “doubly robust” method to 

computing the estimates. Despite different weighting and modeling approaches, we present the estimates 

for both strategies together and discuss the findings for both types of analysis for each outcome. In other 

words, the outcomes of the binary and frequency analyses are provided together (i.e., in the same figure 

and table). The tables present the estimates for the unweighted and weighed samples and models with and 

without control variables. However, the subsequent discussion is mostly limited to statistically significant 

findings for the weighted samples from doubly robust models with control variables. The readers are 

advised to keep these explanations in mind when reading the interpretation of the results in this section. 

The outcomes are presented in the following order. We start with OLS regression for final GPA and 

proceed to logistic regressions for the probability of graduation, transfer to a four-year college or 

university, and student departure. The following control variables were used in these models: age in the 

first semester, dummy variable for gender, race/ethnicity indicator variables, Pell-ever status flag, ACT 

composite score, and college in the first term. Then we present the outcomes of the Event History 

Analysis (EHA) approaches. These models estimate hazards for graduation, university transfer, and 

student departure and use the following control variables: age in each term, dummy variable for gender, 

race/ethnicity indicator variables, Pell-ever status flag, ACT composite score, and college of enrollment. 

Depending on the EHA model, outcome, and test results for proportional hazard assumption violation, 

some control variables were modified as time-varying covariates to include time-dependent effect (time-

varying covariates are identified in the notes under the respective table). All models estimate the average 
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treatment effect (ATE) using the inverse probability of treatment weights. Both for binary and frequency 

analysis, the normalized weights were truncated at 1% and 99% to attenuate the effect of large weights. 

The first set of models estimates the effect of undergraduate research participation on final 

cumulative GPA (Table 6 and Figure 4). To reiterate, we focus on the findings for the weighted samples 

from the doubly robust models with control variables. In all models, the coefficients are highly 

statistically significant and positive. We find that participation in undergraduate research is associated 

with a 0.43-point increase in final GPA, on average and holding everything else constant. The result for 

the weighted sample is attenuated when compared to the unweighted sample. This observation indicates 

the upward bias in the regular regression model that does not address the selection bias issue. We also 

find that every frequency level of treatment—participating in undergraduate research once, twice, or three 

or more times during the observation period—is positively related to final GPA. Moreover, a rise in 

frequency leads to higher estimates of the treatment effect, ranging from 0.34-point increase for 

completing undergraduate research once to 0.70-point increase for participating three or more times. 

 

Table 6. OLS estimates of impact of undergraduate research participation on final cumulative GPA 

 

Treatment variables 
Unweighted Sample Weighted Sample # 

Margin SE Margin SE 

Binary treatment (Reference group: non-participants)     

Undergraduate research 0.44 *** (0.02) 0.33 *** (0.02) 

Undergraduate research (with control variables) 0.48 *** (0.02) 0.43 *** (0.03) 

Non-binary treatment (Reference group: 0 times)     

Undergraduate research:   Once 0.39 *** (0.02) 0.24*** (0.03) 

Undergraduate research:   Twice  0.46 *** (0.03) 0.34 *** (0.04) 

Undergraduate research:   Three + times 0.55 *** (0.04) 0.44 *** (0.04) 

Undergraduate research:   Once (with controls) 0.43 *** (0.02) 0.34 *** (0.03) 

Undergraduate research:   Twice (with controls) 0.55 *** (0.04) 0.51 *** (0.04) 

Undergraduate research:   Three + times (with controls) 0.68 *** (0.04) 0.70 *** (0.05) 

* p < .05, ** p < .01, *** p < .001.  Robust standard errors in parentheses. 

Control variables: age in the first term, gender, race/ethnicity groups, Pell-ever status, ACT composite score, college in first term. 

