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ARTICLE

ABSTRACT
In this study, propensity score matching (PSM) was conducted to examine differences in the 
effectiveness of research mentor training (RMT) implemented using two modes—face-to-
face or synchronous online training. This study investigated each training mode and assessed 
participants’ perceived gains in mentoring skills, ability to meet mentees’ expectations, and 
overall quality of mentoring, as well as intention to make changes to their mentoring prac-
tices. Additional factors that may contribute to participant outcomes were also examined. In 
total, 152 mentors trained using a synchronous online platform and 655 mentors trained in 
in-person workshops were analyzed using the PSM method. Mentors were matched based 
on similar characteristics, including mentee’s career stage, mentor’s title, mentor’s prior 
mentoring experience, mentor’s race/ethnicity and sex, and mentor’s years of experience; 
results show that both face-to-face and synchronous online modes of RMT are effective. 
Findings indicated that the training mode did not significantly impact the mentors’ per-
ceived training outcomes. Factors associated with the reported training outcomes included 
dosage (hours of training), facilitator effectiveness, race/ethnicity, and previous mentoring 
experience. The results of this study demonstrate that mentors’ perceived training outcomes 
are comparable regardless of the training modality used—online versus face-to-face.

COMPARING THE OUTCOMES OF FACE-TO-FACE AND SYNCHRONOUS 
ONLINE RESEARCH MENTOR TRAINING USING PROPENSITY SCORE 
MATCHING
Mentoring relationships play a critical role in the talent development of emerging 
professionals (Nagda et al., 1998; Dolan and Johnson, 2009; Junge et al., 2010; 
Poodry and Asai, 2018). In academic research labs, in which training is largely 
grounded in the cognitive apprenticeship model (Brown et al., 1989; McGee, 2016), 
research mentors help mentees form science identity (Chemers et al., 2011), build 
research efficacy (Byars-Winston et al., 2015), and contribute to academic persistence 
(Haeger and Fresquez, 2016). For example, junior and senior undergraduates who 
report better-quality mentorship are more likely to also report stronger science efficacy, 
identity, and values (Estrada et al., 2018). Similarly, for graduate students, mentor 
support is associated with positive academic self-concept, low levels of stress, and 
career commitment (Ulku-Steiner et al., 2000).
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Despite the importance of effective mentoring relationships 
in the research experience, most mentors receive no type of 
formal training, leading them to develop a variety of mentoring 
approaches that vary in consistency, intensity, and effectiveness 
(Straus et al., 2013). This lack of standards, necessary knowl-
edge and skills, and mentoring professional development on 
the part of the mentors has led to negative experiences for 
mentees (Dolan and Johnson, 2010; Thiry and Laursen, 2011; 
Limeri et al., 2019; Tuma et al., 2021). In a national survey of 
faculty, only 7% of mentors reported significant training in 
mentoring students (Stolzenberg et al., 2019). In recognition of 
this unmet need, the National Academies of Sciences, Engi-
neering, and Medicine (NASEM) produced a consensus study 
report, The Science of Effective Mentorship in STEMM (science, 
technology, engineering, mathematics, and medicine), that 
lays out the scholarship on mentorship to inform and guide 
effective mentorship in academia (NASEM, 2019). The report 
defines mentorship as “a professional, working alliance in 
which individuals work together over time to support the per-
sonal and professional growth, development, and success of 
the relational partners through the provision of career and psy-
chosocial support” (NASEM, 2019, p. 37). Among the nine rec-
ommendations in the report is a call for institutional leaders to 
use evidence-based mentoring practices, which include tested 
mentorship education.

Mentorship Education: Entering Mentoring
One model of evidence-based mentorship education is Entering 
Mentoring (Handelsman et al., 2005; Pfund et al., 2006, 2015a), 
a process-based research mentor training (RMT) curriculum 
developed to improve mentorship behaviors of both new and 
seasoned researchers. The Entering Mentoring curriculum fea-
tures six primary competencies, including 1) maintaining effec-
tive communication; 2) establishing and aligning expectations; 
3) assessing mentees’ understanding of scientific research; 4) 
addressing diversity within mentor–mentee relationships; 5) 
fostering mentee independence; and 6) promoting mentee 
career development. The duration of this curriculum ranges 
typically between 4 and 8 hours. Because of its process-based 
approach, in which a series of steps are systematically followed, 
successful implementation of Entering Mentoring requires a 
skilled facilitator to cultivate a learning environment where 
participants feel connected to and are open to learning from 
one another. Entering Mentoring (Pfund et al., 2015a) was 
established at the University of Wisconsin–Madison and is 
widely available and used nationwide in institutions of higher 
education, organizations, and non-college workplaces. The cur-
riculum has since been adapted for faculty mentors of graduate 
students, junior faculty, and postdoctoral scholars. It has been 
adapted multiple times for research mentors across the STEM 
disciplines, as well as within medicine and public health, for 
mentors of mentees at various career stages (Branchaw et al., 
2011; Asquith et al., 2014; House et al., 2014; Pfund et al., 
2013a,b).

The efficacy of the Entering Mentoring curriculum has also 
been tested. In a 2014 double-blind trial (Pfund et al., 2014), 
mentors were randomized to either an intervention group 
(Entering Mentoring curriculum) or a control group. Compared 
with the control group, mentors in the intervention group 
reported larger perceived gains in mentorship skills across the 

six primary competencies of the entering mentoring curriculum 
(listed earlier), as measured by the Mentoring Competency 
Assessment (MCA; Fleming et al., 2013). In addition, qualita-
tive results from the study showed a greater number of mentors 
in the treatment group reporting specific changes in their men-
toring behavior, 123/141 (87%) compared with only 57/136 
(42%) in the control group, indicating an impact of the training 
beyond reported skill gains. Consistent results were also 
reported by the mentees, with 95/140 (68%) of mentees whose 
mentors were in the treatment group reporting at least one pos-
itive change in their mentors’ behavior as compared with 
77/135 (57%) in the control group. Mentees also reported bet-
ter experiences working with the trained mentors. These results 
suggest that a significant perceived change in mentorship skill 
assessment may translate to meaningful improvements in men-
toring practices (Pfund et al., 2014).

The Entering Mentoring curriculum and its subsequent adap-
tations have been used to train thousands of mentors across the 
country (Pfund et al., 2015b; Rogers et al., 2018; Spencer et al., 
2018). Evaluations of these trainings consistently show an 
increase in self-reported mentoring skills as well as overall men-
toring quality, despite the length of the training or previous 
mentoring experience of participants (Rogers et al., 2020). 
Studies that assessed mentoring behaviors a few months post-
training found that mentors still report using some of the sug-
gested practices and behaviors from RMT, including strategies 
recommended in the training such as articulating expectations; 
developing a written mentoring philosophy; and using tools 
such as mentoring compacts and individual development plans 
to help improve communication, address diversity, and align 
expectations (Pfund et al., 2014; House et al., 2018; Trejo et al., 
2022).

Since its publication, Entering Mentoring has been converted 
to a synchronous online learning experience to enhance its scal-
ability relative to face-to-face implementation. The efficacy of 
Entering Mentoring when delivered in a synchronous online 
environment has also been evaluated (McDaniels et al., 2016). 
In addition to perceived gains in mentorship skills, the impact 
of the synchronous online technologies on participant experi-
ence of the learning community was examined. Participants 
reported both satisfaction and significant confidence gains in 
their ability to engage in high-quality mentorship, address 
diversity and difference in mentoring relationships, and culti-
vate learning communities among mentees on a research team. 
Participants also noted that the online learning environment 
was inclusive and found that their peers played essential roles 
in the learning experience. Additionally, participants reported 
that the technological tools in the synchronous environment 
(chat rooms, whiteboards, etc.) increased course engagement, 
noting that these tools are lacking in face-to-face contexts. Bar-
riers and drawbacks reported by participants mirror those iden-
tified in the online learning literature, including technological 
access and reliability.

