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ARTICLE

ABSTRACT
We examine the impact of Biology Mentoring and Engagement (BIOME) near-peer mentor-
ship on 437 first-year undergraduate students over three cohort years. The BIOME course 
consists of ten, 50-minute meetings where groups of six first-year mentees meet with an 
upper-division student mentor to discuss topics including metacognition, growth mindset, 
and effective study strategies. We employed a mixed-methods approach to evaluate the 
impact of BIOME on mentee academic outcomes. Initial ethnographic analysis revealed 
that BIOME influenced student study methods, approaches to academic challenges, and 
use of campus learning communities. We then constructed a novel, program-specific in-
strument to measure the implementation of these habits, a construct we named “academic 
habit complexity.” Regression analysis supported the hypothesis that enrollment in BIOME 
leads to students using more diverse approaches than their peers. Enrollment in BIOME, 
and the associated development of academic habit complexity, is related to higher course 
grades in General Chemistry, a biology major prerequisite. Finally, students participating 
in BIOME demonstrated improved short-term student retention as measured by increased 
enrollment in the subsequent prerequisite General Chemistry course. These results sug-
gest that course-based near-peer mentorship may be an effective and scalable approach 
that can promote student academic success.

INTRODUCTION
An increasing number of reports have called for changes to existing pedagogical prac-
tices and educational structures to increase the quality, number, and diversity of science, 
technology, engineering, and mathematics (STEM) graduates (National Research Coun-
cil, 2009; 2015; President’s Council of Advisors on Science and Technology [PCAST], 
2012; National Academies of Sciences, Engineering, and Medicine [NASEM], 2018). 
This can be accomplished, in part, by retaining more individuals who enter college 
intending to pursue a STEM degree. The highest attrition among these students occurs 
early in the college experience (Tinto, 1988, 2006; Almatrafi et al., 2017). Further, this 
attrition is disproportionately higher among students who are first-generation (first in 
their families to attend college) or are people of color (including Latinx, Black, Indige-
nous or Native American, and Pacific Islander). Loss of persons excluded because of 
their ethnicity or race (PEERs; historically called underrepresented minorities or URMs; 
Asai, 2020) leads to a loss of diversity in STEM fields that must be addressed (Griffith, 
2010; Chang et al., 2014; Eagan et al., 2017; Riegle-Crumb et al., 2019; Asai, 2020).

Students’ rationales for leaving STEM programs are multifaceted, reliant on the 
intersection of academic experience, performance, and noncognitive perception (Hall 
and Sandler, 1982; Chang et al., 2014; Aryee, 2017; Eagan et al., 2017). Reasons 
include the “chilly climate” of STEM classrooms and departments that makes it difficult 
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to build sense of belonging, the fast-paced and content-heavy 
nature of the introductory curriculum, and a competitive cul-
ture that prioritizes independence (Hall and Sandler, 1982; 
Seymour and Hewitt, 1997; PCAST, 2012; Fabert, 2014). Not 
surprisingly, research has identified that retention in STEM 
relies on student social integration, fostered interest, and self-ef-
ficacy (Tinto, 1993; Chemers et al., 2001; Hoffman et al., 2002; 
Estrada et al., 2011; Solanki et al., 2019). However, given the 
public university context, which often includes noninteractive, 
large-enrollment courses, it is difficult to provide first-year stu-
dents with intimate experiences that inculcate student experi-
ences and traits that lead to improved retention (Stains et al., 
2018).

Theoretical Framework of Mentorship
Research exploring the relationship between undergraduate 
mentoring and student development is guided by a number of 
different theoretical frameworks (as reviewed in Crisp and 
Cruz, 2009; Gershenfeld, 2014). The theory most often applied 
to undergraduate mentorship programs in higher education is 
Tinto’s integration framework (Tinto, 1993). Tinto posits that 
students who are integrated into the campus environment, both 
within and outside the classroom, are more likely to persist. 
Feelings of integration often contribute to greater satisfaction 
with and commitment to the university, both of which influence 
student retention decisions. A response to Tinto’s work has been 
to implement structured student support services, including 
mentorship opportunities, meant to encourage integration.

The extant framework of mentorship suggests that this prac-
tice facilitates mentee integration in a number of ways (Jacobi, 
1991; Austin, 2002; Allen and Eby, 2003; Ostrove and Long, 
2007; NASEM, 2019), including psychosocial support, instru-
mental support, and academic support (Kram, 1988; Scandura, 
1992; Nora and Crisp, 2007; Eby et  al., 2013). Psychosocial 
support refers to mentor behaviors that enhance a mentee’s 
self-perception of competence and facilitates both personal and 
emotional development (Kram, 1985; Flaxman et  al., 1988; 
Tenenbaum et al., 2001; Nakkula and Harris, 2005; Johnson 
et  al., 2007; Spencer, 2007). Instrumental support refers to 
resources and opportunities provided by the mentor to mentees 
that enable their engagement in achieving goals and belonging 
(Tenenbaum et  al., 2001; Allen and Eby, 2007; Blinn-Pike, 
2007; Johnson et al., 2007; Griffin and Romm, 2008; Terrion, 
2012). Academic support involves educating, evaluating, and 
challenging students academically and includes subject-knowl-
edge support, goal setting, skill development, and career advice 
(Schockett and Haring-Hidore, 1985; Miller, 2002; Nora and 
Crisp, 2007). Finally, scholars examining mentorship for youth 
and in the workplace have attributed high-quality connections 
to effective mentoring relationships (Rhodes, 2002, 2005). 
Thus, by combining these elements, whereby mentors make 
explicit effective disciplinary behaviors and practices, the model 
suggests that mentorship can promote the adoption of new hab-
its that improve mentee success in specialized, challenging 
environments.