# Average Treatment Effect estimated with normalized Inverse Probability of Treatment Weights truncated at 1% and 99%.       
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Figure 4. Estimated effect of undergraduate research on final GPA: Binary and nonbinary treatments 

 

The second set of models estimates the predicted probability of graduation due to undergraduate 

research participation (Table 7 and Figure 5). As a reminder, graduation is interpreted as earning any 

postsecondary credential (technical certificate or degree) at TBR community colleges or other institutions 

after students left the TBR system. We find that participating in undergraduate research experiences 

increases the predicted probability of graduation by 19 percentage points. For frequency analysis, we find 

that undergraduate research with different frequency is positively related to the likelihood of earning a 

credential. The probability of graduation increases by 12 percentage points if students completed an 

undergraduate research component once, by 23 percentage points if they participated in it twice, and 37 

percentage points if students were exposed to three or more undergraduate research experiences during 

the observation period. Again we see that the unweighted logistic regression has higher predicted 

probabilities in all models, indicating that weighting has minimized some positive bias in the estimates. 

Overall, we conclude that students who take part in undergraduate research experiences are more likely to 

graduate than their similar counterparts and this effect grows with an increase of participation intensity.      
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Table 7. Predicted increase in the probability of graduation due to undergraduate research participation 

 

Treatment variables 
Unweighted Sample Weighted Sample # 

Margin SE Margin SE 

Binary treatment (Reference group: non-participants)     

Undergraduate research 0.82 *** (0.04) 0.11 *** (0.01) 

Undergraduate research (with control variables) 1.31 *** (0.07) 0.19 *** (0.01) 

Non-binary treatment (Reference group: 0 times)     

Undergraduate research:   Once 0.14 *** (0.01) 0.06 *** (0.01) 

Undergraduate research:   Twice  0.16 *** (0.02) 0.12 *** (0.02) 

Undergraduate research:   Three + times 0.25 *** (0.02) 0.21 *** (0.02) 

Undergraduate research:   Once (with controls) 0.21 *** (0.01) 0.12 *** (0.01) 

Undergraduate research:   Twice (with controls) 0.28 *** (0.02) 0.23 *** (0.02) 

Undergraduate research:   Three + times (with controls) 0.40 *** (0.02) 0.37 *** (0.03) 

* p < .05, ** p < .01, *** p < .001.  Robust standard errors in parentheses. 

Control variables: age in the first term, gender, race/ethnicity groups, Pell-ever status, ACT composite score, college in first term. 

# Average Treatment Effect estimated with normalized Inverse Probability of Treatment Weights truncated at 1% and 99%. 

 

Figure 5. Predicted increase in probability of graduation: Binary and nonbinary treatments 
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Figure 6 plots average marginal effects for undergraduate research participants and nonparticipants 

by ACT composite score in the logistic model for graduation with the binary treatment variable. Average 

marginal effects are predictions that are adjusted for actual observed values of covariates (not the mean 

values) in the model. In this approach to computing marginal effects, undergraduate research participants 

and nonparticipants differ only in the treatment exposure but are otherwise identical “average” subjects on 

all covariates. They are also similar on the inverse probability of treatment weights that are applied to the 

final model. Figure 6 shows that participants in undergraduate research experiences have a higher 

predicted probability of completion than nonparticipants for each ACT score, and the gap between these 

groups grows with an increase in the ACT composite score. 

 

Figure 4. Adjusted predictions for graduation for undergraduate research participants and nonparticipants 
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The third set of models examines the impact of undergraduate research participation on the 

probability of transfer to a four-year college or university. Table 8 and Figure 7 present all findings for 

this outcome for the unweighted and weighted samples, and binary and non-binary treatments. In all 

models, the coefficients are highly statistically significant and positive. Participation in undergraduate 

research is predicted to increase the probability of university transfer by 11 percentage points. We find 

that frequency of undergraduate research exposure has a positive effect on the likelihood of transfer, and 

the effect grows with each frequency level. Completing an undergraduate research component once 

increases the probability of transfer by 8 percentage points, participating in it twice by 11 percentage 

points, and taking advantage of three or more undergraduate research opportunities raises the predicted 

probability of transfer by 23 percentage points. Similar to the previous sets of models for GPA and 

graduation, the estimates in the weighted samples are smaller than the ones in the unweighted sample 

