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ARTICLE

ABSTRACT
African Americans, Latinos, and Native Americans are historically underrepresented mi-
norities (URMs) among science, technology, engineering, and mathematics (STEM) degree 
earners. Viewed from a perspective of social influence, this pattern suggests that URMs do 
not integrate into the STEM academic community at the same rate as non-URM students. 
Estrada and colleagues recently showed that Kelman’s tripartite integration model of social 
influence (TIMSI) predicted URM persistence into science fields. In this paper, we longitu-
dinally examine the integration of URMs into the STEM community by using growth-curve 
analyses to measure the development of TIMIS’s key variables (science efficacy, identity, 
and values) from junior year through the postbaccalaureate year. Results showed that 
quality mentorship and research experience occurring in the junior and senior years were 
positively related to student science efficacy, identity, and values at that same time period. 
Longitudinal modeling of TIMSI further shows that, while efficacy is important, and per-
haps a necessary predictor of moving toward a STEM career, past experiences of efficacy 
may not be sufficient for maintaining longer-term persistence. In contrast, science identity 
and values do continue to be predictive of STEM career pathway persistence up to 4 years 
after graduation.

INTRODUCTION
The inability to achieve STEM (science, technology, engineering, and mathematics) 
workforce goals in the United States has long been attributed to the leakage of the 
academic “pipeline”—particularly for underrepresented minorities (URMs). Specifi-
cally, while there have been some gains, national data continue to show that the dis-
parity in STEM degree attainment for URM students—African-American, Hispanic, or 
Latino/Latina, American Indian/Native American, and Alaskan Native students—
increases at each degree level, compared with white and Asian students (National 
Center for Education Statistics, 2005; DePass and Chubin, 2009; Estrada et al., 2016). 
At each stage of the academic process, URM students are consistently less likely to 
persist in STEM degree programs than white or Asian students. The end result is 
underrepresentation of members of these groups in STEM research careers. This edu-
cational disparity has attracted considerable commentary, including the application of 
theoretical models to understand and address this issue (e.g., Bandura, 1997; Gándara 
and Maxwell-Jolly, 1999; Lewis, 2003; President’s Council of Advisors on Science and 
Technology, 2012; National Academies of Sciences, Engineering, and Medicine, 2016). 
This paper takes one such model, which emerged from the field of social psychology, 
the tripartite integration model of social influence (TIMSI; Estrada et al., 2011), and 
assesses the ability of the model to predict persistence using longitudinal data from a 
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national panel of URM students. In addition, this paper exam-
ines how research and mentorship experiences contribute 
toward the development of the TIMSI components—efficacy, 
identity, and values—which have been shown to predict per-
sistence in intention to pursue a STEM career following 
graduation.

The Scientific Community as an Agent of Social Influence
Training new scientists can be described as a process in which 
students experience social influence from peers, educators, and 
mentors. As Kelman and Hamilton (1989) describe it, social 
influence occurs when “a person changes his or her behavior as 
a result of induction by some other person or group—the influ-
encing agent” (p. 78). Social influence research has tradition-
ally focused on the effect of the social context upon the individ-
ual and perceptions of the sources of social influence, and 
differs from socialization models that focus heavily upon indi-
vidual difference measures. Social psychologists have shown 
that social influence is ubiquitous—occurring frequently and in 
a wide array of situations (Cialdini and Trost, 1998; Chartrand 
and Bargh, 1999; Schultz et al., 2007; Nolan et al., 2011). Pre-
vious research on URM integration into academic communities 
suggest that even influencing agents’ subtle cues can impact 
interest and persistence. For example, influencing agents can be 
representatives from the academic community (such as instruc-
tors or fellow students), as well as contextual variables (such as 
posters on a wall or program information pamphlets), which 
have been shown to impact students’ sense of belonging, expe-
riences of stereotype threat, and their intentions to participate 
in academic community activities (Bandura, 1997; Gándara 
and Maxwell-Jolly, 1999; Lewis, 2003; Murphy et al., 2007). 
The student is thus influenced intentionally or unintentionally 
in the academic environment. Viewing URM persistence in 
STEM through the lens of social influences leads to different 
and unanswered questions to potentially expand the research 
literature on this topic.

Social Influence Literature
In their review of the social influence literature, Cialdini and 
Goldstein (2004) focused on specific influence tactics (e.g., the 
foot-in-the door or door-in-the-face techniques) and empha-
sized the circumstances under which the tactics do or do not 
work. While relevant to many contexts, this sort of research is 
not particularly informative in explaining how complex social 
influence experiences occur, such as how the scientific commu-
nity influences a URM student to pursue a scientific research 
career. First, the influence of academic degree programs seldom 
rests on a onetime interaction but on ongoing situations in 
which many incidents of influence are likely to occur. Second, if 
the student is indeed influenced, it is quite likely that several 
goal motivators will be activated—including the goals of accu-
racy, affiliation, and maintaining a positive self-concept, as Cial-
dini and Goldstein describe. Finally, evidence of social influence 
occurring is likely to result in a broad spectrum of behavioral 
changes, not just a single behavioral outcome. While it is con-
ceivable that a onetime interaction could influence a URM stu-
dent career choice, particularly a significant negative interac-
tion, URM students who leave or complete degrees are equally, 
if not more likely to have a range of social influence experiences 
during their student tenure, including interactions with faculty, 

staff, other students, and course content. To capture multiple 
experiences of the social influence process, we draw on an early 
model of social influence.