Extant Undergraduate Mentorship Research
Universities have provided faculty–student mentorship to foster 
student success in the STEM environment. Multiyear under-
graduate research experiences have been shown to increase the 

number of PEER students who graduate from college and sub-
sequently earn a PhD (Maton et al., 2012, 2016; Estrada et al., 
2018). These studies have been essential to constructing the 
mentorship theoretical model and provide evidence that these 
experiences impact their science efficacy, identity, and values 
(Crisp and Cruz, 2009; Dolan and Johnson, 2009, 2010; 
Estrada et al., 2018; Robnett et al., 2018) However, indepen-
dent research and course-based undergraduate research experi-
ences as a form of mentorship are difficult to scale. At large-en-
rollment postsecondary institutions, the student:faculty ratios 
may be greater than 80:1 in certain majors (data from Univer-
sity of California, Santa Barbara [UCSB] Institutional Research, 
Planning, and Assessment), making it difficult, if not impossi-
ble, to provide all students in these programs with meaningful 
faculty mentorship. Therefore, near-peer mentorship programs 
that can be implemented at scale are an alternative to create 
these support structures. This approach generally involves pair-
ing first-year undergraduates with third- or fourth-year students 
who have similar goals and backgrounds, with the mentor aim-
ing to provide personalized guidance and insight into navigat-
ing the complex university system.

Despite implementation of near-peer mentorship programs 
across university campuses, rigorous empirical evidence regard-
ing their effectiveness and mechanisms of action remains thin 
(as outlined in reviews by Jacobi, 1991; Crisp and Cruz, 2009; 
Gershenfeld 2014; Lane, 2020). In fact, the analysis of near-
peer mentorship literature reviewed by Gershenfeld (2014) and 
Lane (2020) noted that the majority of mentorship studies pro-
vided no conclusive evidence that their programs had an impact 
on the desired outcomes; further, most lacked methodological 
rigor. This current standing of the field is likely due in part to 
the diversity of mentorship scholarship; in their review, Crisp 
and Cruz identified 50 distinct definitions of mentorship in pub-
lished research studies. Further, these studies also varied in the 
potential outcome measures and methodology employed.

Of the studies available, some near-peer mentoring pro-
grams have demonstrated the potential to improve the transi-
tion to the university, promote positive student development, 
and improve academic performance (Johnson et  al., 1998; 
Hansford et al., 2003; Rodger and Tremblay, 2003; Salinitri, 
2005; Wilcox et al., 2005; Sorrentino, 2006; Dearlove et al., 
2007; Nora and Crisp, 2007; Green, 2008; O’Brien et  al., 
2012; Zaniewski and Reinholz, 2016). O’Brien et al. (2012) 
evaluated a 6-week near-peer mentoring program with first-
year education students aimed at facilitating the transition to 
university by setting realistic goals, making students feel they 
were valued by the university, and facilitating the develop-
ment of friendships. Based on results from pre- and postpro-
gram questionnaires, mentees reported significantly less 
stress about coming to university and less worry about not 
belonging. These results suggest that the instrumental, psy-
chosocial, and academic support provided by the mentors 
may influence mentee academic habits (e.g., academic sup-
port: providing insights into effective study habits) or percep-
tions of college (e.g., psychosocial support: emotional sup-
port in persisting through stressful setbacks), resulting in the 
observed improved academic performance and retention 
(Filippou et al., 2015).

Although research into the effectiveness of near-peer men-
torship provides encouraging results, these studies often have 
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small sample sizes, do not focus on STEM majors, or collect 
data from a single cohort. Further, very few peer mentorship 
publications link their results to the proposed mentorship con-
ceptual model (Crisp and Cruz, 2009; Figure 1). To begin to 
answer these questions, we present our analysis of Biology 
Mentoring and Engagement (BIOME) near-peer mentorship 
on participating mentees. To accomplish this, we used a 
mixed-methods approach to identify and subsequently charac-
terize a putative mechanism by which BIOME may promote 
mentee academic success and retention. By analyzing three 
cohort years, collectively comprising 437 first-year biology stu-
dents, we are able to assess how the BIOME course, and its 
associated mentorship, influences a large number of diverse 
biology undergraduate students.

The Study Context
In terms of experimental design, selection of the biology 
major to assess the impacts of this approach has two strengths. 
First, biology is the largest undergraduate major on the uni-
versity’s campus, where annual matriculation is ∼1100 stu-
dents (Table 1). These cohorts include large populations of 
PEERs (>30%), educational opportunity program–eligible 
individuals (40%; EOP eligibility is conferred by parental 
socioeconomic status), and first-generation students (40%). 
This large, diverse student body enables us to assess the effec-
tiveness of a scaled mentorship approach. Second, all biology 
majors must complete a yearlong, three-course series of Gen-
eral Chemistry (hereafter CHEM 1A in Fall, CHEM 1B in Win-
ter, and CHEM 1C in Spring) before enrollment in the second 
year–level Introductory Biology courses. To remain on track in 
the major, students must earn at least a “C−” letter grade (1.7 
on the 4.0 scale) in each course of the series. Approximately 
25–30% of declared biology majors do not earn the minimum 
grade; in fact, students who earn less than a “C−” grade in the 
Fall offering of CHEM 1A are less likely to be retained to the 
Fall of their second year (Supplemental Table 1). Thus, the 
General Chemistry series presents an opportunity for us to 
assess the impact of course-based near-peer mentorship on a 
shared major academic challenge to student performance and 
retention.