 

Table 8. Predicted increase in the probability of transfer due to undergraduate research participation 

 

Treatment variables 
Unweighted Sample Weighted Sample # 

Margin SE Margin SE 

Binary treatment (Reference group: non-participants)     

Undergraduate research 0.09 *** (0.01) 0.06 *** (0.01) 

Undergraduate research (with control variables) 0.14 *** (0.01) 0.11 *** (0.01) 

Non-binary treatment (Reference group: 0 times)     

Undergraduate research:   Once 0.08 *** (0.01) 0.03*** (0.01) 

Undergraduate research:   Twice  0.09 *** (0.02) 0.05 *** (0.02) 

Undergraduate research:   Three + times 0.18 *** (0.02) 0.14 *** (0.02) 

Undergraduate research:   Once (with controls) 0.14 *** (0.01) 0.08 *** (0.01) 

Undergraduate research:   Twice (with controls) 0.19 *** (0.02) 0.11 *** (0.02) 

Undergraduate research:   Three + times (with controls) 0.31 *** (0.03) 0.23 *** (0.03) 

* p < .05, ** p < .01, *** p < .001.  Robust standard errors in parentheses. 

Control variables: age in the first term, gender, race/ethnicity groups, Pell-ever status, ACT composite score, college in first term. 

# Average Treatment Effect estimated with normalized Inverse Probability of Treatment Weights truncated at 1% and 99%.      
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Figure 7. Predicted increase in probability of transfer: Binary and nonbinary treatments 

 

 

In our final set of logistic regression models, we examined the effect of undergraduate research 

participation on the probability of student departure. As a reminder, student departure is understood as 

dropping out or stopping out as of the end of the observation period. Table 9 and Figure 8 present the 

findings for this outcome for both binary and non-binary treatments. We find that undergraduate research 

participation has a strong negative statistically significant effect on the probability of student departure. 

Students completing undergraduate research components are 22 percentage points less likely to depart 

than their similar counterparts among nonparticipants. The dosage (frequency) analysis shows that the 

effect size grows with an increase in participation frequency. The predicted probability of departure 

decreases by 15 percentage points for community college students participating in undergraduate research 

once, 26 percentage points for students completing it twice, and 40 percentage points for students taking 

part in undergraduate research experiences three or more times as compared to similar nonparticipants. 

      



32 

 

Table 9. Predicted decrease in the probability of departure due to undergraduate research participation 

 

Treatment variables 
Unweighted Sample Weighted Sample # 

Margin SE Margin SE 

Binary treatment (Reference group: non-participants)     

Undergraduate research - 0.74 *** (0.04) - 0.12 *** (0.01) 

Undergraduate research (with control variables) - 1.26 *** (0.06) - 0.22 *** (0.01) 

Non-binary treatment (Reference group: 0 times)     

Undergraduate research:   Once - 0.15 *** (0.01) - 0.07*** (0.01) 

Undergraduate research:   Twice  - 0.17 *** (0.02) - 0.12 *** (0.02) 

Undergraduate research:   Three + times - 0.26 *** (0.02) - 0.22 *** (0.02) 

Undergraduate research:   Once (with controls) - 0.23 *** (0.01) - 0.15 *** (0.02) 

Undergraduate research:   Twice (with controls) - 0.30 *** (0.02) - 0.26 *** (0.03) 

Undergraduate research:   Three + times (with controls) - 0.41 *** (0.02) - 0.40 *** (0.03) 

* p < .05, ** p < .01, *** p < .001.  Robust standard errors in parentheses. 

Control variables: age in the first term, gender, race/ethnicity groups, Pell-ever status, ACT composite score, college in first term. 