TIMSI and Complex Social Influence Context
Herbert Kelman proposed a model of social influence more than 
50 years ago that showed how a person’s orientation toward a 
social system predicted the conditions under which a person 
would conform with the demands of the influencing agent 
(Kelman, 1958, 1961). Kelman concluded that there were three 
processes of social influence—compliance, identification, and 
internalization—which unique antecedent and consequent con-
ditions define. Experimental tests of the theory were conducted 
to understand a specific incident of influence, much as the 
recent research on social influence has done. However, several 
years later, Kelman (1963) expanded upon his initial theory to 
take into account that social influence often occurs in a more 
complex social context. In fact, he described social influence as 
a linkage between the individual and a complex social system 
(Kelman, 1974). According to Kelman (2006), most situations 
of influence can be described as falling into one of two catego-
ries. The first comprises situations of socialization, in which indi-
viduals in a developmental sense are prepared for roles within a 
society, group, or organization. The second, situations of reso-
cialization, occurs when a situation is “designed to move indi-
viduals … from old to new roles with their accompanying 
beliefs and values” (Kelman, 2006, p. 8). This may occur in 
situations of psychotherapy, conversions of various sorts, and 
acculturation. When a student decides to become a part of a 
STEM academic community, this latter type, resocialization, 
potentially describes minority students’ journey through aca-
demic pathways.

According to Kelman (1958, 2006), each process—compli-
ance, identification, and internalization—describes a unique 
way in which an individual is oriented to a social system. Com-
pliance occurs when an individual adheres to the rules or norms 
of the system. With compliance, the person ceases to pursue the 
behaviors the social system desires if the rewards and approval 
cease (and/or penalties and disapproval increase significantly). 
This is referred to as a rule orientation. Estrada et al. (2011) 
measured this orientation as efficacy, because a student who is 
rewarded for success in academia will feel able to conduct the 
behaviors the community requests. Identification occurs when 
an individual’s identity is incorporated into his or her activities 
within that social system. In this case, the social system defines 
an aspect of the self and belonging. This is a role or identity 
orientation. Finally, internalization “reflects an orientation to 
system values that the individual personally shares” (Kelman, 
2006, p. 11), which Kelman refers to as a value orientation. In 
the TIMSI framework, an individual connects to the social sys-
tem through adopting the rules, roles, and/or values of the 
social system. The social influence process varies depending on 
the person’s orientation to the social system.

Rules, Roles, and Values
Kelman’s research (2006) shows that there are three levels of 
influence that are marked by shifts in the target’s internal orien-
tation to the influencing agent, yet regardless of orientation, the 
same behavior may be exhibited. Given the same context, dif-
ferent orientations may lead to different levels of persistence in 



CBE—Life Sciences Education  •  17:ar9, Spring 2018	 17:ar9, 3

URM Integration into STEM

conforming to community normative behavior (Estrada et al., 
2011). For example, if a student is studying science because he 
or she feels consistently rewarded by good grades and acco-
lades from instructors (i.e., they acquire efficacy), this student 
may not persist if he or she encounters difficult classes and less 
academic success. In contrast, students who believe and value 
that science is integral to making meaningful contributions to 
society may persist even when courses become difficult. Early 
research shows that these three orientations measured in the 
final year of undergraduate education do predict intention to 
pursue a science career and applications to graduate school. 
The hypothesis, while logical, has yet to be tested in a longer-
term study that assesses career choices up to 4 years after bac-
calaureate-degree attainment.

Rule Orientation: Scientific Efficacy.  Previous research has 
shown that rule orientation is strongest when students believe 
that they can perform science-related tasks and skills (Estrada 
et al., 2011). Yet students feeling they can do the work of a sci-
entist does not automatically mean students identify as scien-
tists or feel they belong to the community of scientists; nor does 
it tell us whether they find the skills they have acquired valu-
able. When students exhibit a rule orientation toward the scien-
tific community, they simply are confirming that they had the 
opportunity to learn, that they complied with learning the 
required skills of the scientists, and that they assess themselves 
as capable of doing scientific work. Previous research has shown 
that URMs having science efficacy is positively related to con-
tinuing to pursue a scientific career (Lent, 2007; Chemers et al., 
2011) as well as academic achievement (Brown et al., 1989; 
Hackett et al., 1992). Previous research also has indicated that 
while efficacy may be a necessary component for integration, it 
is not the most predictive of persistence when identity and val-
ues are also part of the model (Estrada et al. 2011).

Role Orientation: Scientific Identity.  Previous research has 
shown that URM students who identify as scientists (i.e., feel 
they belong in the community of scientists, affiliates, and per-
ceives science as an important aspect of their identity) are more 
likely to behave in a manner consistent with the expectations of 
that role and to pursue a scientific career (Chang et al., 2011; 
Chemers et  al., 2011). There is some evidence that minority 
students do not experience belonging (Hausmann et al., 2007) 
and assume academic identity at the same rate as do nonmi-
nority students (Hurtado et  al., 2009). Stereotype threat 
research has shown that when there are “signals” or context 
contingencies that communicate to minority students that they 
do not belong in the scientific community, students’ perfor-
mances decline, while cognitive vigilance increases (Steele, 
1997; Ambady et  al., 2001; Murphy et  al., 2007). Academic 
work on critical race theory contends that issues of racism and 
power permeate the educational context, impacting a plethora 
of psychosocial and educational outcomes (Delgado and Ste-
fancic, 2012; Leonardo, 2012). Previous research has also 
shown that, when a science student assumes the identity of a 
scientist, he or she is more likely to follow the norms of that role 
and pursue a career in the sciences (Estrada et al., 2011). We 
hypothesize that role orientation builds upon rule orientation 
and indicates a deeper level of integration, resulting in greater 
long-term influence on career choice.

Value Orientation: Internalization of the Values of the Scien-
tific Community.  In the context of the scientific community, 
people exhibit an internalized social influence process when 
their authentic valuing of the objectives of the scientific com-
munity is the primary motivation for their desire to pursue a 
scientific career. Kelman describes values as specific shared 
guiding principles held by group members (2006, p. 521). His 
approach differs from Schwartz’s (1999) work, which focuses 
primarily on 10 cross-cultural value constructs. Kelman’s con-
ception of values also differs slightly from Eccles and colleagues’ 
research on subjective task value, which focuses more upon the 
value of specific tasks and assesses the intrinsic value of a task 
(Eccles and Wigfield, 2002; Durik et al., 2006). Estrada et al. 
(2011) developed a measure of values based on Schwartz’ por-
trait value scale, which asks people to rate how much a person 
is or is not like them who endorses a described value (Schwartz 
et al., 2001). With this measure, regardless of level of enjoy-
ment or usefulness, when a person rates social group values as 
important to him- or herself, this is evidence of internalization 
of that value. The research showed that this measure of scien-
tific values predicted students’ integration into the scientific 
community, even when science efficacy and identity were a part 
of the model (Estrada et al., 2011).