BIOME Course and Mentorship Structures
The BIOME seminar course is co-taught (M.W. and E.G.-N.) in 
the Fall quarter as a 50-minute-long, one-unit weekly seminar 
course restricted to first-year biology majors. Each class meet-
ing involves a short (estimated to take 20–45 minutes) reading 
and reflection assignment that forms the basis for the discussion 
in that week’s 50-minute class seminar. Themes and topics were 
designed to foster the development of academic “soft skills,” 
including growth mindset (Claro et al., 2016), time manage-
ment (George et al., 2008; Krumrei-Mancuso et al., 2013), and 
reflective and adaptive study skills (Dunlosky et al., 2013; Sup-
plemental Table 2). Before commencement of the Fall quarter, 
incoming first-year biology students were invited to enroll in 
the one-unit, pass/no pass seminar by email and at in-person 
orientation. Enrollment in BIOME was optional. Total BIOME 
enrollment was ∼110–150 per cohort year, and students 
selected one of four sections that were offered at various times 
throughout the week. First-year students (hereafter “mentees”) 
were randomly assigned to academically successful, upper-divi-
sion biology students (hereafter “mentors”) who mentored their 
groups for the entire 10-week quarter; by using weekly assign-
ments to guide conversation, mentors were to provide psycho-
social, academic, and instrumental support to their mentees 
(Figure 1; Supplemental Table 2). The mentors, seated at small 
discussion tables with four to six of their mentees, directed dis-
cussion at each table during class time while the instructors 
guided larger, class-wide discussions to launch or summarize 
seminar themes of each of the weekly assignments. The men-
tors received one unit of course credit for participating in a 
10-week-long mentorship training seminar that met weekly for 
50 minutes (led by M.W. and E.G.-N.). The mentor training 
course centers on weekly readings and discussions of tech-
niques of effective mentorship; subsequently, participating 
mentors role-play situations to practice these approaches. Fur-
ther, mentors were trained to facilitate conversation and pro-
vide feedback to mentees, rather than to act as content tutors in 
the BIOME class settings.

Summary and Research Questions
Here we describe the structure of the BIOME course and ana-
lyze the academic impact on mentored students in three aca-
demic cohorts (2017–2019; Table 1). Given the study context, 
wherein a considerable number of biology majors struggle 

FIGURE 1.  Conceptual model of BIOME peer mentorship for 
first-year biology majors. Squares represent theoretical elements 
of BIOME peer mentorship, while rounded boxes are measured 
outcomes. Red indicates framework outcomes measured in the 
present study. Dashed lines indicate hypothesized relationships 
based on extant literature.

TABLE 1.  Descriptive data of the 2017–2019 biology student 
cohortsa

BIOME Total

Biology major students (n) 437 2920
Female 290 (66.36%) 1970 (67.47%)
PEERs (URM) 144 (32.95%) 1054 (36.1%)
EOP 157 (35.93%) 1011 (34.62%)
First generation 204 (46.7%) 1276 (43.7%)
Mean total SAT (total: 1600) 1473 1500 (1505 for 

non-BIOME cohort)

aDemographics of the Fall 2017–2019 course offerings. Description includes only 
declared biology majors with first-year standing. Percentages denote the composi-
tion of particular demographics of the declared biology majors present in the 
sections of the courses. Differences are not significant as assessed by multilevel 
logistic regression, in which cohort year is the random intercept variable.
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academically in General Chemistry, we sought to analyze 
whether BIOME promoted student academic success in these 
required courses while decreasing the short-term attrition of 
biology majors in their first year of study. Thus, to characterize 
the potential impacts of this peer mentorship course, we sought 
to address the following four questions:

•	 Does BIOME influence student adoption of more diverse 
academic habits?

•	 Does increased academic habit complexity result in improved 
grade performance in the major’s required CHEM 1A course?

•	 Does BIOME improve student retention into the subsequent 
CHEM 1B course as a short-term indicator of retention?

•	 Does BIOME differ in impact on PEERs?

METHODS
To evaluate BIOME, we employed a mixed-methods study 
design that enabled us to describe, connect, and explain the 
outcomes of our study (Creswell and Plano Clark, 2011). We 
initiated this approach by using qualitative research methods to 
identify putative mechanisms by which the BIOME could be 
promoting student success. This approach identified the impor-
tance of implementing multiple academic habits for student 
success in CHEM 1A—the construct of student academic habit 
complexity. To characterize this construct, we developed a 
22-item academic habit complexity survey instrument. Results 
from the qualitative approaches and instrument design are 
explained in depth in Clairmont (2020) and summarized in the 
Supplemental Material. We present here the quantitative 
approaches that enabled us to study the effect of BIOME on 
student academic habit complexity, student grades, and short-
term retention. In what follows, we elaborate on each phase of 
the quantitative methodological approaches, the specific sam-
ples or data involved, and the results of our analyses (Table 2).

Analysis Plan
To analyze whether the BIOME program influenced mentee 
academic habit complexity, CHEM 1A grade, or short-term stu-
dent retention, we built regression models to compare academic 
outcomes of BIOME mentees and their non-enrolled peers. 
Thus, BIOME enrollment, our key predictor of interest, was 
coded 1 if the student was enrolled in BIOME, and 0 otherwise. 
UCSB Institutional Research, Planning, and Assessment pro-
vided anonymized grade, retention, BIOME enrollment, and 
demographic data for all 2920 first-year biology students 
included in the three cohorts that make up this study. In what 

follows, we describe the specific regression analyses performed 
to estimate the impact of BIOME on CHEM 1A grades, retention 
of students progressing into CHEM 1B, and whether various 
student subgroups benefit disproportionately from the pro-
gram. Student ethnicity, parental income/education level, 
Scholastic Aptitude Test (SAT) scores, and high school grade 
point average (GPA), as well as UCSB course grade and enroll-
ment, were provided in anonymous aggregate by UCSB Institu-
tional Research, Planning, and Assessment. This study was con-
ducted under the guidelines of the UCSB Office of Research 
Human Subjects approved Institutional Review Board (IRB) 
protocol no. 2-17-0610. Under this IRB, demographic data, 
course retention information, and final grade data were avail-
able for all first-year biology students.

Latent Regression Analysis of BIOME on Academic Habit 
Complexity
To study the effect of BIOME on student academic habits, we 
used a latent regression modeling strategy. A latent regression 
institutes the use of covariates in the Rasch model, in particular 
person-level covariates like belonging to a certain program. The 
use of the model is contingent on the initial data from the 
instrument of use fitting the Rasch model. In our latent regres-
sion model to predict academic habit complexity, the stu-
dent-person covariate was whether a student belonged to 
BIOME or not. In this way, the effect of BIOME, with the indica-
tor variable taking on 1 or 0, can be interpreted with the same 
unit and scale as the items of the academic habit complexity 
instrument, while accounting for measurement error—effec-
tively carrying uncertainty forward and providing more accu-
rate estimates of the effect of BIOME. For more on latent regres-
sion models or so-called explanatory item response theory 
(IRT) models, see Briggs (2008). The results from this analysis 
provide an estimated difference in academic habit complexity 
between students enrolled in BIOME or not.