Comparison of Online and Face-to-Face Training
Though the research literature on online or distance education 
in higher education is broad, much of the extant literature 
focuses on asynchronous training (Mallonee et al., 2017). Con-
trasted with asynchronous training, synchronous training 
allows instructors and students to engage in real time without 
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geographic limitations and leverages the affordances of chat 
and/or audio- and/or video-conferencing. There is less pub-
lished on the efficacy of synchronous online learning and an 
even smaller base of research comparing participant outcomes 
of face-to-face versus synchronous online courses. This paper 
seeks to expand the research in this particular area.

Synchronous Online Training and Instruction
Synchronous online training or instruction enables instructors 
and students to learn at the same time while in different places 
by taking advantage of video-conferencing platforms. With the 
increasing accessibility and use of Web-conferencing platforms 
such as Blackboard, Zoom, and Webex both before and since 
the COVID-19 pandemic, the need for studies of training out-
comes of synchronous online training modules has increased. In 
their systematic review of published reports on synchronous 
online learning, Martin et al. (2017) examined scholarly arti-
cles of original research published from 1994 to 2014 that: 1) 
examined the use of synchronous online learning for profes-
sional development or teaching purposes, 2) had identifiable 
methods and results sections, and 3) were written in English. Of 
the 157 articles in the final sample, the median sample size was 
34 (range: 1–6321 participants), with the majority of studies 
having fewer than 100 participants. Dependent variables across 
these studies included perceptions/attitudes of the tool or 
course, engagement, and willingness to communicate. Addi-
tionally, questionnaires, session transcripts, exams, interviews/
focus groups, and observations were used as the primary data 
sources in these studies. Of the 157 studies examined in this 
systematic review, none directly compared face-to-face and syn-
chronous online learning.

Efficacy of Face-to-Face versus Synchronous Online 
Training
Since the publication of Martin et al.’s (2017) systematic review, 
a handful of studies have been conducted, that specifically 
examine the similarities and differences in training outcomes 
between synchronous online and face-to-face delivery methods. 
Mullin et al. (2016) evaluated outcomes of synchronous online 
versus face-to-face delivery of a 20+-hour-long motivational 
interviewing (MI) course offered for clinicians by the University 
of Massachusetts Medical School. All 34 participants completed 
all course requirements, with 20 being in-person and 14 online. 
As a part of this training, participants received 2 hours of indi-
vidual MI practice and feedback, which provided the compara-
tive data for analysis for this study. Using a motivational inter-
viewing treatment integrity observational protocol and 
closed-ended self-evaluation questionnaire, the authors no sig-
nificant differences in MI skills in the outcomes for synchronous 
online participants and face-to-face participants. However, the 
authors noted that the small sample size might not have had 
the power to identify these differences, and the participants 
were not randomized between treatment groups.

Faulconer et al. (2018) compared outcomes for 1964 college 
students in a face-to-face, synchronous video, and asynchro-
nous introductory physics course. Students who took the course 
through synchronous and asynchronous video passed at higher 
rates (96.80% and 95.98%, respectively) than those who took 
the class in-person (90.99%). However, the authors noted lim-
itations, including small effect sizes and the inability to control 

all moderating variables, such as student age as a potential fac-
tor influencing these observations.

Propensity Score Matching
To examine the differences in face-to-face and synchronous 
online learning and overcome some of the limitations of previ-
ous studies, we undertook a propensity score matching (PSM) 
method to explore the effectiveness of RMT between two differ-
ent training modes. In the absence of randomization, when par-
ticipants are placed into conditions, quasi-experimental designs 
are usually subject to selection bias by comparing differences in 
the treatment effect between groups. As such, the observed 
effect might be due to differences in participants from different 
conditions rather than or in addition to the intervention (Shad-
ish and Steiner, 2010). Thus, groups from different conditions 
may not be comparable at baseline. PSM helps account for this 
bias by using regression techniques to predict group assign-
ments from predetermined and theoretically relevant covari-
ates, followed by matching participants in different groups 
based on these predicted propensity scores (Lane et al., 2012). 
Many reports have empirically justified the benefit of using 
PSM. Dehejia and Wahba (1999, 2002) used the PSM method 
to analyze data from the National Supported Work experiment 
and examine the effect of a labor training program on postinter-
vention earnings. From the methodological lenses, the research-
ers paired the experimental-treated units with a small subset of 
nonexperimental comparison units that were most comparable 
in observed characteristics to the treated units, alleviating bias 
due to systematic differences between the treated and compar-
ison units. Subsequently, they compared estimates of the treat-
ment effect obtained using the PSM method to benchmark 
results from the experiment. The results showed that the PSM 
method is viable to yield accurate estimates of the treatment 
effect in nonexperimental settings, indicating that PSM can rea-
sonably replicate experimental impact estimates.

The Present Study
This study uses a PSM method to examine differences in the 
effectiveness of RMT between two different training modes—
face-to-face or synchronous online. The efficacy of online train-
ing as a feasible alternative option or supplementation for 
in-person mentor training is especially important given the 
growing need for online mentorship education due to 
COVID-19.

The specific research questions addressed in this study 
include:

1. Do mentors’ perceived gains in mentoring skills, overall 
quality of mentoring provided, and ability to meet mentees’ 
expectations differ by training platform—online versus 
in-person?

2. How do intended changes to their mentoring practices differ 
by training modality for mentors who took online versus 
in-person training?

METHODS
Data Collection
Face-to-Face Training Modality. At the end of each Entering 
Mentoring training implementation, a survey link was sent to 
participants through Qualtrics, an online survey platform, 
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asking them about their perceived skill gains and satisfaction. 
Participants were given 2–3 weeks to complete the survey, with 
two reminders sent during this period. Beginning in October 
2015, data were collected using a more systematic approach 
overseen by the Research, Tracking, Assessment, and Evalua-
tion team at this university. This team offers free, customized 
evaluation services to all who implement mentor training. 
Through the use of this evaluation service and the earlier web-
site with the open survey link, data were collected from hun-
dreds of different nationwide implementations of RMT since 
2015, with an average response rate of 72%. Data for the pres-
ent study came from 40 different RMTs with a minimum length 
of 6 hours implemented across the country at different univer-
sities between 2015 and 2018. The 6-hour duration was chosen 
to be comparable to the online training duration described in 
the next section. There were 678 mentors who attended the 
face-to-face training and completed the survey.

Online Training Modality. The online training study popula-
tion consisted of research mentors (either faculty members or 
co-mentors; e.g., postdoctoral fellows, graduate students) who 
work closely with an undergraduate student (any stage/year) 
participating in a summer 2017 STEM research–oriented pro-
gram (National Science Foundation REU, National Institutes of 
Health [NIH] MARC, etc.). Mentors self-selected to participate 
in four 2-hour sessions (8 hours total) of online RMT led by 
experienced facilitators trained in the curriculum. Mentors 
were eligible if they were actively mentoring an undergraduate 
student researcher during June and July of 2017 and if their 
relationships with their mentees began after January 1, 2017. 
There were 216 mentors enrolled in the training at the start of 
the study. However, attrition before the first training session 
resulted in 197 participants ultimately being included in the 
study.