Time.  Previous research on integration, measured as science 
efficacy, identity, and values predicting persistence in STEM, 
has typically measured outcomes within a year of baccalaure-
ate-degree attainment. The extent to which undergraduate 
integration into a professional community results in longer-term 
STEM career persistence is less well studied.

Program Components That Potentially Increase Integration
The TIMSI model offers a useful framework within which to 
understand how various undergraduate experiences contribute 
toward the resocialization of URM science students into STEM 
disciplines. A variety of intervention programs designed to 
encourage URM persistence in the sciences exist that offer 
opportunity, support, and training experiences. For university 
students, these programs are administered through local and 
national science training programs (STPs). Many of these STPs 
provide research experience and mentorship for students. While 
the effectiveness of these programs has attracted national scru-
tiny in recent years, there is emerging evidence that these pro-
grams make a difference (National Research Council, 2005; 
Schultz et al., 2011). What is less clear is which program com-
ponents contribute toward persistence.

Research Experience.  Across a range of age groups, program 
designs, intensity, and duration, findings show that under-
graduate research experience (in the context of co-curricular 
programs or within the classroom) are integral to the develop-
ment and sustaining of interests in STEM careers among 
students. For example, Laursen et al. (2010) concluded that 
research experience positively influences career choice, place-
ment, decision making, and preparation. The evaluation stud-
ies they cite in their review of the literature on research experi-
ence rely heavily on descriptive accounts of research 
experiences from programs with small sample sizes. In recent 
years, a variety of larger research programs have started to 
show reliable impacts of research experience relating to degree 
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completion and persistence in interest in STEM careers using 
quasi-experimental designs and statistical modeling (Barlow 
and Villarejo, 2004; Villarejo and Barlow, 2007; Jones et al., 
2010; Chemers et al., 2011; Schultz et al., 2011). Their analy-
ses suggested that research participation directly contributed 
to persistence.

In summary, the evidence suggests that co-curricular pro-
grams with a research experience component are more likely to 
contribute toward developing and sustaining interest in STEM 
fields (Estrada, 2014). The majority of studies cited here, how-
ever, have focused on persistence in biology or biomedical 
fields. Very little prospective research has examined why 
research experience relates to URM persistence in STEM fields 
or how it predicts prospectively career choices up to 4 years 
after baccalaureate-degree attainment.

Mentorship.  Mentoring is the second core component of many 
intervention programs. Mentorship refers to a relationship 
between a seasoned, experienced person—a mentor—and a 
less experienced person—the protégé (Rhodes, 2005). Within 
the context of this relationship, there is the expectation that the 
protégé will develop professionally under the guidance of the 
mentor (Eby et al., 2007), receive career assistance and sup-
port (Jacobi, 1991), and serve as a significant institutional 
agent in promoting student engagement (Chen et al., 2008). 
Some scholars have made the assumption that mentorship is 
beneficial, resulting in academic achievement, productivity in 
scholarship, academic persistence, and even psychological 
health (Tenenbaum et al., 2001; Johnson et al., 2007). At the 
same time, other scholars have provided strong critiques of the 
methodological limitations of this field of study (Crisp and 
Cruz, 2009; National Academies of Sciences, Engineering, and 
Medicine, 2017). Meta-analyses of mentor–protégé studies 
indicate that three factors emerge as important to protégé 
experiencing positive outcomes (Eby et al., 2013). First, men-
tors can provide instrumental support, providing resources and 
opportunity to the protégé to engage in goal attainment (Kram, 
1985), which can include “the specific mentor behaviors of 
providing task-related assistance, sponsorship, exposure and 
visibility, and coaching” (Eby et al., 2013, p. 3). Second, psy-
chosocial support occurs when a mentor enhances “an individ-
ual’s sense of competence, identity, and effectiveness in a pro-
fessional role” (Kram, 1985, p. 32). This may also include 
facilitating emotional and personal development (Flaxman 
et al., 1988; Nakkula and Harris, 2013). A third, relationship 
quality (sometimes referred to as “relationship satisfaction”) is 
an affective assessment of liking, which may include feelings of 
trust, empathy, respect, and connectedness (Ragins, 2010). 
Most of the empirical research showing mentorship is import-
ant to positive outcomes emerges from studies of youth men-
torship and the business world (meta-analyses by Allen et al., 
2004), with the outcome of these studies typically being aca-
demic and career advancement. However, Eby et al.’s (2013) 
meta-analysis of mentorship research shows that there is robust 
evidence for instrumental and psychosocial support contribut-
ing to relationship quality in a self-enforcing cycle. And the 
combination of these mentorship qualities is positively related 
to performance, motivation, career outcomes, and health for 
protégés. Examining how mentorship impacts URM student 
development of science efficacy, identity, and values across 

time will extend current research in this area that indicates that 
the quality of mentorship is important in URM mentor–protégé 
experiences (Thiry and Laursen, 2011; Byars-Winston et  al., 
2015).

Summary
In this paper, we will use structural equation modeling (SEM) 
to look at how URM students integrate into the scientific com-
munity across time. Specifically, we test a model that seeks to 
answer two research questions: 1) Does research experience 
and mentorship contribute toward integrating undergraduates 
into STEM fields? 2) Do URM undergraduate students’ science 
self-efficacy, identity, and values (measures of student integra-
tion into the scientific community) positively relate to per-
sistence in STEM career pathways up to 4 years later? On the 
basis of previous research, we hypothesized that research expe-
rience and quality mentorship during undergraduate education 
will positively predict science self-efficacy, scientific identity, 
and the valuing of the objectives of the scientific community. 
Further, we hypothesized, extrapolating from previous find-
ings, that each of the above variables will be positively cor-
related with choosing a STEM career and negatively correlated 
with choosing a non-STEM career 4 years after graduation. 
Moreover, on the basis of previous research, we hypothesized 
that science identity and valuing the objectives of science as an 
undergraduate will be unique positive predictors of choosing a 
STEM career. To answer these research questions and test the 
stated hypotheses, we analyzed data from a longitudinal pro-
spective study of undergraduate URM science students. These 
data cover a 6-year span of time in which students persisted in 
STEM, left STEM, or pursued a medical/clinical career. More 
specifically, and as shown in our conceptual model (Figure 1), 
we simultaneously modeled the influence of mentor quality 
and research experiences on science efficacy, identity, and 
values (research question 1) and influence of science efficacy, 
identity, and values on distal career outcomes (research ques-
tion 2), controlling for relevant background, demographic, and 
institutional characteristics.