Linear Regression Analysis of Student Grade
To estimate the treatment effect of BIOME on the key outcome 
of student grades for the first-quarter CHEM 1A, we used a lin-
ear regression model. Final student letter grades were trans-
formed into a 4.0 GPA scale. The model used here involved all 
pretreatment/pre-BIOME covariates that are thought to account 
for incoming academic ability differences or potential to select 
into the program. Our first baseline regression model included 
variables collected by UCSB Institutional Research, Planning, 
and Assessment.

TABLE 2.  Descriptions of data analyses

Outcome variable analyzed Method Years analyzed

Academic habit complexity Novel items authored and fit to a Rasch model
Measure validation using evidence from ethnographic observation, 

cognitive interviews, relationships to other variables, and other data

Two years: 2018–2019

Grade performance in 
General Chemistry 1A

linear regression. Checks of robustness -propensity score matching and 
subsequent multilevel linear regression

Intraclass correlation for influence of clusters

Three years: 2017–2019 combined 
with cohort year as random 
intercept variable

Student retention to General 
Chemistry 1B

Multilevel logistic regression analysis, checks of robustness, propensity 
score, and subgroup (moderations) analysis

Three years: 2017–2019 combined 
with cohort year as random 
intercept variable
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where CHEMGRADE represents student grades in the Fall 
CHEM 1A course; α is the intercept, which represents the mean 
grade of first-year biology students not enrolled in BIOME; β1 
represents the coefficient for the effect of BIOME; and BIOMEs 
is an indicator variable for BIOME membership. The additional 
variables represent potentially confounding variables that may 
mask the effect of BIOME if not adjusted for.

These variables included student high school GPAs, student 
SAT scores, the natural logarithm of parental income (because 
it was extremely skewed) and education status, and student 
ethnicity. Additionally, because a student’s cohort may have an 
effect on student achievement, the year a student was admitted 
was considered. This model was run with three cohort years of 
data (2017, 2018, 2019). These years were included as both 
random effects in a mixed effects model and as dummy vari-
ables in a least-squares regression (single level), and neither 
yielded different estimates for BIOME (Gelman and Hill [2007] 
note that mixed-effects models are not likely to add much infor-
mation to a study when there are fewer than five groups).

Additionally, to ease interpretation, math and verbal SAT 
scores were divided by 100. Further, because the writing por-
tion of the SAT changed in format and scoring between admis-
sions years used in the analyses, SAT writing scores were stan-
dardized within the admission cohort years. In the model above, 
SAT scores represent the three different SAT scores described 
(hence three different coefficients). Covariates and their esti-
mates are listed in the Supplemental Material. A check for col-
linearity among predictors in all regressions was performed 
using a variance inflation factor (VIF) and generalized VIF 
(given multiple categorical predictors, we used GVIF; Fox, 
2016). No VIF or GVIF values were greater than 4.5 in any 
model, which is less than the common rule of thumb, whereby 
a VIF of 10 should be considered possibly problematic (O’Brien, 
2010). The covariates with the largest VIF values were the SAT 
writing and SAT verbal scores; however, removal of these 
covariates did not alter estimated effects of BIOME.

Logistic Regression Analysis of Short-Term Retention
We were interested in assessing whether BIOME influenced 
short-term student retention in the biology major. However, 
students generally do not declare themselves as “dropped out” 
(Rumberger, 2011; Uretsky and Henneberger, 2020). At our 
institution, it is not required that students officially change their 
majors to begin taking courses for other majors that are housed 
in the College of Letters and Sciences (or to stop taking courses 
required of the biology major, e.g., General Chemistry). There-
fore, we use the approach of quantifying student progression 
through required pre-major courses, like CHEM 1A and 1B, as a 
proxy for student retention in the biology major.

To conduct this analysis, we studied the rate at which stu-
dents took the second required General Chemistry course, 
CHEM 1B, on time as recommended by the institution. That is, 
if they took the second chemistry course in the quarter recom-

mended by the major, it is likely that the students’ intent is to 
remain in the biology major. Therefore, we conducted a logistic 
regression in which students who took CHEM 1B in the Winter 
quarter of their first year were considered on time and retained 
over the short term. Hence, the logistic regression took the 
form, adjusting for demographic and background variables,

�
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where ON TIME COURSE is a dummy variable taking on the 
value of 1 if the student takes the CHEM 1B course in the Win-
ter of the first year as recommended by the major, and 0 other-
wise (CHEM 1B: 1 = on time; 0 = not on time, hereafter referred 
to as hindered). BIOME is a dummy variable representing 
whether a student took BIOME in the first year, and β1 rep-
resents the treatment effect in BIOME in logits and can be con-
verted to odds ratios via exponentiation. For the propensity 
score matching, due to the use of weighting, a quasibinomial 
link was used.

Student Subgroup Analysis
To understand whether BIOME had a differential impact 
depending on student subgroups, the analyses described above 
were modified to include an interaction term between student 
ethnicity and the treatment, BIOME. In each analysis described 
above, the models were modified to appear:

�

∑
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In these models, both Ethnicity and BIOME are categorical vari-
ables, so statistical significance implies a potential difference 
between any category and the reference group. In the model, 
the reference group used was white.