The online training was offered in 16 sections across a range 
of days of the week and times of day, beginning the week of 
May 22, 2017, and ending the week of July 17, 2017. Each 
training section had its own Blackboard Ultra “classroom,” and 
materials for each training session were posted on the section’s 
Moodle site. In addition to the pair of facilitators leading each 
2-hour training session, there was a technology support person 
online to help participants resolve any technical issues encoun-
tered during the session. The Blackboard Ultra technology 
enabled audio and video participation, chat conversations, 
whiteboard notes, slide presentations, and breakout groups.

Time was set aside at the end of the fourth and final training 
session for participants to respond to an online questionnaire 
about their experiences in the RMT.

Sample
A flowchart is provided to illustrate the changes in sample size 
at each stage of data analysis (Figure 1). The initial sample con-
tains 678 survey respondents from a group of mentors who 
were trained in person during the years 2015–2018 and 197 
survey respondents from a group of mentors who were trained 
through the online platform in Summer 2017. As the hours of 
training vary in the face-to-face training group and the online 
training group, we further constrained this sample to mentors 
who were trained between 6 to 10 hours through the face-to-
face platform and mentors who were trained between 6 to 8 
hours through the online platform. The hours of training were 
set to 6 hours and above as this represents a “full” RMT in which 
all six of the competencies in the curriculum were covered. As a 
result, we ended up with a final sample of 655 mentors who 
were trained in person and 152 mentors who were trained 
online. Of the sample, only 12% of mentors who were trained 
in person and 19% of mentors who were trained online had 
prior mentoring experience.

FIGURE 1. Flowchart of the changes in sample size.
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Measures
Treatment Indicator. We set the treatment variable as the 
mode of training in order to examine the differences in training 
outcomes between face-to-face training and online training—
whether a mentor was trained in person or through the online 
platform. We specified the RMT participants trained online as 
the treatment group, and those who were trained in person 
were constructed as the comparison group.

Outcome Measures. We examined the effects of the mode of 
training on the effectiveness of RMT using four mentor training 
outcomes: perceived mentoring skill gains, perceived gains in 
overall mentoring quality, perceived gains in ability to meet men-
tees’ expectations and intended changes to mentoring practices. 
See Table A1 in the Appendix in the Supplemental Material for 
the survey items used to construct the outcome measures.

The first outcome measure is based on mentors’ self-reported 
mentoring skill gains and is measured on the previously vali-
dated MCA (Fleming et al., 2013; Pfund et al., 2014; Hyun 
et al., 2022). This 26-item research mentoring skills inventory 
was designed to evaluate research mentoring skills in six areas 
(maintaining effective communication, aligning expectations, 
assessing understanding, addressing diversity, promoting pro-
fessional development, and fostering independence). The ques-
tions for mentors were framed as “please rate how skilled you 
feel you are in the following areas,” and the response was based 
on a seven-point Likert-type scale in which 1 = not at all skilled, 
4 = moderately skilled, and 7 = extremely skilled. The MCA was 
administered postintervention to all mentors. This posttest ver-
sion of the MCA also included a “retrospective pretest” that 
asked respondents to reconsider and rerate mentors’ baseline 
skills. Specifically, mentor participants were asked to rate their 
mentoring skills before (designated as “before”) and after the 
RMT (designated as “now”) for each MCA item (Pfund et al., 
2014). We then constructed the perceived gains in MCA com-
posite scores using individual retrospective pretest and posttest 
MCA scores. This survey design follows the methodology used 
for assessing skills gains in the randomized controlled trial test-
ing the Entering Mentoring curriculum (Pfund et al., 2014). The 
MCA was also recently revalidated on a sample of RMT partici-
pants, including those in this study, and was found to accurately 
capture skill gains across the six competencies of the Entering 
Mentoring curriculum (Hyun et al., 2022).

The second outcome measure was based on mentors’ self-re-
ported scores on the overall quality of the mentoring they were 
able to provide to mentees, thinking back to before the training 
and now, after the training. Participants responded using a sev-
en-point Likert-type scale in which 1 = very low, 4 = average, 
and 7 = very high. The difference in the retrospective pretest 
quality score and the posttest quality score was again used to 
measure the perceived gains in the overall quality of mentoring 
provided by mentors.

The third outcome measure was based on mentors’ self-rat-
ing of their ability to meet their mentees’ expectations before 
and after the training. A similar seven-point Likert scale was 
used, in which 1 = not at all, 4 = moderately, and 7 = com-
pletely. Similarly, we computed the difference in the retrospec-
tive pretest expectation score and the posttest expectation score 
to measure the perceived gains in their ability to meet mentees’ 
expectations.

The fourth outcome was based on a single question asking 
mentors “Have you made any, or do you plan to make any 
changes in your mentoring as a result of this training?,” with a 
response of “yes” or “no.” We used this binary variable to mea-
sure whether the training affects mentors’ intended behavioral 
changes.

Table 1 provides the descriptive statistics of all variables 
from the treatment group (online training) and the comparison 
group (face-to-face training). The bivariate correlation matrix 
of all the outcome variables is presented in Table 2. These mea-
sures allow for comparisons to be made between different 
modes of training. The specific measures used on the RMT eval-
uations, although they are subjective, short-term measures, 
have also been shown to be powerful predictors of overall men-
toring skill gains and actual behavioral changes (as reported by 
mentors themselves as well as their mentees), both in the short 
and long term (Pfund et al., 2014; House et al., 2018; Trejo 
et al., 2022). Thus, they are important to examine in terms of 
differences in the effectiveness of RMT across modalities.

Covariates. We also collected information on mentors’ experi-
ence and backgrounds, such as mentors’ race/ethnicity, sex, 
title, previous mentoring experience, and number of years of 
mentoring experience. The race/ethnicity variable was recoded 
into two groups due to sample size, mentors from well-repre-
sented backgrounds and mentors from historically excluded 
racial/ethnic groups. The well-represented racial/ethnic group 
includes participants who reported as White or Asian, and not 
Hispanic. The historically excluded racial/ethnic group con-
tains mentors who reported being in any of the following racial 
and ethnic categories: 1) American Indian or Alaska Native, 2) 
Black or African American, 3) Native Hawaiian or Other Pacific 
Islander, 4) other, and 5) any Hispanic or Latino group.

Other training-related information was available as well, 
including hours of training, the effectiveness of facilitators, and 
mentees’ career stages (faculty, graduate, undergraduate, and 
none of the above three). Specifically, the effectiveness of facil-
itators is a five-point Likert scale anchored with 1 = very effec-
tive and 5 = very ineffective. When interpreting the impact of 
the effectiveness of facilitators in the Results, the very effective 
category (coded as 1) serves as the reference group. Thus, the 
coefficient of the other facilitator effectiveness categories (2 = 
effective, 3 = neither, 4 = ineffective, and 5 = very ineffective) 
are the differences in the predicted outcomes compared with 
the reference group.

Analytical Strategies
A propensity score is a conditional probability of a participant 
being assigned to a particular treatment or comparison group 
given a set of observed covariates (Rosenbaum and Rubin, 
1983). In the context of this study, online mentor training 
served as the “treatment” group. For individuals who under-
went in-person training, a propensity score provides a measure 
of the likelihood they would have participated in the online 
training, based on shared characteristics with those trained 
online. Mentors who were trained online and mentors who 
were trained in-person with similar characteristics, as summa-
rized by the propensity score, can be matched by these means 
to create a comparison group. As a result, groups can be com-
pared with one another, because systematic differences have 
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been controlled through the experimental nature of the design 
(Lane et al., 2012).