METHODS
The data for this study were drawn from a national, longitudi-
nal panel of URM science students that began in 2005, and we 
use data from the students’ junior and senior years of under-
graduate study and STEM persistence 6 years later.

Participants and Procedure
A longitudinal panel of 1420 minority science students (under-
graduate and graduate) was recruited from 50 universities 
across the United States. The purpose of the study was to inves-
tigate the long-term impact of participation in URM-focused 
biomedical/science training programs (i.e., National Institutes 
of Health [NIH]-funded Research Initiative for Scientific 
Enhancement [RISE] program and similar programs). There-
fore, in 2005, we recruited URM biomedical/science majors 
enrolled in RISE or similar programs and matched URMs not 
enrolled in a science training program. We recruited students 
from the 25 college campuses running RISE programs and from 
25 matched college campuses that did not have a RISE pro-
gram. Matched campuses were identified based on similar 
demographic and geographic locations.
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Consistent with the mission of the RISE program, partici-
pants were considered “minority” if 1) they were a member of 
an ethnic or disability group that was deemed underrepresented 
in U.S. biomedical/science graduate degree programs and fac-
ulty positions in 2005, or 2) they were a member of any other 
group determined to be underrepresented in biomedical fields 
as determined by campus-level institutional policies (which 
varied across RISE campuses). Because RISE and similar pro-
grams primarily recruit during the junior and senior years, our 
targeted sampling approach also focused primarily on URMs in 
their junior and senior years, who were recruited through email 
and announcements made in upper-division gateway science 
courses (e.g., organic chemistry) on each campus. All potential 
participants completed a brief baseline recruitment survey in 
the Fall of 2005 consisting of background information (e.g., 
parental education), demographics (e.g., race/ethnicity), aca-
demic characteristics (e.g., major, year in school), and intention 
to pursue a scientific career. Students received small incentive 
for their participation in the recruitment study ($5). Students 
with complete information and self-reporting a strong intention 
to pursue a scientific research career were recruited into the 
larger study.

Starting in the Spring of 2006, participants responded to 
biannual (Fall and Spring) online surveys concerning their edu-

cational status (e.g., college senior majoring in chemistry; 
enrolled in PhD program in cell biology), educational and pro-
fessional aspirations and attainment (e.g., intention to pursue a 
scientific research career), engagement in scientific activities 
(e.g., participation in lab research), and status on a number of 
theoretically relevant individual differences (e.g., scientific 
self-efficacy); participants received a small incentive for their 
participation in the study ($25 per survey).

The analytic sample reported in this paper consists of stu-
dents who completed the surveys in their junior and senior 
years (78% of the full panel, i.e., removed graduate students, 
n = 184). Of this subsample, the small number of participants 
who did not provide any usable data in their junior or senior 
years (n = 221) were not included in the analysis. The final 
analytic sample (N = 1015) consisted of students who responded 
to the survey at least once during their junior or senior years. 
When recruited into the panel, the participants were primarily 
in their early twenties (M = 21.49, SD = 3.58) and female 
(72%), and the sample consisted of African-American students 
(47.0%), Hispanic/Latino/Latina students (40.3%), and a 
smaller proportion of students (12.7%) from other racial back-
grounds (i.e., Asian, Hawaiian/Pacific Islander, Native Ameri-
can/Alaskan Native, white–non-Hispanic [e.g., of Middle East-
ern descent]).

FIGURE 1.  Conceptual model showing expected direct and indirect effects of quality of mentorship and research experiences on TIMSI 
variables and career outcomes, controlling for individual and institutional characteristics.
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Measures
Scientific Self-Efficacy: Indicator of Rule Orientation.  A six-
item self-efficacy scale used in prior research (Estrada et  al., 
2011), asked participants to assess their ability to function as a 
scientist in a variety of tasks (e.g., “generate a research question 
to answer”). Each statement was assessed on a scale of 1 (not 
at all confident) to 5 (absolutely confident). This scale was 
administered each semester (Fall and Spring) from junior 
through senior years.

Scientific Identity: Indicator of Role Orientation.  A five-item 
scientific identity scale used in prior research (Estrada et  al., 
2011) asked participants to assess to what extent a statement 
was true of them (e.g., “I have a strong sense of belonging to 
the community of scientists”). The participants assessed each 
statement on a scale of 1 (strongly disagree) to 5 (strongly 
agree). This scale was administered the Fall and Spring semes-
ters of junior year and the Fall semester of senior year.

Science Community Value Scale: Indicator of Value Orienta-
tion.  A four-item values scale used in prior research (Estrada 
et al., 2011) asked participants to read descriptions of a person 
(e.g., “a person who feels discovering something new in the 
sciences is thrilling”) and to rate “how much the person in the 
description is like you.” The participants responded on a scale 
from 1 (not like me at all) to 6 (very much like me), which is a 
classic response option for studying values (Schwartz et  al., 
2001). This scale was introduced into the study later than the 
efficacy and identity scales. Thus, the scale was only adminis-
tered in the Fall semester of senior year.

Average Research Experience in Junior and Senior Years.  
Students were asked whether they had “worked in a laboratory 
at their current university,” “worked in a laboratory at another 
university,” or had “worked on research at another location” 
over the previous 6 months. Responses were dummy coded into 
a research experience variable (0 = no research experiences; 1 = 
research experience). Student responses were averaged over 
the Spring of junior year and Fall of senior year and recoded 
into two contrast-coded binary variables indicating one semes-
ter of research (1 = one semester; −1 otherwise) and two semes-
ters of research (1 = two semesters; −1 otherwise).