Propensity Score Matching
To conduct an analysis of the effect of BIOME participation on 
student academic outcomes that may account for the self-en-
rollment selection bias, we had to identify an appropriate con-
trol group of nonparticipating students. Therefore, we used pro-
pensity score matching to match each treatment student (in 
BIOME) to a non-BIOME member (matched sample student), 
simulating a randomized experiment but shifting the interpre-
tation of the analysis in this portion (see Supplemental Mate-
rial) to the causal effect of those who would be treated (the 
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estimate the difference in academic habit complexity between 
those enrolled in BIOME or not at the beginning and end of the 
Fall quarters (Table 3). The latent regression revealed a signifi-
cant positive difference for the BIOME group in academic habit 
complexity of 0.3 logits; that is, BIOME participants showed a 
level of academic habit complexity roughly 5% higher than that 
of the comparison group at the end of the Fall quarter. To put 
this in context, the 0.3 logit difference on the academic habits 
construct can be applied to specific items. Although the logit 
difference between those in BIOME versus those who are not 
remains constant, the estimated probability that a student 
endorses an academic behavior varies by item difficulty (Sup-
plemental Figure 1A) and person ability (Supplemental Figure 
1B). For example, an average first-year biology student (who is 
not in BIOME) is estimated to have a 51% chance of reworking 
CHEM 1A problems from tests and quizzes, while an equivalent 
student in BIOME would have a 59% chance of reporting hav-
ing reworked these problems. However, with an easier item, 
such as attending a campus tutoring session, the probability of 
endorsement is 52% versus 64% for non-BIOME students com-
pared with BIOME mentees, respectively.  Additionally, a multi-
variate regression provided evidence that academic habit com-
plexity and grades in CHEM 1A were positively related: students 
earned an average of half a letter grade higher in chemistry for 
every four academic habits they reported, even after controlling 
for SAT math scores, BIOME enrollment, and high school GPA 
(Table 4; Supplemental Table 3; Clairmont, 2020).

BIOME Correlates with Improved Student Academic 
Performance
To assess the impact that BIOME has on student academic per-
formance, we carried out a regression analysis in which student 
CHEM 1A final grade was regressed on the treatment variable, 
BIOME, as well as all demographic variables presented in the 
Methods section. Results from the unmatched sample are pre-
sented in Supplemental Table 4. After adjusting for confound-
ers, including student demographics, we observed that CHEM 
1A final grades for students in BIOME, holding values on all 
other pretreatment variables constant, were 0.19 GPA points 
higher than students in the matched sample (p < 0.0001; Sup-
plemental Table 4, column 2). To assess whether this analysis 
was biased due to differences between the student populations 
enrolled in BIOME or not, we performed propensity score 
matching (Table 5). In the matched sample, the results should 
be interpreted as the effect of the BIOME on those who are 
enrolled in BIOME (the average treatment effect on the treated 
[ATT]). In this case, the increase in CHEM 1A final grade was 
0.19 GPA (p < 0.001) points for a student in BIOME compared 
with students like them (matched on demographics and other 
confounding variables) in the matched sample (Table 5).

average treatment effect on the treated). A concern with pro-
pensity score matching is that there are yet unmodeled determi-
nants of BIOME membership including psychosocial factors 
that we have not measured. Further, there are concerns that 
propensity score matching itself can bias results in other ways 
(for a larger discussion, see King and Nielsen, 2019). These 
concerns are the motivation for presenting the baseline regres-
sion models in case propensity score methods are biasing our 
results. Thus, we present both propensity score matching and 
regression analyses side by side (as in Ou and Reynolds, 2010; 
Xu and Jaggers, 2011).

We used BIOME students’ propensity scores to identify com-
parable non-BIOME control students, generating what we call 
the “matched sample” (see Supplemental Material for details). 
Our matching procedures primarily used genetic matching via 
the MatchIt package in R (Ho et  al., 2011). Using this algo-
rithm, we were able to find a match for each treated unit 
(BIOME student) from the control units (non-BIOME student) 
that represents “closeness” of these units based on the distribu-
tion of propensity scores for those units being matched. The 
propensity score–matching procedure resulted in two groups 
(BIOME group n = 393 and matched sample control group n = 
344). Because genetic matching with replacement was used, 
the procedure finds the best matches for each treatment, some-
times re-using control group students. A potential problem of 
1:1 matching is that it can lead to potential poor matches in 
cases where two (or more) treatment units would match well to 
the same control unit (Diamond and Sekhon, 2005; Stuart, 
2010). All covariates had standardized mean differences of less 
than |0.10| following matching. We provide additional infor-
mation concerning our qualitative and propensity score match-
ing approaches in the Supplemental Material. The propensity 
score–matched populations were then analyzed via regression 
analyses as described. For propensity score matching models, 
collinearity is less of a concern, as coefficient estimates are not 
the primary focus.

RESULTS
Prior research and the mentorship conceptual model suggest 
that effective, high-quality peer mentorship results in improved 
student academic performance and retention. Therefore, we 
sought to evaluate the effects of the BIOME near-peer mentor-
ship program on mentee outcomes by 1) assessing whether 
enrollment in BIOME increases student academic habit com-
plexity, 2) characterizing whether academic habit complexity is 
related to grade performance in CHEM 1A, 3) determining 
whether participation in BIOME improves student retention 
into the subsequent CHEM 1B course, and 4) whether BIOME 
has disproportionate impacts on PEERs. The student population 
presented are from three cohort years (2017–2019) and com-
prise 2920 first-year biology majors (Table 1).

BIOME Influences Academic Habit Complexity
To assess whether BIOME influenced mentee academic habits 
differently than those of their non-enrolled peers, all first-year 
biology students were invited by email to complete the online 
academic habit complexity survey scale. Although the response 
rate was ∼35–40% of the first-year biology cohorts, there were 
no significant demographic differences between BIOME and 
non-BIOME respondents. A latent regression was performed to 

TABLE 3.  Latent regression results with item responses to the 
academic habit complexity instrument as outcomes

Logit units (SE) p value

BIOME 0.29 (.14) 0.019
Item threshold parameters 22
Number of parameters estimated 25
Deviance 7639.06
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BIOME Improves Student Retention
To assess whether BIOME promotes student progress through 
the prerequisite courses for the biology major, we analyzed stu-
dent enrollment in CHEM 1B in the subsequent Winter quarter 
via logistic regression. Enrollment in CHEM 1B in the Winter 
quarter is considered “on time” and is required for a biology 
student to remain on track for the biology major. Students who 
do not take CHEM 1B in Winter quarter, due to repeating CHEM 
1A or not enrolling in CHEM 1B, are termed “hindered.” With-
out adjusting for covariates, students enrolled in BIOME were 
75% more likely to take CHEM 1B on time than those not in 
BIOME (on-time BIOME = 331 students; hindered BIOME = 83; 
on-time not BIOME = 1670; hindered not BIOME = 733)

We regressed on-time course taking of CHEM 1B on various 
background demographics and the treatment of interest, BIOME 
membership, as described in the Methods section. In the 
unmatched sample, students in BIOME were much more likely 
to take CHEM 1B on time (Supplemental Table 5). In fact, hold-
ing all covariates constant, the odds of students enrolled in 
BIOME taking CHEM 1B on time are double those of students 
who are not enrolled in BIOME (odds ratio = 1.92, p < 0.001). 
To check these models, we used the matched sample described 
earlier to analyze on-time course taking. Here, holding all 
covariates constant, the odds of a student in BIOME taking 
CHEM 1B on time are 2.07 times those of students in the 
matched sample (p < 0.001; Table 6).