An alternative approach to adjusting for group differences 
(face-to-face vs. online) on covariates is to include all covariates 
in the regression model when testing for group differences in 
the outcomes. In the Appendix in the Supplemental Material, 
we included the estimates using ordinary least squares (OLS) 
regression with all covariates (see Table A2). We also provided 
a comparison of the estimates from the OLS regression models 

with selected covariates to those from the PSM models (see 
Table A3). Although results may not significantly differ in the 
two approaches, we decided to report the PSM technique and 
the corresponding results in the subsequent sections, as there 
are characteristics of propensity score analysis that make it an 
overall more appealing approach compared with OLS regres-
sion analysis. Propensity score approaches can separate design 
and analysis in the first step of estimating propensity scores and 
then adjust for group differences in the second step when 

TABLE 1. Descriptive statistics of all variables from the treatment group (online training) and the comparison group (face-to-face training)

Categorical variables

Online Face-to-face All

N % N % N %

Race/ethnicitya

 Well represented 9 5.9 430 65.6 439 54.4
 Historically excluded 139 91.4 150 22.9 289 35.8
 Prefer not to answer 4 2.6 75 11.5 79 9.8

Sex
 Female 82 53.9 326 49.8 408 50.6
 Male 62 40.8 253 38.6 315 39.0
 Other 3 2.0 2 0.3 5 0.6
 Prefer not to answer 2 1.3 12 1.8 14 1.7

Title
 Faculty member 59 38.8 217 33.1 276 34.2
 Graduate student 50 32.9 223 34.0 273 33.8
 Postdoc 22 14.5 83 12.7 105 13.0
 Researcher or scientist 12 7.9 63 9.6 75 9.3
 Other 8 5.3 56 8.5 64 7.9

Mentor’s previous mentoring experience
 Yes 29 19.1 76 11.6 105 13.0
 No 109 71.7 322 49.2 431 53.4

Facilitator effectiveness
 Very effective 80 52.6 282 43.1 362 44.9
 Effective 52 34.2 163 24.9 215 26.6
 Neither 6 3.9 16 2.4 22 2.7
 Ineffective – – 6 0.9 6 0.7
 Very ineffective – – 3 0.5 3 0.4

Mentee’s career stage
 Faculty 13 8.6 213 32.5 226 28.0
 Graduate student 57 37.5 257 39.2 314 38.9
 Undergraduate student 134 88.2 233 35.6 367 45.5
 None 1 0.7 29 4.4 30 3.7

Continuous variables

Online Face-to-face All

N Mean SD N Mean SD N Mean SD

Covariates
 Dosage 152 7.36 0.94 655 8.58 1.34 807 8.35 1.36
 Mentor’s years of experi-

ence
138 7.19 7.59 409 7.47 8.61 547 7.40 8.36

Outcome measures
 Mentoring skill gains 130 1.01 0.59 545 0.87 0.71 675 675 0.89
 Overall quality gains 128 1.14 0.68 404 1.17 0.87 532 532 1.16
 Meeting expectation gains 129 0.91 0.80 357 0.93 0.90 486 486 0.92
 Intended changes 138 1.07 0.25 418 1.06 0.23 556 556 1.06

aThe race/ethnicity variable was computed using the original racial and ethnic categories. Well-represented racial/ethnic group includes participants who reported as 
White or Asian, and not Hispanic. Historically excluded racial/ethnic group contains mentors who reported as any of the following racial and ethnic categories: 
1) American Indian or Alaska Native, 2) Black or African American, 3) Native Hawaiian or Other Pacific Islander, 4) other, and 5) any Hispanic or Latino group.
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analyzing the main outcome (Reeve et al., 2008; Amoah et al., 
2020). Therefore, researchers can add many more variables in 
the propensity score model during the first step, even those of 
no relationship to the outcome of interest, to increase the likeli-
hood of similar distributions of measured covariates across the 
groups. This allows researchers to simplify the regression model 
during the second step by only including the key factors of 
interest (Reeve et al., 2008). Also, the greater reduction in con-
founding afforded by propensity score methods increases the 
probability of more valid estimates of the relationship between 
the treatment and outcome (Amoah et al., 2020). When com-
paring the outcomes of mentors who were trained in different 
platforms, a limitation of the OLS regression analysis is that the 
observed differences are the result of both varying mentor char-
acteristics as well as differences related to the assigned treat-
ment (face-to-face vs. online platforms), making it challenging 
to distinguish the true impact of the exposure to treatment from 
other varying factors. However, this constraint is not applied to 
propensity score methods, as they are more likely to achieve a 
similar distribution of the observed baseline variables and more 
closely mimic what would be expected in a randomized experi-
ment (Amoah et al., 2020).

Implementing PSM requires the following steps: 1) data 
preparation, 2) selection of covariates, 3) estimation of propen-
sity score, 4) application of selected PSM technique, 5) balanc-
ing tests to assess matching quality, and 6) estimation of treat-
ment effects (Dehejia and Wahba, 2002; Schafer and Kang, 
2008; Rojewski et al., 2010; Shadish and Steiner, 2010; 
Melguizo et al., 2011). Following data preparation and selec-
tion of appropriate covariates, a propensity score is estimated 
for each case using a logistic regression (e.g., logit model), 
wherein a binary outcome variable indicates treatment status. 
These PSM estimates are then used to match units from the 
treatment and comparison groups using specific matching tech-
niques, such as optimal full matching, inverse propensity 
weighting, and regression estimation using propensity score 
(Shadish and Steiner, 2010). Further, the matching quality is 
assessed by examining the degree of overlap and common sup-
port between the propensity score distributions of treatment 
and comparison groups, as well as testing the balance on the 
distribution of relevant variables in both treatment and compar-
ison groups (Rojewski et al., 2010). Finally, the treatment effects 
are estimated. Unlike an ordinary randomized experiment that 
estimates the average treatment effect across the entire popula-
tion of treated and untreated units, PSM methods only estimate 
the average treatment effect for the treated population (Shad-
ish and Steiner, 2010). The six steps of implementing PSM, 
excluding an overview of data preparation (described in 
Methods), are described in the following sections. All analyses 
were conducted using the R program (R Core Team, 2019).

Selection of Covariates. For the analysis, propensity scores 
represent the probability of a mentor participating in the 
online training, given the variables selected to predict partici-
pation. It is crucial to choose the appropriate covariates for 
matching purpose, because failure to include important 
covariates can result in those variables being unbalanced 
between treatment and comparison groups, thus leading to 
biased estimation of treatment effects (Rosenbaum and Rubin, 
1983; Shadish and Steiner, 2010). It is recommended that 
only variables related to both treatment selection (the deci-
sion to participate, but not participation itself) and outcomes 
of interest should be included in the propensity score model 
(Caliendo and Kopeinig, 2008; Shadish and Steiner, 2010). As 
the appropriate covariates should be those unaffected by par-
ticipation, we need to choose variables that are either fixed 
over time or measured before participation (Caliendo and 
Kopeinig, 2008). In this study, six pretreatment covariates are 
available, including the mentor’s sex, the mentor’s race/
ethnicity, the title of a mentor, the mentor’s previous mentor-
ing experience, the mentor’s years of experience, and the 
mentee’s career stage. All six covariates were selected in the 
propensity score model (see Table 3).