# Average Treatment Effect estimated with normalized Inverse Probability of Treatment Weights truncated at 1% and 99%. 

 

Figure 8. Predicted decrease in probability of departure: Binary and nonbinary treatments 
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The EHA models estimate hazards for three outcomes: graduation, university transfer, and student 

departure. Unlike the probability of an outcome in logistic models, hazards for graduation, transfer, and 

departure are estimated based on both whether the respective event took place and how long it took 

students to experience it. Thus interpretation of outcomes in the logistic and EHA models is different. 

Similar to the models above, the EHA results are shown for both binary and non-binary treatments. 

The first set of EHA models examines the effect of participation in undergraduate research on time 

to completion. Table 10 and Figure 9 provide estimates from the models for the hazard for graduation. 

Although the naïve models run on the unweighted sample produce statistically significant positive results 

for some treatment variables and frequency levels, our final model, which relies on the inverse probability 

of treatment weights and doubly robust estimators, does not find statistically significant results in any 

model specification. All confidence intervals in Figure 9 cross the line of zero effect, and we conclude 

that there is no evidence that undergraduate research participation accelerates progression to graduation. 

 

Table 10. Cox proportional hazards model for time to graduation by undergraduate research participation 

 

Treatment variables 
Unweighted Sample Weighted Sample # 

Hazard ratio 95% CI Hazard ratio 95% CI 

Binary treatment (Reference group: non-participants)     

Undergraduate research 1.15 * [1.08, 1.21] 0.96 [0.90, 1.02] 

Undergraduate research (with control variables) 1.17 * [1.07, 1.29] 1.04 [0.93, 1.16] 

Non-binary treatment (Reference group: 0 times)     

Undergraduate research:   Once 1.13 * [1.05, 1.22] 0.90 * [0.82, 0.98] 

Undergraduate research:   Twice  1.10 [0.99, 1.23] 0.98 [0.86, 1.12] 

Undergraduate research:   Three + times 1.23 * [1.11, 1.36] 1.03 [0.92, 1.16] 

Undergraduate research:   Once (with controls) 1.18 * [1.07, 1.30] 0.97 [0.85, 1.11] 

Undergraduate research:   Twice (with controls) 1.14 [0.99, 1.31] 1.07 [0.89, 1.28] 

Undergraduate research:   Three + times (with controls) 1.16 [0.99, 1.36] 1.05 [0.86, 1.29] 

* Indicates statistically significant result (95% confidence interval does not include 1). Robust confidence intervals in brackets. 

Control variables: age, gender, race/ethnicity groups, Pell status, ACT score, college of enrollment. Time-varying covariates in 

binary treatment models: age, gender, Black, White, Pell status, ACT score. Time-varying covariates in non-binary treatment 

models: gender, Asian, Black, White, Pell status, ACT score (based on tests of proportional hazard assumption violations). 

# Average Treatment Effect estimated with normalized Inverse Probability of Treatment Weights truncated at 1% and 99%.     
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Figure 9. Estimates of the effect on time to graduation: Binary and nonbinary treatments 

 

 

The next set of EHA models estimates hazards for university transfer. Table 11 shows hazard ratios 

from the respective model specifications, and Figure 10 depicts the results graphically. Contrary to 

expectations, participation in undergraduate research is found to decrease hazard for university transfer. 

In the model with binary treatment variable, completing undergraduate research components decreases 

the hazard for transfer by 19 percent. (This decrease is the difference between 1 and the estimated hazard 

ratio of 0.81, which is 0.19). In frequency analysis models, the estimated effect of undergraduate research 

participation on the hazard for transfer changes with each frequency level. Namely, students taking part in 

undergraduate research once face the hazard for transfer that is 18 percent lower than the one for 

nonparticipants; students participating in this HIP twice have a 31 percent lower hazard for transfer, and 

the decrease in the transfer hazard for students experiencing undergraduate research three or more times is 

32 percent. Overall, we conclude that undergraduate research participation slows down progression to 

university transfer. We offer a possible explanation for this finding in the Discussion section.     
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Table 11. Cox proportional hazards model for time to transfer by undergraduate research participation 

 

Treatment variables 
Unweighted Sample Weighted Sample # 

Hazard ratio 95% CI Hazard ratio 95% CI 

Binary treatment (Reference group: non-participants)     