Average Mentor Relationship Quality in Junior and Senior 
Years.  Students with faculty mentors were asked to broadly 
assess the quality of their mentoring relationships using a nine-
item scale of mentor support adapted from Dreher and Ash 
(1990; see the Supplemental Material for items). Participants 
reported the extent to which their mentors provided psychoso-
cial support, instrumental support, and networking support on 
a scale from 1 (not at all) to 5 (to a very large extent). Partici-
pants without a mentor did not complete these scales, and their 
data were coded as missing values. These scales were adminis-
tered in the Spring of junior year and Fall of senior year. The 
Spring and Fall mentor-quality scores were averaged, and a sin-
gle index of mentor quality in junior and senior years was 
included in our analysis.

Career Choice.  Beginning in the Fall of 2011, 4 years after 
baccalaureate attainment in the sample (on average), partici-

pants were asked to report on their current occupations. 
Responses were coded into three mutually exclusive categories: 
STEM career, which included the pursuit (e.g., graduate stu-
dents in STEM-focused fields) and attainment of STEM-related 
careers (e.g., “analytic chemist,” “assistant professor of biology,” 
“sixth-grade earth science teacher”; n = 302); medical/clinical 
career (e.g., “medical doctor–pediatric resident,” “occupational 
therapist,” “bilingual school psychologist”; n = 197); other pro-
fession (e.g., “police officer,” “special education teacher,” “food 
service,” “homemaker”; n = 195). Two graduate student raters 
(kappa = 0.99) coded participant responses (N = 694), and dis-
agreements were resolved by M.E. The career choice variable 
was dummy coded into three variables: STEM career (0 = non-
STEM career; 1 = STEM career); medical career (0 = nonmedi-
cal career; 1 = medical career); other career (0 = STEM or med-
ical career; 1 = other career).

Controls.  Demographic information, such as gender and eth-
nicity, and current college cumulative grade point average 
(GPA) were self-reported baseline. Gender was contrast coded 
into a single variable with females as the reference group (−1 = 
female; 1 = male). Ethnicity was recoded into five con-
trast-coded variables with African Americans as the reference 
group. College/university Carnegie classification was recoded 
into seven contrast-coded variables with baccalaureate colleges 
(diverse fields) as the reference group.

Auxiliary Variables.  Auxiliary variables were included in our 
analysis. The list of variables included: year in school at the 
time of recruitment, science training program status, under-
graduate institution, field of study, year of recruitment, trans-
fer status, and intention to pursue a scientific research career, 
living situation at baseline (e.g., living with parents), parental 
highest level of education, English as a first language status, 
and age.

Data Structure and Treatment of Missing Data.  The data 
were collected in linear time (e.g., Spring 2006, Fall 2006, 
Spring 2007) but were restructured based on year in school 
(e.g., junior–Fall semester, junior–Spring semester, senior–Fall 
semester, senior–Spring semester) for the analysis. Given the 
sampling design described earlier, each variable in our data set 
exhibited varying degrees of missing data (Supplemental Table 
1 shows missing data information on each variable). For exam-
ple, a relatively small proportion of our sample was recruited 
into the study in time to complete the junior year Fall semester 
survey (i.e., most completed the baseline survey in the Fall 
semester of junior or senior years and started the full survey in 
the Spring of junior or senior years). In addition, individuals 
exhibited a variety of idiosyncratic patterns of missing data.

To determine whether the patterns of missing data met the 
strict assumption of being missing completely at random 
(MCAR) required for unbiased parameter estimates under ordi-
nary least-squares (OLS) regression, we conducted Little’s 
MCAR test (Little, 1988; Schafer and Graham, 2002). Results 
indicated that the data were not missing completely at random, 
χ2(1009) = 1180.42, p < 0.001. To satisfy the less-strict assump-
tion of missing at random required in an SEM framework, we 
used data collected in the baseline recruitment to identify auxil-
iary variables associated with missing data (Collins et al., 2001; 
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Enders, 2010). We identified 14 variables that were correlated 
with indicators of missing data for each variable in our missing 
data model. Logistic regression models predicting indicators of 
missing data for each variable (dummy coded: 0 = nonmissing; 
1 = missing) showed that, as a set, the auxiliary variables signifi-
cantly predicted missing (Nagelkerke R2 M = 0.63, SD = 0.22). 
The auxiliary variables included the following:

•	 Academic characteristics and motivation: year in school at 
the time of recruitment (e.g., students recruited in senior 
year had missing data in junior year), science training pro-
gram status (e.g., RISE, non-RISE comparison group), 
undergraduate institution, baseline cumulative college GPA, 
field of study (e.g., biological sciences), year of recruitment 
(2005, 2006, or 2007), transfer status, and intention to pur-
sue a scientific research career.

•	 Background characteristics and demographics: living situa-
tion at baseline (e.g., living with parents), parental highest 
level of education, ethnicity, gender, English as a first lan-
guage status, and age.

All auxiliary variables were entered into the substantive 
analysis models to reduce potential bias (Collins et al., 2001).

Model Fit.  Model fit was assessed with a variety of fit indices. 
In addition to reporting the model chi-square (χ2) and degrees 
of freedom, we the report root-mean-square error of approxima-
tion (RMSEA) and the comparative fit index (CFI). Consistent 
with current standards, we evaluated model fit indices relative 
to recommended cutoff values (Hu and Bentler, 1999). RMSEA 
values at or below 0.05 (or RMSEA 90% confidence intervals 
[CIs] that included 0.05) and CFI values at or above 0.95 indi-
cated good data–model fit. Assessment of the statistical signifi-
cance of individual parameter estimates (e.g., regression slopes) 
followed assurance that the model fit was acceptable (Thomp-
son, 2004). We evaluated the statistical significance of parame-
ter estimates at a typical 0.05 alpha level, because we focused 
on a small set of hypothesis tests rather than employing explor-
atory post hoc model modifications, which are known to inflate 
familywise error rate and type I error controls (Green and Bab-
yak, 1997; Hancock, 1999).