Because the inclusion of missing values results in an incom-
plete matching process, the first step after selecting appropriate 
covariates for matching was to deal with missing data for 
covariates. We applied different imputation methods to deal 
with missing values of different types of covariates. Specifically, 
we generated a new category for missing values of categorical 
variables to indicate missing values (NA). These variables 
include the title of a mentor, the sex of a mentor, and a mentor’s 
previous mentoring experience. For missing values of the con-
tinuous covariate (a mentor’s years of experience), we gener-
ated two new variables of years of experience: the first new 
variable replaced all missing values as 0, and the second new 
variable was a binary variable, with 1 indicating the missing-
ness of years of experience and 0 representing that years of 
experience is not missing. A combination of the two new vari-
ables was used later in the propensity score model. In the 
Appendix in the Supplemental Material (Table A4), we included 
more details of missing data and the strategies to impute miss-
ing values of covariates.

We then checked on the imbalance of selected baseline 
covariates that were established before the matching process by 
examining whether statistically significant differences existed 
on covariates between the treatment (online) and comparison 
(face-to-face) groups. The results (see Table 4) indicated that 
mentors who were trained online and mentors who were 
trained in person were significantly different in terms of their 
race/ethnicity, sex, years of previous mentoring experience, 
years of experience, and mentees’ career stages.

TABLE 2. Correlations of outcome variables

Mentoring skill gains Overall quality gains Meeting expectation gains Intended changes

Mentoring skill gains 1
Overall quality gains 0.706** 1
Meeting expectation gains 0.646** 0.648** 1
Intended changes −0.154** −0.108* −0.113* 1

*p < 0.05.
**p < 0.01.
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Estimating of Propensity Score. We estimated the propensity 
score by running a logit model in which the outcome variable is 
a binary variable indicating treatment status. After calculating 
the propensity score for individual cases in both groups, we 
examined the level of common support, which requires that any 
combination of individual characteristics observed in the treat-
ment group is also observed in the comparison group. This can 
be inferred by the overlap of the distribution of propensity score 
estimates of the two groups. The minima–maxima comparison 
method was used to enforce the common support requirement 
by deleting cases in each group that had a propensity score (in 

the form of propensity score logits) outside the range evident in 
the other group. That is to say, for nonoverlapping cases, the 
treatment effect cannot be estimated (Rojewski et al., 2010).

The range of propensity score logits was −8.414 to 4.041 for 
the online group and −5.433 to 4.041 for the face-to-face group. 
Deleting values without corresponding overlap resulted in a 
region of common support that ranged between −5.433 and 
4.041 in terms of propensity score logits.

Application of a Selected PSM Technique. We chose the opti-
mal full matching technique to match cases from control and 

TABLE 4. Initial balance check and balance check after PSM of online versus face-to-face groups on selected covariates

Covariate

Initial balance After balance

Mean  
diffa SE

Std  
mean diff

Var  
ratio

Mean  
diffa SE

Std  
mean diff

Var  
ratio

Mentee’s career stage (faculty) −0.240*** 0.040 −0.620 0.358 −0.132*** 0.040 −0.318 0.713
Mentee’s career stage (graduate) −0.017 0.044 −0.036 0.988 −0.121*** 0.044 −0.250 0.964
Mentee’s career stage (undergraduate) 0.526*** 0.041 1.286 0.458 −0.005 0.045 −0.009 1.145
Mentee’s career stage (none) −0.038** 0.017 −0.241 0.155 −0.006 0.017 −0.030 0.982
Title −0.225* 0.119 −0.176 0.781 −0.269** 0.114 −0.226 0.615
Mentor’s previous mentoring experience −0.375*** 0.057 −0.630 0.635 0.165*** 0.062 0.228 1.291
Mentor’s years of experience 1.868*** 0.690 0.245 0.954 −0.507 0.667 −0.068 0.951
Mentor’s years of experience (NA)b −0.283*** 0.041 −0.710 0.358 0.170*** 0.043 0.338 1.323
Sex −0.260** 0.101 −0.260 0.433 0.286*** 0.101 0.245 1.167
Race/ethnicity 0.509*** 0.057 0.960 0.178 0.076 0.061 0.105 1.311

aMean difference refers to the difference in means of online and face-to-face groups (face-to-face is the reference group).
bThis binary variable was generated to address the missing values of a mentor’s years of experience, with 1 indicating the missingness of years of experience and 0 rep-
resenting that years of experience is not missing. Therefore, the mean of this variable refers to the percent of missing values.
*p < 0.1.
**p < 0.05.
***p < 0.01.

TABLE 3. Covariates for PSM

Variable Variable type Values

Mentee’s career stage: faculty Binary 1 = yes, 0 = no
Mentee’s career stage: graduate Binary 1 = yes, 0 = no
Mentee’s career stage: undergraduate Binary 1 = yes, 0 = no
Mentee’s career stage: none Binary 1 = yes, 0 = no
Title of mentor Categorical 1 = faculty member

2 = graduate student
3 = postdoc
4 = researcher of scientist
5 = other
6 = NA

Mentor’s previous mentoring experience Binary 1 = yes
2 = no

Race/ethnicity of mentora Categorical 1 = well represented
2 = historically excluded
3 = prefer not to answer

Sex of mentor Categorical 1 = female
2 = male
3 = other
4 = prefer not to answer

Mentor’s years of experience Continuous

aThe race/ethnicity variable was computed using the original racial and ethnic categories. Well-represented racial/ethnic group includes participants who reported as 
White or Asian, and not Hispanic. Historically excluded racial/ethnic group contains mentors who reported as any of the following racial and ethnic categories: 
1) American Indian or Alaska Native, 2) Black or African American, 3) Native Hawaiian or Other Pacific Islander, 4) other, and 5) any Hispanic or Latino group.
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comparison groups. Optimal full matching constructs strata 
consisting of one treated unit and at least one control unit or 
one control unit and at least one treated unit, without replace-
ment (Hansen, 2004, 2007; Hansen and Klopfer, 2006; Stuart, 
2010; Austin and Stuart, 2017). It is optimal in the sense that it 
minimizes the average within-stratum differences in the pro-
pensity score between treated and control units. Optimal full 
matching is a stratification approach and can be implemented 
by using individual stratum weights; thus the optimal full 
matching falls at the intersection of matching, subclassification, 
and weighting. Like subclassification, it involves the formation 
of strata with varying numbers of treated and control subjects 
(Austin and Stuart, 2017; Stuart, 2010). To be more specific, 
the optimal full matching technique allows us to subclassify all 
observations into homogeneous strata and then match 
treatment and comparison cases within each single stratum 
(Shadish and Steiner, 2010). Optimal full matching can also be 
seen as a form of propensity score weighting, as it incorporates 
weights that are derived from the stratification (Austin and 
Stuart, 2017). Therefore, optimal full matching has attractive 
features compared with other matching approaches and can 
avoid the drawbacks of other matching methods. It includes all 
subjects in the analytical sample without discarding any cases. 
This avoids bias due to incomplete matching in some conven-
tional matching methods, such as nearest neighbor matching, 
when some subjects are excluded from the final matched sam-
ple (Austin and Stuart, 2017; Hansen, 2004). The subclassifica-
tion approach can result in some residual bias in the treatment 
effect, as the within-stratum distributions of propensity scores 
slightly differ between the treatment and control groups, which 
is a drawback that optimal full matching can avoid (Steiner and 
Cook, 2013). Compared with weighting, it is less sensitive to 
the form of the propensity score model, because the original 
propensity scores are used to create the strata instead of form-
ing the weights directly (Stuart, 2010). Also, unlike weighting, 
it is less sensitive to outliers that can lead to extremely large 
weights (Steiner and Cook, 2013).