BIOME Impact on Student Subgroups
We were interested in assessing whether BIOME had a dispro-
portionate benefit for PEER individuals, who leave the biology 
major at a higher rate than their non-minoritized peers. To ana-
lyze the potential impact of BIOME on students from different 
subgroups, we constructed regressions in which student chem-
istry grades in CHEM 1A and student on-time course taking of 
CHEM 1B were each regressed on the interaction between 
whether a student was in BIOME or not and the student’s eth-
nicity. Using the unmatched sample, Supplemental Table 4 (col-
umn 2) shows that the coefficients representing the interactions 
between BIOME enrollment and student ethnicity are statisti-
cally insignificant in predicting student CHEM 1A grades. 
Results are similar in the matched sample (Table 5). The 
matched sample for six students of unknown ethnicity is quite 

small, meaning there is too much uncertainty regarding the 
interaction terms for those individuals.

Correspondingly, Table 6 shows that the odds of taking 
CHEM 1B on time do not change as a function of subgroup and 
enrollment in BIOME. In other words, as for CHEM 1A grades, 
it does not appear that there is a difference in outcomes of 
on-time course taking for students in BIOME of one ethnicity 
over another. In the case of the matched sample, student sub-
group estimates also have a lot of uncertainty about the esti-
mates, meaning the interaction terms between subgroup and 
BIOME treatment are not significant (p > 0.05) and all para-
meter estimates are close to odds ratios of 1.

DISCUSSION
As part of a larger, mixed-methods study, we uncovered evi-
dence that the BIOME course influences student academic 
behaviors (for qualitative analyses, see Clairmont, 2020; Sup-
plemental Materials). Parallel to our qualitative evidence, the 
quantitative evidence is strongly suggestive of a positive associ-
ation between participation in BIOME and increases in aca-
demic habit complexity. Taking a latent variable approach, we 
found a statistically significant difference between participants 
in the BIOME and non-participating first-year undergraduates 
(Table 4). Cross-sectional designs are limited in the extent to 
which they can demonstrate causation without further design 
features. However, as Onwuegbuzie and Leech (2004) have 
argued, mixed-methods designs are perhaps a more appropriate 
“gold standard” for research involving human subjects interact-
ing with complex systems than more traditional randomized 
controlled trials that involve randomization only for the pur-
pose of statistical inference. Given the potential benefits of par-
ticipation in a mentoring program and lacking institutional sup-
port to conduct a randomized controlled trial, a detailed 
mixed-methods study is the most realistic method for exploring 
the potential causal mechanisms at work in this program 
(Creswell and Plano Clark, 2011).

Prior research characterizing near-peer mentorship pro-
grams have included postintervention outcome measures that 
center on academic performance (grades) or affective outcome 
measures (Johnson et al., 1998; Hansford et al., 2003; Sorren-
tino, 2006; Wilcox et al., 2005; Dearlove et al., 2007; Nora and 
Crisp, 2007; Green, 2008; O’Brien et  al., 2012; Leidenfrost 

TABLE 4.  Results of regressing final grades in CHEM 1A (in GPA points) on ability estimates from the academic habit complexity instrument

Beta SE t p

(Intercept) −6.984 1.05 −6.654 <0.001
Academic habit complexity 0.176 0.057 3.107 0.002
Scientific notation format −8.529e−7 4.885e−7 −1.746 0.082
SAT Math score 0.007 8.974e−4 7.858 <0.001
High school GPA 1.163 0.241 4.826 <0.001
Ethnicity

  Reference group: white
    Asian 0.018 0.132 0.136 0.892
    PEER −0.163 0.158 −1.031 0.304
Gender

  Reference group: female
    Male 0.114 0.126 0.91 0.364
First generation −0.094 0.133 −0.704 0.482
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et al., 2014; Zaniewski and Reinholz, 2016). To our knowledge, 
the literature has yet to provide a rigorous characterization of 
the mechanisms that underpin how near-peer mentorship struc-
tures embedded in a structured course promote the observed 
positive outcomes. Therefore, our development and implemen-
tation of a tailored, novel academic habit complexity measure 
sheds light on a possible mechanism of course-based near-peer 
mentorship: mentors in a course context are able to meaning-
fully influence mentee adoption of effective approaches to chal-
lenging academic environments (Table 4). These results rein-
force the mentorship conceptual model wherein the BIOME 
course promotes increased academic habit complexity of 
enrolled mentees (Figure 1).