Undergraduate research 0.97 [0.91, 1.04] 0.82 * [0.76, 0.88] 

Undergraduate research (with control variables) 0.93 [0.84, 1.03] 0.81 * [0.72, 0.91] 

Non-binary treatment (Reference group: 0 times)     

Undergraduate research:   Once 0.97 [0.89, 1.05] 0.81 * [0.73, 0.90] 

Undergraduate research:   Twice  0.91 [0.80, 1.03] 0.76 * [0.65, 0.89] 

Undergraduate research:   Three + times 1.06 [0.95, 1.19] 0.88 [0.77, 1.00] 

Undergraduate research:   Once (with controls) 0.97 [0.89, 1.05] 0.82 * [0.71, 0.95] 

Undergraduate research:   Twice (with controls) 0.91 [0.80, 1.03] 0.69 * [0.56, 0.85] 

Undergraduate research:   Three + times (with controls) 1.06 [0.95, 1.19] 0.68 * [0.54, 0.84] 

* Indicates statistically significant result (95% confidence interval does not include 1). Robust confidence intervals in brackets. 

Control variables: age, gender, race/ethnicity groups, Pell status, ACT score, college of enrollment. Time-varying covariates in 

binary treatment models: age, Black, White. Time-varying covariates in non-binary treatment models: age, Asian, Black, White, 

ACT score (based on tests of proportional hazard assumption violations). 

# Average Treatment Effect estimated with normalized Inverse Probability of Treatment Weights truncated at 1% and 99%. 

 

Figure 10. Estimates of the effect on time to transfer: Binary and nonbinary treatments 
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The final set of EHA models estimates the hazard for student departure for both binary and 

nonbinary treatment variables. Table 12 and Figure 11 provide hazard ratios for the respective model 

specifications. We find that undergraduate research participants are less likely to drop out or stop out in 

any semester than nonparticipants; the hazard for departure for the former decreases by 58 percent (1 – 

0.42 = 0.58). In frequency analysis, participation in undergraduate research is also found to have a strong 

negative statistically significant effect on progression to student departure, and the effect size grows with 

each frequency level. Namely, students completing undergraduate research components one time face a 

hazard for departure that is 52 percent lower than that for nonparticipants. Students participating in two 

undergraduate research opportunities are 68 percent less likely to drop out or stop out in any semester 

than their counterparts. Finally, students who were exposed to three or more undergraduate research 

experiences during the observation period are very unlikely to drop out: the decrease in departure hazard 

for them is 82 percent as compared to similar nonparticipants. 

 

Table 12. Cox proportional hazards model for time to departure by undergraduate research participation 

 

Treatment variables 
Unweighted Sample Weighted Sample # 

Hazard ratio 95% CI Hazard ratio 95% CI 

Binary treatment (Reference group: non-participants)     

Undergraduate research 0.58 * [0.55, 0.60] 0.64 * [0.61, 0.67] 

Undergraduate research (with control variables) 0.42 * [0.40, 0.45] 0.42 * [0.39, 0.45] 

Non-binary treatment (Reference group: 0 times)     

Undergraduate research:   Once 0.63 * [0.60, 0.67] 0.73 * [0.68, 0.77] 

Undergraduate research:   Twice  0.57 * [0.52, 0.63] 0.62 * [0.56, 0.69] 

Undergraduate research:   Three + times 0.44 * [0.39, 0.49] 0.45 * [0.40, 0.50] 

Undergraduate research:   Once (with controls) 0.49 * [0.46, 0.52] 0.48 * [0.44, 0.52] 

Undergraduate research:   Twice (with controls) 0.39 * [0.35, 0.42] 0.32 * [0.28, 0.36] 

Undergraduate research:   Three + times (with controls) 0.26 * [0.23, 0.29] 0.18 * [0.16, 0.21] 

* Indicates statistically significant result (95% confidence interval does not include 1). Robust confidence intervals in brackets. 