To help understand how treated subjects were matched to 
control subjects using optimal full matching in our analysis, we 
provide a table in the Appendix in the Supplemental Material to 
illustrate the number of treated and control subjects in each 
stratum (Table A5). Analysis using the optional full matching 
technique was done using the optmatch package (v. 0.9–13; 
Hansen and Klopfer, 2006).

Balancing Tests to Assess Matching Quality. We examined 
how well the comparison group matched the treatment group 
through a series of balancing tests, including a check on balance, 
the balance plot after PSM in observed covariates, and the den-
sity plot for the logit of PSM. When assessing the balance check 
results (Table 4) and comparing the corresponding plots before 
and after applying optimal full matching (Figure 2A–C), we 
noticed that, after using optimal full matching, most observed 
covariates achieve the absolute standardized differences of 
means that are less than 0.25, and the variance ratios are 
between 0.5 and 2 (Rubin, 2001; Stuart and Rubin, 2008). 
Although two covariates, mentee’s career stage (faculty) and 
mentor’s years of experience (NA) ended up with the absolute 
standardized differences in means slightly higher than 0.25, 
their balance was greatly enhanced after applying optimal full 

matching: from −0.620 to −0.318 for mentee’s career stage (fac-
ulty), and from −0.710 to 0.338 for mentor’s years of experience 
(NA). Thus, we are confident that the balance between treat-
ment and comparison groups has been dramatically improved 
after the application of propensity score full matching.

Estimation of the Treatment Effects. After specifying the pro-
pensity score model using optimal full matching, we estimated 
the average treatment effects on the treated (ATT) with 1) pro-
pensity score weighting only and 2) propensity score weighting 
plus additional covariates. We specified the two types of models 
below to examine the treatment effects on mentor outcomes.

Y Zi 0 i= β + τ + ε  (1)

(corresponding weights are W ,WT Ti q
 and WTm

)

Y Z * dosage * Facilitator Effect * race

* gender * Pr evious MentorExp

i O 1 2 3

4 5 i

= β + τ + β + β + β

+ β + β + ε
 

 (2)

(corresponding weights are W ,WT Ti q
 and WTm

)

where Yi is mentor i’s outcome (MCA skill gains, the gains in 
overall quality of mentoring provided mentors, the gains in 
meeting mentees’ expectations, and mentors’ behavioral 
changes) and z is the treatment indicator, with 1 = “Online” and 
0 = “In-Person (face-to-face).”

RESULTS
Perceived Gains in Mentoring Skills
Perceived gains in mentoring skills are shown in columns 2 and 
3 of Table 5 as the ATT group with and without additional 
covariates. Results showed no significant differences in per-
ceived gains in mentoring skills between mentors trained online 
or in-person (β = 0.087, p = 0.087). Following quantification 
with additional covariates, the training platform (online vs. 
in-person) was not a significant factor contributing to the per-
ceived mentoring skill gains (β = 0.114, p = 0.206). However, 
the hours of training (dosage), facilitator effectiveness, and the 
mentor’s race/ethnicity, sex, and previous mentoring experi-
ence were highly predictive in estimating perceived gains in 
mentoring skills. Specifically, higher gains were found with 
increased facilitator effectiveness. Regarding race/ethnicity, his-
torically excluded racial/ethnic groups showed greater per-
ceived gains in mentoring skills than well-represented groups 
(β = 0.102, p = 0.064). In addition, mentors without previous 
mentoring experience had higher reported mentoring skill gains 
than mentors with previous mentoring experience (β = 0.319, 
p < 0.001). In terms of sex, participants who did not report their 
sex had significantly lower perceived gains in mentoring skills 
than those who reported as female (β = −0.569, p = 0.027).

Perceived Gains in Overall Quality of Mentoring
ATT group in terms of perceived gains in overall quality of men-
toring with and without additional covariates are shown in col-
umns 4 and 5 of Table 5. No significant differences in perceived 
gains of overall quality of mentoring were found between men-
tors trained online or in-person (without covariates: β = 0.044, 
p = 0.676; with covariates: β = 0.128, p = 0.247). Considering 
additional covariates, the hours of training (dosage), facilitator 
effectiveness, and the mentor’s race/ethnicity and previous 
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mentoring experience were significantly associated with per-
ceived gains in overall quality of mentoring. Specifically, the 
hours of training and the facilitator’s effectiveness were posi-
tively associated with perceived gains in overall quality (dos-
age: β = 0.113, p = 0.005). Historically excluded racial/ethnic 
groups showed higher perceived gains in the overall quality of 
mentoring than well-represented groups (β = 0.234, p = 0.002). 
Mentors without previous mentoring experience reported 
higher gains in overall quality than mentors with previous men-
toring experience (β = 0.487, p < 0.001).

Perceived Gains in Ability to Meet Mentees’ Expectations
Columns 6 and 7 of Table 5 show the results of treatment effects 
related to mentors’ perceived gains in ability to meet mentees’ 
expectations with and without additional covariates. In brief, 
perceived gains in ability to meet mentees’ expectations did not 
significantly differ for mentors trained online or in-person (β = 
0.168, p = 0. 0.149). After factoring in additional covariates, we 
found the training platform (online vs. in-person) was not a sig-
nificant factor contributing to the perceived gains in ability to 
meet mentee’s expectations (β = 0.098, p = 0. 443). Instead, 
facilitator effectiveness, race/ethnicity, and previous mentoring 
experience showed significant predictive power in estimating 
perceived gains in ability to meet mentees’ expectations. Specifi-
cally, greater facilitator effectiveness was associated with higher 
reported gains in ability to meet mentees’ expectations for men-
tors. For mentors’ race/ethnicity, historically excluded racial/
ethnic groups demonstrated higher gains in ability to meet 
expectations than well-represented groups (β = 0.275, p = 
0.002). Similarly, mentors without previous mentoring experi-
ence had higher reported gains than mentors with previous men-
toring experience in meeting expectations (β = 0.380, p < 0.001).

Mentors’ Intended Changes to Mentoring Practices
In the last two columns of Table 5, the treatment effects in terms 
of the likelihood of making any changes in mentoring practices 
are shown. The training platform was found not to be a signifi-
cant factor (without covariates: β = 0. 026, p = 0.305; 
with covariates: β = 0. 031, p = 0.271). However, facilitator 
effectiveness, race/ethnicity, and previous mentoring experi-
ence were significantly associated with intended behavioral 
changes. In particular, there was a greater likelihood of mentors 
intending to make changes in their mentoring with more effec-
tive facilitation. Regarding race/ethnicity, historically excluded 
racial/ethnic groups were more likely to intend to make changes 

FIGURE 2. (A) Initial balance in observed covariates. The dashed 
lines represent Rubin’s benchmark: 1) standard differences in 
means less than 0.25; and 2) the variance ratios between 0.5 and 2 
(Rubin, 2001; Stuart and Rubin, 2008). The covariates represented 
in the figure are mentees’ career stages: faculty (trainee_Faculty), 
graduate (trainee_Graduate), undergraduate (trainee_Undergrad), 
and none (trainee_none); mentor’s title (title_new); mentor’s 
previous mentoring experience (PreviousMentorExo_new); 
mentor’s years of experience (Yrs_Experience_new) and mentor’s 

years of experience, NA (Yrs_ExperienceNA); mentor’s sex 
(gender_new); and mentor’s race (race). (B) The balance plot after 
PSM in observed covariates. The dashed lines represent Rubin’s 
benchmark: 1) standard differences in means less than 0.25; and 
2) the variance ratios between 0.5 and 2 (Rubin, 2001; Stuart and 
Rubin, 2008). The covariates represented in the figure are mentees’ 
career stages: faculty (trainee_Faculty), graduate (trainee_Gradu-
ate), undergraduate (trainee_Undergrad), and none (trainee_none); 
mentor’s title (title_new); mentor’s previous mentoring experience 
(PreviousMentorExo_new); mentor’s years of experience 
(Yrs_Experience_new)and mentor’s years of experience, NA 
(Yrs_ExperienceNA); mentor’s sex (gender_new); and mentor’s 
race (race). (C) The density plot for the logit of PSM.
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in their mentoring practices than well-represented groups (β = 
−0.014, p = 0.002). Compared with mentors with previous 
mentoring experience, mentors without any previous mentor-
ing experience had a higher likelihood of intending to make 
changes in their mentoring (β = 0.959, p < 0.001).