In the BIOME mentorship framework, it is posited that, by 
providing students with effective mentorship supporting useful 
study techniques and academic soft skills, mentee use of certain 
academically beneficial behaviors will increase. In turn, employ-
ing a diverse suite of academic behaviors—increased academic 
habit complexity—will result in better grades. While academic 

performance may include student learning, subject matter 
retention (long or short term), and the ability to combine and 
critically assess ideas, we took a narrow view of academic per-
formance as student performance in the course, operational-
ized via final grades. This decision represented, at least in the 
short term, the goals and values of students and faculty within 
the biology major. With this approach, we found evidence of a 
relationship between BIOME participation and student success 
in the concurrently offered, biology prerequisite course of 
CHEM 1A (Table 5; Supplemental Table 4). Using student 
grades in CHEM 1A, we analyzed the relationship between 
BIOME and student grades via linear regression. After adjusting 
for covariates, we saw that BIOME members’ grades were 0.19 
GPA points above those of students not in BIOME. In matched 
populations, our observed increase in CHEM 1A final grade was 
approximately the same 0.19 GPA points for students in BIOME 
compared with students like them. However, given that this is 
observational data, we cannot claim a causal relationship, 
because student participation in BIOME was optional. Further, 

TABLE 5.  Coefficient estimates using the propensity score–matched sample with CHEM1A GPA as the outcome variable of interest

Beta SE p value

BIOME 
Reference group: 
not BIOME

— — —

    BIOME 0.19 –0.06 0.002***
Admit quarter 

Reference group: 
2017 cohort — — —

    2018 Cohort −0.18 −0.09 0.06*
    2019 Cohort −0.26 −0.09 0.01***
Gender 

Reference group: female — — —
    Male 0.18 −0.07 0.005***
SAT Math score (divided by 100) 0.72 −0.06 0.00***
SAT Verbal score (divided by 100) 0.08 −0.1 0.47
Standardized SAT Writing score 0.09 −0.07 0.25
Ethnicit 

Reference group: white — — —
    Asian −0.19 −0.08 0.02**
    International 0.22 −0.13 0.09*
    Unknown ethnicity −0.24 −0.25 0.34
    PEER −0.16 −0.09 0.09*
High school GPA 0.72 −0.13 <0.0001***
Parent education
    Reference group: 2-year college graduate — — —
    4-year college graduate 0.06 −0.14 0.69
    High school graduate −0.17 −0.16 0.3
    Missing information 0.15 −0.46 0.74
    No high school −0.23 −0.19 0.23
    Postgraduate degree −0.08 −0.14 0.59
    Some college −0.16 −0.16 0.33
    Some high school 0.06 −0.18 0.74
    Parent income (log scale) 0.005 −0.03 0.88
    Constant −5.7 −0.92 p < 0.0001***
Observations 730
Log likelihood −848.73
Akaike information criterion 1739.47
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the practical significance of this relationship is also difficult to 
glean. In the realm of letter grades at our institution, the 
difference between “C−” and a “C”, a key cutoff for the biology 
majors (Supplemental Table 1), is ∼0.3 GPA points. The 
observed grade increases, based on our analyses, are some-
where between two-thirds to four-fifths of this difference. The 
question is for whom and how this difference changes students’ 
retention in the major or their perceived belongingness in the 
major, as this grade difference will not necessarily promote stu-
dents into a new letter grade unless they are close to the grade 
boundaries.

Student integration into the university community is a key 
determinant of student retention (Tinto, 1993). Although near-
peer mentorship programs have demonstrated promising qual-
itative results in influencing student perceptions of belonging 
(Yomtov et al., 2017; Zaniewski and Reinholz, 2016; Lim et al., 
2017; Moschetti et al., 2018) and intentions to persist (Solanki 
et al., 2019), evidence of peer mentorship promoting STEM stu-
dent retention beyond the program remains preliminary 
(Zaniewski and Reinholz, 2016). Given the results that BIOME 
mentees are approximately two times more likely to enroll in 
CHEM 1B, this result suggests that our peer mentorship course 
may promote student retention in the biology prerequisite 
course series.

Limitations
Assessing whether BIOME influenced student academic behav-
iors relied on the academic complexity measure (Clairmont, 
2020; Supplemental Figure 1A). The constructs that make up 
the 22-item instrument arose from BIOME classroom ethnogra-
phy combined with subsequent focus group discussions. Focus-
group participants were first-year biology students who were 
enrolled in BIOME and CHEM 1A or CHEM 1A alone; impor-
tantly, students who were not enrolled in BIOME were able to 
identify the importance of the individual academic behaviors 
included in the instrument and academic success in CHEM 1A. 
Further, validity evidence was collected from students who 
were not included in study regression results presented and 
comprising individuals enrolled in BIOME and CHEM 1A or 
CHEM 1A alone. However, this approach is limiting, given that 
initial identification of constructs was heavily influenced by 
BIOME classroom characterization and analysis of student con-
versation within the course (see Supplemental Material); there-
fore, the instrument may be uniquely tailored to the academic 
context of students in our major and may not apply to other 
programs that center on delivering academic tutoring or other 
aspects of peer mentorship. This limitation, combined with the 
fact that the measure was only tested with the three cohorts of 
biology majors at our institution, may further limit the utility of 

TABLE 6.  Propensity score–matched sample regression results of CHEM 1B on-time course taking on BIOME

Variable Outcome: on-time CHEM 1B Course Taking

Odds ratio SE p value

BIOME
  Reference Group: not BIOME — — —
  BIOME 1.72 0.206 0.008
Admit quarter
  Reference group: 2017 cohort — — —
  2018 Cohort 0.65 0.315 0.2
  2019 Cohort 0.61 0.304 0.11
Gender
  Reference group: female — — —
  Male 1.93 0.244 0.007
Ethnicity
  Reference group: white — — —
  Asian 0.96 0.298 >0.9
  International 0.81 0.945 0.8
  Unknown 0.39 1.25 0.4
  PEER 0.65 0.299 0.14
SAT Math score (divided by 100) 3.29 0.231 <0.001
SAT Verbal score (divided by 100) 0.88 0.329 0.7
Standardized SAT Writing score 1.3 0.231 0.3
Parent income (on log scale) 1.07 0.065 0.3
High school GPA 3.34 0.416 0.004
Parent education
  2-year college graduate — — —
  4-year college graduate 1.15 0.484 0.8
  HIGH school graduate 0.87 0.46 0.8
  Missing 0.43 1.06 0.4
  No high school 0.67 0.526 0.4
  Postgraduate study 0.83 0.456 0.7
  Some college 0.79 0.469 0.6
  Some high school 1.24 0.521 0.7
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this instrument for measuring academic complexity with a 
broader population of students.