Control variables: age, gender, race/ethnicity groups, Pell status, ACT score, college of enrollment. Time-varying covariates in 

binary treatment models: age, gender, Asian, Hispanic. Time-varying covariates in non-binary treatment models: age, gender, 

Asian, Black, Hispanic, ACT score (based on tests of proportional hazard assumption violations). 

# Average Treatment Effect estimated with normalized Inverse Probability of Treatment Weights truncated at 1% and 99%.     
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Figure 11. Estimates of the effect on time to departure: Binary and nonbinary treatments 

 

 

Table 13 summarizes all statistically significant findings of the study in a more interpretable way. 

Overall, we find that undergraduate research experiences (URE) are significantly related to most 

outcomes of interest: final cumulative GPA, the probability of graduation, university transfer, and student 

departure; and time to transfer and departure. The effects grow in size with an increase in frequency of 

undergraduate research participation. There is no evidence for the URE effect on time to completion. 

 

Table13. The impact of undergraduate research on student outcomes: Summary of findings 

 
Increase in 

GPA (points) 

Change in predicted probability of: Decrease in the hazard for: 

Graduation Transfer Departure Transfer Departure 

Overall UR 0.43 19 pp. 11 pp. - 22 pp. 19% 58% 

UR – once 0.34 12 pp. 8 pp. - 15 pp. 18% 52% 

UR – twice 0.51 23 pp. 11 pp. - 26 pp. 31% 68% 

UR – 3+ times 0.70 37 pp. 23 pp. - 40 pp. 32% 82% 
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Discussion 

This study contributes to prior literature on the impact of undergraduate research in several ways. First, 

we examined the effect of undergraduate research participation on multiple student outcomes in the 

community college settings and used appropriate methods for each outcome. Second, to address the self-

selection bias, we employed an advanced bias-reducing method to obtain estimates that may have causal 

interpretation. The methodology uses the Generalized Boosted Regression modeling to estimate the 

probability of undergraduate research participation and doubly robust inverse probability weighting 

estimators to mitigate selection bias in our analysis of the HIP effect on student outcomes. Third, in 

addition to the general effect of completing an undergraduate research component, we investigated 

whether participation frequency affects the outcomes. Finally, we examined undergraduate research 

participation and educational outcomes for a cohort of first-time freshmen across thirteen community 

colleges over nine calendar semesters. Such a large-scale and systemwide approach, which also accounted 

for institutional effects and was not limited to specific majors, enabled us to overcome limitations of case 

studies of select institutions or disciplines, which may be affected by institutional or field idiosyncrasies. 

We find that, as a high impact practice, undergraduate research experience positively influences 

several key student outcomes. As compared with similar nonparticipants, students completing 

undergraduate research components show better academic performance as measured by final GPA, are 

found to be more likely to graduate and transfer to a four-year college or university, are less likely to drop 

out or stop out, and demonstrate longer time to transfer and departure. In frequency analysis, which 

examined the number of times this HIP was completed, we find that the effect size grows with an increase 

in frequency of undergraduate research experiences. Overall, we conclude that undergraduate research—

as implemented by the TBR community colleges—is an efficacious high impact practice, which affects a 

multitude of educational outcomes. Our results are in line with prior literature (Nerio et al., 2019; Foley & 

Leonhardt, 2017; Balke et al., 2021; Hewlett, 2016; Genet, 2021; Cejda & Hensel, 2009) and provide an 

argument for expanding undergraduate research opportunities and increasing the experience frequency. 
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Our findings are mostly aligned with the original expectations and earlier literature. However, 

similar to the results of the study that examined the effects of service learning HIP,9 one finding warrants 

additional attention. In contrast to the increased probability of university transfer as compared with 

similar nonparticipants, undergraduate research students also demonstrate longer time to transfer. In other 

words, we find that students who took part in the undergraduate research HIP progress to university 

transfer at a slower rate. It seems counterintuitive that increased probability of transfer in the logistic 

regression does not translate into faster progression to transfer in the Event History Analysis models. We 

offer the following explanation based on the descriptive analysis of the sample and survival function 

curves.10 A larger share of undergraduate research participants transfer than nonparticipants (28.3 percent 

versus 17.7 percent); however, a larger proportion of participants transfer after earning a community 

college credential as compared to nonparticipants (18.1 percent versus 8.4 percent, respectively). 