Modeling Approach.  Given the nature of the distal career out-
comes (i.e., binary variables) and missing data, all models were 
estimated using weighted least-squares Mplus, version 7.11 
(Muthén and Muthén, 1998–2009). Auxiliary variables, as 
described above, were incorporated into the models to correct 
for potential bias due to data missing at random (see the Sup-
plemental Material section on preliminary growth model ana-
lytic description for full details of the iteration of the model and 
analytic response to nested structure).

RESULTS
Predicting Development of TIMSI from Research 
and Mentoring
We addressed our first research question (i.e., the degree to 
which mentoring and research contribute to integration into the 
scientific community) by estimating the model depicted in 
Figure 1, which assessed the influence of quality mentorship 
and research experiences on levels and growth in science effi-
cacy, science identity, and science community values, over and 

above various control variables (i.e., demographic characteris-
tics [i.e., gender and ethnicity], academic achievement [base-
line GPA], and institutional characteristics). In addition, the 
parallel models addressed our second research question (i.e., 
the degree to which integration into the scientific community 
influences career choice) by assessing the impact of levels of 
and growth in science efficacy, identity, and community values 
on the distal outcomes of choosing a STEM, medical, or other 
career, over and above the quality of mentorship, research expe-
riences, and the control variables. When estimating the model 
that used STEM career as the distal outcome, the analysis 
revealed that the science identity growth slope’s near-zero vari-
ance caused problems for model convergence. Therefore, we 
constrained the variance of the science identity growth slope to 
zero for this and all following analyses. Model fit was accept-
able (χ2[df = 123] = 188.80, p < 0.001; RMSEA = 0.02, 90% CI 
[0.01, 0.03]; CFI = 0.94), and the model constraint on science 
identity growth slope variance did not worsen model fit 
(Δχ2[df = 3] = 3.30, p = 0.35).

An inspection of the parameter estimates indicated that, as 
expected, the quality of mentorship and research experiences 
had small positive effects on the level (i.e., intercept) of 
science efficacy, but neither influenced the rate of science 
efficacy growth (see Figure 2 for simplified model with stan-
dardized parameter estimates and Table 1 for complete details 
with unstandardized parameter estimates). For example, the 
analysis indicated that a 1 SD increase in quality of mentor-
ship was associated with a 0.31 SD increase in the science 
efficacy intercept (i.e., level of science efficacy in Fall semester 
of senior year), controlling for other factors in the model. Fur-
thermore, students with two semesters of research experiences 
had science efficacy intercept scores 0.22 SD higher than stu-
dents with no research experience. Similarly, the quality of 
mentorship and research experiences had small positive 
effects on the intercept of science identity and science commu-
nity values. As a set, the predictors and control variables 
explained a moderate proportion of variance in science effi-
cacy (intercept and slope), science identity (intercept), and 
science community values (see caption to Figure 2).

Predicting Career Choice from TIMSI Development
To address our second research question, we inspected the por-
tion of the model predicting STEM career choice. Partially con-
sistent with our expectations, the science identity intercept (i.e., 
level of science identity in Fall of senior year) significantly and 
positively predicted STEM career choice. This finding indicates 
that higher levels of science identity increased the probability of 
choosing a STEM career 4 years, on average, postgraduation 
(Figure 2 and Table 1).

Next, a second model was fitted to the data with medical 
career as the distal outcome. As before, the model exhibited 
acceptable fit to the data (χ2[df = 123] = 190.39, p < 0.001; 
RMSEA = 0.02, 90% CI [0.01, 0.03]; CFI = 0.93). However, 
only baseline GPA predicted choosing a medical/clinical career 
(Table 1).

A third model was fitted to the data with other career as the 
distal outcome. As before, the model exhibited acceptable fit to 
the data (χ2[df = 123] = 186.81, p < 0.001; RMSEA = 0.02, 
90% CI [0.01, 0.03]; CFI = 0.94). An inspection of the parame-
ter estimates showed that science identity intercept significantly 
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and negatively predicted other career. This finding indicates 
that higher levels of science identity decreased the probability 
of choosing a career outside STEM or medicine.

Exploratory Mediation Model
As a final step, we explored potential indirect effects of mento-
ring quality and research experiences on STEM and other career 
outcomes using a bootstrapping procedure. Specifically, a 
percentile bootstrap (with 5000 repetitions) was used to 
estimate the 95% CIs around the indirect effects of quality men-
torship and research experiences on STEM or other career 
choice through the science identity intercept (Shrout and Bolger, 
2002; MacKinnon et al. 2004, 2007, MacKinnon, 2008). The 
results indicated that quality mentorship and two semesters of 
research experiences exhibited significant positive indirect 
effects on STEM career choice through science identity (indirect 
effectMentor quality→Science identity (Intercept)→STEM career = 0.14, 95% CI [0.01, 
0.35]; indirect effectResearch experience→Science identity (Intercept)→STEM career = 
0.12, 95% CI [0.01, 0.28]). However, quality mentorship and 
two semesters of research experiences did not exhibit signifi-
cant indirect effects on other career choice through science 
identity (indirect effectMentor quality→Science identity (Intercept)→Other career = 
−0.10, 95% CI [−0.31, 0.01]; indirect effectResearch experience→ 

Science identity (Intercept)→Other career = −0.11, 95% CI [−0.28, 0.02]).

In summary, the results were partially consistent with our 
expectations and are summarized in Table 2. Concerning the 
first research question, we found that quality mentorship and 
two semesters of research experiences in a student’s junior and 
senior years did positively predict their scientific self-efficacy, 
identity, and scientific values. But we also found that only qual-
ity mentorship positively predicted linear growth in science effi-
cacy over junior and senior years. Concerning the second 
research question, we found that scientific identity predicted 
career choices in a manner consistent with expectations (i.e., 
positive predictor of STEM careers and negative predictor of 
other careers).