An additional challenge with our analyses and included 
regression models is that there may yet be unmeasured or 
unmodeled determinants of BIOME membership. In other 
words, while we would like to know whether BIOME causes 
certain improvements in student performance, there are vari-
ous threats to the internal validity of this study (where inter-
nal validity is the extent to which causal claims can be based 
on the experimental or quasi-experimental design; Shadish 
et al., 2002). Acknowledging these threats to internal validity 
means that we accept that there are possible alternative expla-
nations or effects that cannot be eliminated by our quasi-ex-
perimental design. Because this study is based on observa-
tional data, we have identified various threats to internal 
validity. In the non–propensity score based models (Supple-
mental Tables 2 and 4), a threat arises in the form of bias 
being introduced by not adjusting for important covariates 
such as certain student propensities that may cause both 
membership in BIOME and student performance in the biol-
ogy major. The only institutional data available for this study 
were collected upon matriculation of students (e.g., SAT score, 
high school GPA; all covariates included in Table 4 or Supple-
mental Table 4). This may mean that, for instance, that stu-
dents in the program have knowledge, skills, or abilities that 
are different from those not in the program that have gone 
unmeasured. This also manifests itself in the propensity score 
matching models. Moving forward, increasing understanding 
of students who join or do not join the program may be help-
ful. However, our use of a mixed-methods approach of ethno-
graphic methods, interviews, focus group discussions, and a 
specifically constructed instrument for academic habit com-
plexity may help in understanding students’ reasons for join-
ing or not joining the program. Alternatively, if future peer 
mentorship programs are able to randomly assign students to 
participate as mentees, this would enable reduction of threats 
to internal validity while providing a route to inferring causal 
outcomes.

Although we were unable to randomly assign our partici-
pants, the two populations are demographically and academi-
cally comparable (Table 1); further, we performed propensity 
score matching in an effort to reduce any academic and demo-
graphic biases. Regardless of approach, we consistently 
observed that BIOME participants enrolled in CHEM 1B on time 
at greater rates than their non-BIOME peers (Table 6; Supple-
mental Table 5). Because part of our program design is to pro-
vide students with diversified and effective academic habits 
while informing student perceptions of the biology major 
(Figure 1), it will be important to analyze the longer-term out-
comes of the cohorts of BIOME students to assess whether there 
are lasting impacts of this mentorship experience.

There is research showing that propensity score matching 
can actually increase bias in the estimation of causal effects in 
certain scenarios. For instance, King and Nielsen (2019) advises 
against using propensity scores to adjust for unobserved covari-
ates or confounding. More specifically, a problem might arise 
under propensity score methods in which covariate imbalance 
is increased via propensity score matching. However, in the case 
of this study, while imbalance is not unimportant, the primary 
motivation for using propensity score matching was to achieve 

covariate overlap—that is, making sure that like students are 
compared (Gelman et al., 2020).

In our propensity score model, we found a similar but 
slightly larger relationship between BIOME participation and 
grades. BIOME students in the matched sample scored approx-
imately one-fifths of a GPA point higher in general chemistry 
than those not in BIOME (Table 5). As a reminder, this esti-
mated effect is actually the average treatment effect on the 
treated, as some students who did not have matches were 
removed. It is of course possible that the propensity score model 
was mis-specified and either inflated or attenuated the esti-
mated relationship between BIOME and grades. Regardless, 
this analysis provides evidence that BIOME may have an effect 
on student grades in CHEM 1A.

The structure of BIOME integrates metacognitive assign-
ments over the 10-week quarter (Supplemental Table 2). These 
course materials are then combined with and delivered by near-
peer mentors who are providing instrumental, academic, and 
psychosocial support (Figure 1; Supplemental Table 2, column 
3). Therefore, disentangling how each of these elements of the 
program contributes to the observed mentee outcomes remains 
unknown. Thus, we cannot conclude that our observations are 
due to peer mentoring or course elements alone; rather, our 
outcomes are most likely due to the combination of mentorship 
within the structure of the BIOME course.

Future Research
In our context, BIOME promotes the diversification of mentee 
academic habits, improved academic performance in CHEM 1A 
(a required gateway STEM course), and mentee retention into 
the subsequent CHEM 1B course. Given the conceptual model 
presented in Figure 1, a critical next step will be to analyze 
activities or actions performed by the upper-division mentors 
to assess the combination of psychosocial, instrumental, and 
academic support behaviors that promote student academic 
behavior complexity. In a similar vein, assessing how these 
mentorship behaviors influence the fourth element of mentee–
mentor relationship, quality (Rhodes et al., 2017), will allow us 
to gain a greater insight into how this trait interacts with psy-
chosocial, instrumental, and academic supports to influence 
mentee academic performance and retention. In addition to 
outlining what comprises effective peer mentorship, the con-
ceptual model enables future research to use more sophisti-
cated statistical approaches, including structural equation 
modeling or error-in-variable models, which can determine 
relationships between mentorship variables and academic out-
comes while accounting for measurement uncertainty. From 
the perspective of the conceptual model, it would be beneficial 
to start explaining some of the mechanisms between inputs 
and outputs of the program with more depth—including more 
details about how specific mentor activities potentially effect 
mentees, which classroom activities are most useful in facilitat-
ing specific outcomes, and how students feel about these activ-
ities. Additionally, from the perspective of instrument construc-
tion, it will be important to follow up with students 
longitudinally to investigate whether students continue to 
diversify academic habits in future course work. Finally, it 
would be of methodological interest to consider model and 
item fit across students in BIOME/not in BIOME to further 
refine the academic habit complexity scale.
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Extant literature on mentored research experiences has 
demonstrated evidence on the importance of aligning mentee–
mentor demographics or values (Blake-Beard et al., 2007, 2011; 
Terrion and Leonard, 2007; Hernandez et  al., 2016, 2017; 
Atkins et al., 2020). Given the rapid proliferation of peer men-
torship interventions across postsecondary educational settings, 
these programs provide a diversity of contexts that will enable 
dissection of how alignment of various mentor–mentee values 
and demographics influence the effectiveness of these 
approaches. Finally, characterizing whether peer mentorship 
influences mentee perceptions of their STEM majors, or their 
intent to persist, will enable greater understanding of whether 
these programs lead to changes in student affect that may result 
in longer-term impacts, including student retention.
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