Persisting in a community college until graduation and transferring after completion increases the time to 

university transfer for such students, including more participants. The average time to transfer is longer 

for participants than for nonparticipants (5.32 terms versus 4.79 terms, respectively); the former also 

attempt more credit hours by the transfer time than the latter (62.63 credits versus 54.49 credits). Thus, 

while undergraduate research participants are more likely to transfer than their similar counterparts, they 

also take longer to transfer to a four-year college or university—to a large extent because many of them 

attempt more credit hours and tend to earn a certificate or associate degree prior to transferring. 

The study limitations are as follows. First, the conditional independence assumption (Angrist, 1997) 

postulates that treatment assignment (HIP participation) is independent of the outcome conditional on the 

predictors in the model. We argue that our approach and the treatment predictors used in the propensity 

and outcome models mitigate the potential bias in the estimates. The predictor selection is rooted in prior 

research and our knowledge about the selection process into high impact practices at TBR. Based on that, 

we argue that our predictors adequately determine the selection mechanism and the outcomes. We also 

 
9 TBR. (2021). The effect of service learning participation on college outcomes: An empirical investigation. 
10 Estimated survival curves are presented in Appendix 5. 
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check pre-weighting and post-weighting balances on these covariates and are satisfied with the results. 

Nevertheless, the conditional independence assumption is untestable, and our reliance on the observable 

pre-treatment characteristics is acknowledged as a study limitation. 

Second, the study was conducted in community colleges of the Tennessee Board of Regents, which 

implements undergraduate research as a high impact practice in a centralized manner and alongside other 

HIPs and student engagement policies and practices. The TBR’s work on expanding its HIPs and 

implementing other reforms has intensified over the past several years, and the observation period of the 

study captures these large-scale reform efforts. We also opted for a cohort-based approach to include only 

first-time freshmen students from a particular year. Therefore, our findings may not be easily 

generalizable to other state and institutional settings, which may use other approaches to undergraduate 

research implementation as well as other taxonomies and minimum definitions of practice. 

Finally, the study is limited to a particular cohort, observation period, and a set of middle-range 

college outcomes. To preserve large sample sizes, we also used a combined identifier for undergraduate 

research participation without differentiating between types of student experiences in this HIP. When 

more data becomes available, it may be possible to extend the study horizon to more semesters of 

observation, compare outcomes of different cohorts and specific subpopulations of students, and examine 

distinct types of undergraduate research. Ideally, long-term educational and labor market outcomes should 

also be added to the investigation of HIP impacts. However, at the time of writing, the study is limited to 

the above parameters, and all results should be interpreted with these reservations in mind. 

Next steps for the investigation of HIP effects stem from the study limitations. Future studies will 

use longer observation periods, rely on cohort comparisons, differentiate between undergraduate research 

experiences, examine mutual effects of other HIPs and TBR policies, and include additional long-term 

educational and labor market outcomes. Ideally, such quantitative analyses should be complemented by 

qualitative research and ethnographic studies, which may include interviews and focus groups of students, 

faculty, and alumni. Triangulating findings from different research approaches will provide for more in-

depth understanding of the impact of participation in undergraduate research experiences and other HIPs.     
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Appendices 

Appendix 1. Standardized differences between mean values for treated and untreated groups before and 

after weighting, undergraduate research (binary treatment) 
 

 Unweighted sample Weighted sample 

 Participants 
Non- 

participants 

Stand. 

difference 
Participants 

Non- 

participants 

Stand. 