DISCUSSION
The overarching purpose of this paper was to first explore, via a 
social influence framework, how undergraduate research and 
mentorship experiences contribute toward the integration of 
students into their professional communities and under what 
circumstances undergraduate integration predicts longer-term 
STEM career persistence. Specifically, we sought to answer two 
research questions: 1) Does research experience and mentor-
ship contribute toward integrating undergraduates into STEM 
fields? 2) Do URM undergraduate students’ science self-efficacy, 
identity, and values (measures of student integration into the 

FIGURE 2.  Simplified model showing significant direct and indirect effects of quality of mentorship and research experiences on TIMSI 
variables and career outcomes. Values on paths/arrows represent standardized structural coefficients; values on curved double-headed 
lines represent correlation coefficients; values inside parentheses represent residual variance. Proportion of variance explained (R2) by the 
complete set of predictors was calculated for all TIMSI and career outcome variables and the values were as follows: R2

Intercept science efficacy
 = 

0.17; R2
Linear growth slope science efficacy

 = 0.14; R2
Intercept science identity

 = 0.22; R2
Intercept science values

 = 0.19; R2
STEM career

 = 0.25; R2
Medical career

 = 0.18; R2
Other career

 = 0.29. 
*, p ≤ 0.05; **, p ≤ 0.01; ***, p ≤ 0.001.



CBE—Life Sciences Education  •  17:ar9, Spring 2018	 17:ar9, 9

URM Integration into STEM

TA
B

LE
 1

. 
Fi

xe
d

 e
ff

ec
ts

 o
f T

IM
SI

 v
ar

ia
b

le
s 

(s
ci

en
ce

 e
ffi

ca
cy

, i
d

en
ti

ty
, a

n
d

 v
al

u
es

) a
n

d
 t

im
e-

in
va

ri
an

t 
p

re
d

ic
to

rs
 (m

en
to

r 
q

u
al

it
y 

an
d

 r
es

ea
rc

h
 e

xp
er

ie
n

ce
)

Sc
ie

nc
e 

ef
fi

ca
cy

 
(i

nt
er

ce
pt

)

Sc
ie

nc
e 

ef
fi

ca
cy

 
(l

in
ea

r 
gr

ow
th

 
sl

op
e)

Sc
ie

nc
e 

id
en

ti
ty

 
(i

nt
er

ce
pt

)
Sc

ie
nc

e 
co

m
m

un
it

y 
va

lu
es

ST
EM

 c
ar

ee
r

M
ed

ic
al

/c
lin

ic
al

 
ca

re
er

O
th

er
 c

ar
ee

r

Pr
ed

ic
to

r
b 

(S
E)

b 
(S

E)
b 

(S
E)

b 
(S

E)
b 

(S
E)

b 
(S

E)
b 

(S
E)

In
te

rc
ep

t
4.

10
 (

0.
35

)*
**

0.
12

 (
0.

21
)

3.
40

 (
0.

70
)*

**
6.

02
 (

1.
39

)*
**

–0
.8

8 
(0

.9
6)

–1
.0

1 
(1

.0
6)

0.
52

 (
1.

06
)

M
en

to
r 

qu
al

ity
0.

24
 (

0.
04

)*
**

−0
.0

4 
(0

.0
3)

0.
28

 (
0.

05
)*

**
0.

27
 (

0.
11

)*
−0

.1
7 

(0
.1

3)
−0

.1
2 

(0
.1

4)
0.

34
 (

0.
18

)

Re
se

ar
ch

 e
xp

er
ie

nc
e 

(0
 v

s.
 1

 s
em

es
te

r)
0.

07
 (

0.
04

)
0.

02
 (

0.
02

)
0.

06
 (

0.
05

)
0.

16
 (

0.
09

)
0.

10
 (

0.
10

)
−0

.0
9 

(0
.1

0)
−0

.0
5 

(0
.1

0)

Re
se

ar
ch

 e
xp

er
ie

nc
e 

(0
 v

s.
 2

 s
em

es
te

rs
)

0.
13

 (
0.

04
)*

*
0.

01
 (

0.
02

)
0.

24
 (

0.
05

)*
**

0.
34

 (
0.

10
)*

**
0.

27
 (

0.
10

)*
*

−0
.2

3 
(0

.1
1)

*
−0

.1
3 

(0
.1

2)

C
ar

ne
gi

e 
= 

Re
se

ar
ch

 u
ni

ve
rs

ity
 (

ve
ry

 h
ig

h 
re

se
ar

ch
 a

ct
iv

ity
)

0.
03

 (
0.

09
)

−0
.0

1 
(0

.0
5)

−0
.2

5 
(0

.1
2)

*
0.

20
 (

0.
18

)
−0

.0
8 

(0
.1

9)
0.

18
 (

0.
22

)
−0

.1
8 

(0
.2

6)

C
ar

ne
gi

e 
= 

Re
se

ar
ch

 u
ni

ve
rs

ity
 (

hi
gh

 r
es

ea
rc

h 
ac

tiv
ity

)
0.

02
 (

0.
05

)
0.

01
 (

0.
03

)
−0

.0
6 

(0
.0

8)
0.

01
 (

0.
11

)
0.

16
 (

0.
12

)
−0

.0
8 

(0
.1

6)
−0

.1
1 

(0
.1

6)

C
ar

ne
gi

e 
= 

D
oc

to
ra

l/
re

se
ar

ch
 u

ni
ve

rs
ity

−0
.0

2 
(0

.0
7)

0.
01

 (
0.

04
)

−0
.1

1 
(0

.1
0)

0.
06

 (
0.

14
)

0.
00

 (
0.

16
)

−0
.0

4 
(0

.1
9)

0.
06

 (
0.

18
)

C
ar

ne
gi

e 
= 

M
as

te
r’

s 
(l

ar
ge

r 
pr

og
ra

m
s)

0.
00

 (
0.

05
)

−0
.0

2 
(0

.0
3)

−0
.0

5 
(0

.0
7)

0.
04

 (
0.

10
)

0.
11

 (
0.