DISCUSSION
In this study, differences in the effectiveness of RMT between 
in-person and synchronous online modalities were investigated 
using the PSM method. Consistent with previous reports 
(Handelsman et al., 2005; Pfund et al., 2014), mentors trained 
using Entering Mentoring reported perceived mentoring skill 
gains, further validating the efficacy of this training curriculum. 
Here, we report no differences in outcomes between training 
platforms for the first time, demonstrating that both in-person 
and synchronously online-trained mentors achieved similar 
perceived gains in mentorship skills, overall quality of mentor-
ing, and the ability to meet mentees’ expectations, as well as 

intent to make changes in their mentoring practices. As such, 
online training may be a feasible alternative option or supple-
mentation for in-person mentor training due to its time- and 
cost-efficiency (Bartley and Golek, 2004). This finding is espe-
cially important given the need to pivot to online mentorship 
education due to COVID-19.

This finding aligns with other studies that have suggested 
equivalent or greater learning gains in online learning environ-
ments compared with face-to-face classroom instruction 
(Nguyen, 2015), including public administration (Ni, 2013), 
evidenced-based psychotherapies (Mallonee et al., 2017), and 
teacher education courses (Thirunarayanan and Perez-Prado, 
2001; Hurlbut, 2018). Multiple pilot studies have recently 
reported significant mentoring skill improvements using hybrid 
in-person/online training interventions. For example, self-re-
ported retrospective pre–post assessment of participants in the 
NIH Tobacco Regulatory Science (TRS) blended in-person and 
online training program indicated increased confidence in 

TABLE 5. Estimates of the ATT on mentor training outcomes using PSMa

Mentoring skill gains Overall quality gains Meeting expectation gains Intended changes

Model 1 Model 2 Model 1 Model 2 Model 1 Model 2 Model 1 Model 2

(Intercept) 0.921 *** 
(0.030)

0.344 
(0.274)

1.227***
(0.041)

−0.087
(0.337)

1.029***
(0.046)

0.794**
(0.391)

1.045***
(0.010)

1.040***
(0.086)

Platform: online 0.132 
(0.087)

0.114 
(0.090)

0.044
(0.106)

0.128
(0.110)

0.168
(0.116)

0.098
(0.128)

0.026
(0.026)

0.031
(0.028)

Dosage 0.064* 
(0.033)

0.113***
(0.040)

−0.008
(0.047)

−0.001
(0.010)

Facilitator effectiveness (compared with “very effective”)
 Effective −0.134**

(0.062)
−0.131
(0.081)

−0.152
(0.094)

0.085***
(0.021)

 Neither −0.630***
(0.175)

−1.073***
(0.281)

−0.811**
(0.324)

0.292***
(0.066)

 Ineffective −0.398
(0.285)

−1.125**
(0.469)

−1.007*
(0.542)

0.426***
(0.121)

 Very ineffective −0.484
(0.414)

−0.265
(0.872)

−0.049
(1.007)

0.003
(0.225)

 Missing (NA) −0.540***
(0.113)

−0.816
(0.874)

−0.726
(1.008)

0.969***
(0.226)

Race/ethnicity (compared with “well represented”)
 Historically excluded 0.102*

(0.055)
0.234***

(0.074)
0.275***

(0.089)
−0.014
(0.019)

 Prefer not to answer −0.012
(0.228)

−0.011
(0.254)

0.029
(0.321)

0.192***
(0.063)

Sex (compared with “female”)
 Male −0.067

(0.054)
−0.038
(0.074)

−0.058
(0.089)

−0.013
(0.019)

 Other −0.382
(0.364)

−0.109
(0.443)

−0.075
(0.511)

−0.010
(0.114)

 Prefer not to answer −0.569**
(0.257)

0.125
(0.293)

0.142
(0.362)

−0.124*
(0.074)

Previous mentor experience (compared with “yes”)
 No 0.319***

(0.070)
0.487***

(0.087)
0.380***

(0.100)
−0.022
(0.022)

 Missing (NA) −0.097
(0.122)

1.296
(0.883)

– −0.959***
(0.228)

aRobust standard errors are in parentheses. Model 1 estimates the ATT on mentor training outcomes using PSM without additional covariates. Model 2 estimates the ATT 
on mentor training outcomes using PSM with additional covariates.
*p < 0.1.
**p < 0.05.
***p < 0.01.



21:ar62, 12  CBE—Life Sciences Education • 21:ar62, Winter 2022

J. Rogers, X. Gong, et al.

assisting, guiding, and supporting their mentees’ success in pur-
suing TRS careers (Di Frances et al., 2020). Further, at the Uni-
versity of Minnesota, a pilot study evaluating the efficacy of a 
hybrid 90-minute self-paced, asynchronous online training and 
an approximately 4-hour in-person mentoring workshop modal-
ity was conducted (Weber-Main et al., 2019). After completion 
of the asynchronous online module, researchers demonstrated 
an increase in knowledge gains and the likelihood of imple-
menting behavioral changes in their mentoring practices. Yet 
these improvements and overall skill gains for trained mentors 
were significantly augmented following completion of both the 
online and in-person training to levels comparable to a full-day 
standard in-person workshop. Additional studies are currently 
underway to assess the efficacy, quality, and impact of asyn-
chronous online training as a stand-alone RMT intervention.

The results also demonstrate that the number of training 
hours is positively associated with training outcomes, indicating 
higher dosage improves outcomes. These findings are consistent 
with a previous report showing that perceived increases in over-
all mentoring quality were significantly augmented with longer 
(4–10 hours) training, while gains were still evident in shorter 
training models (Rogers et al., 2020). These results suggest that 
training duration should be optimized for online training modal-
ities to maximize participant learning gains and avoid e-learning 
attrition due to cognitive overload (Tyler-Smith, 2006). While 
this study finds dosage to be significant in training outcomes, 
studies further examining how this relationship works are 
needed. Are the additional hours of training meaningful alone 
or are results dependent on the content of those hours of train-
ing? In addition, mentors without previous mentoring experi-
ence reported greater benefits from mentor training than men-
tors with some previous mentoring experience. Similarly, Rogers 
et al. (2020) reported that perceived overall mentoring quality 
and mentoring skill gains were significantly greater in partici-
pants without previous training. However, it is important to note 
that participants with prior mentoring experience reported 
higher baseline levels of perceived mentoring quality and skills 
on the pretraining evaluation, indicating that heightened per-
ception of incoming skills may have impacted subsequent learn-
ing gains. This result suggests a need for tiered training based on 
experience (i.e., basic vs. advanced mentor training) to simulate 
a novice baseline for experienced mentors.