difference 

Age in the first semester 18.95 19.68 -0.16 19.45 19.58 -0.03 

Gender: Female (0, 1) 0.58 0.56 0.04 0.56 0.56 -0.01 

Race/ethn.: Asian (0, 1) 0.01 0.02 -0.07 0.01 0.01 -0.03 

Race/ethn.: Black (0, 1) 0.08 0.20 -0.33 0.15 0.18 -0.09 

Race/ethn.: Hispanic (0, 1) 0.04 0.07 -0.09 0.06 0.06 -0.02 

Race/ethn.: White (0, 1) 0.82 0.68 0.35 0.73 0.70 0.09 

Race/ethn.: Other (0, 1)) 0.04 0.05 -0.03 0.05 0.04 0.01 

Learning Support (0, 1) 0.58 0.65 -0.14 0.64 0.64 0.00 

ACT composite score 19.93 18.68 0.33 19.06 18.84 0.06 

High school GPA 3.23 2.99 0.30 3.05 3.02 0.04 

Resident Status 1.03 1.02 0.04 1.03 1.02 0.02 

High school diploma type 1.75 1.92 -0.22 1.86 1.90 -0.06 

Enrollment delay 0.81 1.45 -0.16 1.22 1.37 -0.04 

Pell Amount 1,314.95 1,389.31 -0.06 1,473.60 1,384.65 0.07 

Promise Amount 378.02 351.72 0.04 317.97 351.08 -0.05 

Lottery Amount 905.74 627.09 0.36 706.91 664.92 0.05 

TSAA Amount 217.47 221.72 -0.01 236.46 222.76 0.05 

Pell-eligible ever (0, 1) 0.59 0.65 -0.13 0.66 0.65 0.02 

Tennessee Promise (0, 1) 0.71 0.62 0.21 0.63 0.63 0.00 

Degree intent: Transfer 0.65 0.64 0.03 0.66 0.64 0.03 

Degree intent: Terminal 0.35 0.34 0.00 0.34 0.34 -0.01 

Degree intent: Undeclared 0.00 0.01 -0.15 0.00 0.01 -0.10 

Enrollment status: Term 1 0.96 0.89 0.26 0.92 0.90 0.09 

Attempted credits: Term 1 13.88 13.12 0.32 13.39 13.22 0.07 

Transfer Pathway (0, 1) 0.27 0.19 0.19 0.22 0.20 0.05 

Major Group 1 (0, 1) 0.00 0.01 -0.02 0.01 0.01 0.00 

Major Group 2 (0, 1) 0.02 0.04 -0.10 0.02 0.03 -0.07 

Major Group 3 (0, 1) 0.11 0.11 0.01 0.11 0.11 -0.01 

Major Group 4 (0, 1) 0.04 0.03 0.03 0.03 0.03 0.01 

Major Group 5 (0, 1) 0.21 0.15 0.17 0.17 0.16 0.03 

Major Group 6 (0, 1) 0.44 0.50 -0.13 0.49 0.49 0.00 

Major Group 7 (0, 1) 0.07 0.07 -0.01 0.07 0.07 0.00 

Major Group 8 (0, 1) 0.11 0.10 0.02 0.10 0.10 0.00 

 

Note: An absolute standardized difference of  ≤ 0.10 is considered balanced.     
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Appendix 2. Standardized difference between treated and untreated groups after ATE weighting, 

undergraduate research (binary treatment) 

 

 

 

 
 

 

Note: An absolute standardized difference of  ≤ 0.10 is considered balanced.     
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Appendix 3. Standardized difference between treated and untreated groups before and after ATE 

weighting, undergraduate research (binary treatment) 

 

 

 

 
 

 

 

Note: A (absolute) standardized difference of  ≤ 0.10 is considered balanced.      
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Appendix 4. Boxplot of propensity scores 
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Appendix 5. Estimated survival curves by undergraduate research participation: Weighed samples 
 

Graduation: Binary treatment Graduation: Non-binary treatment 

  
Transfer: Binary treatment Transfer: Non-binary treatment 

  
Departure: Binary treatment Departure: Non-binary treatment 
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