Facilitator effectiveness was found to be another significant 
contributing factor to mentors’ training outcomes. Many studies 
have highlighted the importance of teacher effectiveness and 
facilitator style in both in-person and virtual environments to 
support student engagement, knowledge, and learning gains 
(Willis, 1994; Oncu and Cakir, 2011; Cacciamani et al., 2012). 
For facilitator development and to meet growing training 
demands, a validated facilitator training infrastructure was 
developed and expanded for facilitators of the Entering Mentor-
ing curriculum, training more than 200 facilitators (Pfund et al., 
2015b; Rogers et al., 2018; Spencer et al., 2018). Participants in 
the Train-the-Trainer model showed significant confidence 
gains in the ability to facilitate RMT and to successfully imple-
ment training in their individual contexts. However, the 
perceived effectiveness of trained facilitators has not been 
assessed in all contexts; thus, its impact on participant experi-
ence and learning gains must be further explored. Additionally, 
to ensure consistency in facilitation across mentor training 

experiences, the quality of facilitator training for virtual educa-
tors will be assessed in the future.

Finally, this study demonstrates greater skill gains across all 
measures for mentors from historically excluded racial/ethnic 
groups compared with mentors from well-represented back-
grounds, suggesting a difference in the perceived benefits of 
mentor training, which is of great interest. Other studies also 
have shown underrepresented learners having more favorable 
perceptions of instructor support compared with well-repre-
sented students (Ke and Kwak, 2013); however, the satisfaction 
rating is also lower in these studies. The difference in the per-
ceived benefits of mentor training found in this study could also 
be an indicator of the need for changes in the training environ-
ment and advancement in culturally aware mentorship educa-
tion. Perhaps, for mentors of historically excluded racial/ethnic 
groups, their own experiences in the training environment and 
the previous lack of adequate mentoring have made them more 
aware of the need for skilled mentoring and thus more open to 
the training. For example, Ginther et al. (2011) showed that 
White investigators are significantly more likely than Black and 
Hispanic investigators to win R01 awards. One hypothesis 
posed to explain this difference is that minority investigators are 
less likely to receive adequate mentoring (Ginther et al., 2011). 
This finding has contributed to a national focus on advancing 
the science of mentorship. The Science of Effective Mentorship in 
STEMM report from the National Academies highlights the crit-
ical role mentorship plays in developing a science identity and 
calls for culturally aware mentorship education. Thus, the find-
ing that RMT participants from historically excluded racial/eth-
nic groups gain more from the training is especially important, 
given the heightened focus on improving the training and train-
ing environment for scholars from historically excluded racial/
ethnic groups. Future studies are needed to fully explore this 
finding. In particular, an examination of differences in pretrain-
ing levels for historically excluded racial/ethnic groups com-
pared with well-represented groups is needed, as well as quali-
tative studies to fully understand the differences.

Limitations and Strengths of the PSM Approach
Quasi-experimental studies can be prone to misinterpretation of 
treatment effects due to pre group differences in the absence of 
randomized experiments. PSM allows researchers to balance 
nonequivalent groups with predetermined and theoretically rel-
evant covariates. This methodology has been proved to reduce 
selection bias and provides a more precise estimation of treat-
ment response. Additionally, PSM gives nonrandomized studies 
experimental design characteristics (Dehejia and Wahba, 2002; 
Schafer and Kang, 2008). This study revealed that mentors who 
participated in online training might significantly differ from 
those in face-to-face training in terms of their characteristics. 
However, the use of PSM revealed that the training mode did 
not significantly impact the measured training outcomes. This is 
due to the fact that the propensity score matched data set was 
balanced with respect to selected covariates; in other words, 
most of the selection bias influencing the measured training out-
comes was removed using the propensity score methodology. 
Thus, we obtained more correct estimates of the measured train-
ing outcomes for mentors in both training modes.

As an approach to check the sensitivity of the results using 
the optimal full matching, the research team also considered 
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other possible propensity score techniques, including inverse 
propensity weighting and regression estimation using the pro-
pensity score. The idea of inverse propensity weighting is 
up-weighting underrepresented units and down-weighting 
overrepresented units in the treatment and control groups 
(Steiner and Cook, 2013). Regression estimation using propen-
sity score is based on the idea of using the propensity score as 
an additional covariate in standard regression approaches 
(Steiner and Cook, 2013). The authors chose optimal full 
matching as the primary analytical strategy due to the follow-
ing reasons. Compared with inverse propensity weighting, opti-
mal full matching yielded a more balanced set of the selected 
covariates used for matching, meaning that the treatment and 
control groups were more comparable using optimal full match-
ing. Also, the inverse propensity weighting is sensitive to large 
weights and thus results in larger standard errors than the opti-
mal full matching (Steiner and Cook, 2013). On the other 
hand, regression estimation relies on functional form assump-
tions, whereas optimal full matching relaxes them. Admittedly, 
there are certain limitations to the current study. For example, 
the baseline covariates are not extensive enough to measure the 
pretreatment group differences, limiting the observed covari-
ates’ potential to balance the treatment and control groups and 
remove all the overt bias. One way to address this issue is to 
collect a large number of covariates from heterogeneous 
domains, for example, years of mentor’s previous mentoring 
experience, field of expertise, age, and so on. The propensity 
score methods also cannot control for unmeasured confound-
ing factors, such as the mentor’s ability or other concurrent 
events that may contaminate the impacts of the training on the 
outcomes.

Summary
This study suggests that RMT participants perceived mentoring 
skill gains and overall quality of mentoring to be comparable, 
regardless of the training modality used—online versus in-per-
son. As such, online mentoring training should be considered a 
viable option. Other variables such as dosage, facilitator effec-
tiveness, race/ethnicity, sex, and previous mentoring experi-
ence were associated with perceived gains in mentoring skills 
and overall quality of mentoring. Similarly, both perceived 
gains in the ability to meet mentees’ expectations and mentors’ 
intention to make changes to their mentoring practices were 
comparable regardless of the training modality. Interestingly, a 
practical implication of the study is the effectiveness of the facil-
itator, suggesting that facilitator training is critical and thus 
should be standardized to ensure that facilitators of the Entering 
Mentoring curriculum have the requisite skills.

A limitation of this study is that the outcome measures are 
self-reported perceived gains and intended behavioral changes, 
which do not have specific evidence of validity and reliability in 
this study. While these measures have been proven to be strong 
predictors of actual skill gains and behaviors in both the short 
and long term, in other studies they still remain short-term, 
self-reported measures (Pfund et al., 2014; House et al., 2018; 
Trejo et al., 2022). Additionally, there is some heterogeneity in 
survey data collection between the two modes of training. Future 
studies should look at long-term RMT outcomes, including 
actual behavioral changes and reported skill gains, and explore 
how these vary by in-person versus online training modes.

Additionally, future research should identify and assess spe-
cific domains of facilitators’ skills. Concerning race/ethnicity, 
mentors from historically excluded racial/ethnic groups bene-
fited more from the training, reported higher perceived gains 
in mentoring skills, overall quality of mentoring, and their 
ability to meet mentees’ expectations. Mentors without previ-
ous mentoring experience benefited more from the training 
than those with some experience. This study has also high-
lighted the need for future studies to untangle the effects of 
dosage, type of participant, and mode of training. To optimize 
training outcomes for all groups, we need more in-depth anal-
yses studies examining how different levels of dosage impact 
training outcomes, how this varies by types of participants, 
and also how this differs for online trainings. Finally, this 
study demonstrates that the PSM method is able to yield accu-
rate estimates of the treatment effect in nonexperimental set-
tings, indicating that PSM can reasonably replicate experimen-
tal impact estimates.
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