12
)

−0
.1

0 
(0

.1
5)

−0
.0

2 
(0

.1
5)

C
ar

ne
gi

e 
= 

M
as

te
r’

s 
(m

ed
iu

m
 p

ro
gr

am
s)

0.
00

 (
0.

06
)

0.
01

 (
0.

03
)

−0
.1

6 
(0

.0
8)

0.
12

 (
0.

12
)

0.
20

 (
0.

13
)

−0
.1

6 
(0

.1
7)

−0
.0

8 
(0

.1
7)

C
ar

ne
gi

e 
= 

M
as

te
r’

s 
(s

m
al

le
r 

pr
og

ra
m

s)
0.

04
 (

0.
06

)
0.

03
 (

0.
04

)
−0

.0
2 

(0
.1

1)
0.

18
 (

0.
17

)
0.

15
 (

0.
15

)
−0

.1
2 

(0
.2

0)
−0

.0
7 

(0
.2

0)

C
ar

ne
gi

e 
= 

Ba
cc

al
au

re
at

e 
co

lle
ge

 (
ar

ts
 a

nd
 s

ci
en

ce
s)

−0
.0

2 
(0

.0
5)

−0
.0

1 
(0

.0
3)

−0
.1

8 
(0

.0
8)

*
0.

17
 (

0.
12

)
0.

02
 (

0.
14

)
−0

.0
1 

(0
.1

8)
−0

.0
1 

(0
.1

7)

Et
hn

ic
 =

 A
si

an
−0

.1
2 

(0
.0

5)
0.

02
 (

0.
04

)
−0

.0
4 

(0
.0

9)
−0

.0
4 

(0
.2

3)
0.

08
 (

0.
14

)
0.

08
 (

0.
17

)
−0

.1
9 

(0
.1

9)

Et
hn

ic
 =

 H
aw

ai
ia

n/
Pa

ci
fic

 Is
la

nd
er

−0
.0

5 
(0

.1
6)

−0
.0

7 
(0

.0
7)

−0
.0

3 
(0

.2
0)

0.
16

 (
0.

34
)

0.
05

 (
0.

22
)

−0
.0

9 
(0

.2
8)

0.
06

 (
0.

28
)

Et
hn

ic
 =

 H
is

pa
ni

c/
La

tin
o/

La
tin

a
0.

00
 (

0.
03

)
0.

00
 (

0.
02

)
0.

07
 (

0.
04

)*
0.

12
 (

0.
06

)*
−0

.0
4 

(0
.0

7)
0.

06
 (

0.
08

)
−0

.0
2 

(0
.0

8)

Et
hn

ic
 =

 N
at

iv
e 

A
m

er
ic

an
/A

la
sk

an
 N

at
iv

e
0.

02
 (

0.
19

)
0.

09
 (

0.
12

)
0.

03
 (

0.
31

)
0.

18
 (

1.
25

)
−0

.0
5 

(0
.4

0)
0.

06
 (

0.
29

)
−0

.0
5 

(0
.4

5)

Et
hn

ic
 =

 W
hi

te
/n

on
-H

is
pa

ni
c

0.
07

 (
0.

05
)

0.
00

 (
0.

04
)

0.
08

 (
0.

06
)

−0
.0

3 
(0

.1
2)

−0
.0

2 
(0

.1
2)

0.
03

 (
0.

18
)

−0
.0

1 
(0

.1
7)

G
en

de
r 

= 
M

al
e

0.
05

 (
0.

02
)*

0.
00

 (
0.

01
)

0.
05

 (
0.

03
)

0.
07

 (
0.

06
)

0.
06

 (
0.

06
)

0.
01

 (
0.

07
)

−0
.0

9 
(0

.0
7)

Ba
se

lin
e 

G
PA

−0
.0

2 
(0

.0
5)

0.
01

 (
0.

03
)

−0
.0

4 
(0

.0
7)

0.
15

 (
0.

10
)

−0
.1

3 
(0

.1
3)

0.
54

 (
0.

15
)*

**
−0

.3
6 

(0
.1

5)
*

Sc
ie

nc
e 

ef
fic

ac
y 

(i
nt

er
ce

pt
)

−0
.4

5 
(0

.2
5)

0.
04

 (
0.

31
)

0.
46

 (
0.

30
)

Sc
ie

nc
e 

ef
fic

ac
y 

(l
in

ea
r 

gr
ow

th
 s

lo
pe

)
0.

55
 (

1.
44

)
−2

.3
9 

(1
.7

5)
2.

07
 (

1.
67

)

Sc
ie

nc
e 

id
en

tit
y 

(i
nt

er
ce

pt
)

0.
50

 (
0.

21
)*

−0
.0

4 
(0

.2
1)

−0
.5

3 
(0

.2
3)

*

Sc
ie

nc
e 

co
m

m
un

ity
 v

al
ue

s
0.

24
 (

0.
20

)
0.

07
 (

0.
28

)
−0

.3
7 

(0
.2

4)

*p
 ≤

 0
.0

5.
**

p 
≤ 

0.
01

.
**

*p
 ≤

 0
.0

01
.



17:ar9, 10	  CBE—Life Sciences Education  •  17:ar9, Spring 2018

M. Estrada et al.

scientific community) positively relate to persistence in STEM 
career pathways up to 4 years later? Our results are drawn from 
a 6-year span of time, in which students persisted in STEM, 
pursued medical careers, or left for other careers.

STEM Training Attributes and Integration
Overall, the results show that research and quality mentorship 
experiences contribute toward integrating undergraduates into 
STEM fields. On the basis of previous research, we hypothesized 
that research experiences and quality mentorship (providing 
psychosocial, instrumental, and networking opportunities) 
would positively predict the development of science self-efficacy, 
scientific identity, and the valuing of the objectives of the scien-
tific community (such as scientific discovery or advancing 
knowledge). The data confirmed this hypothesis. Overall, we did 
find that quality mentorship and two semesters of research expe-
rience that occurred in the junior and senior years of undergrad-
uate education were positively related to student science efficacy, 
identity, and/or values at that same time period. Neither research 
nor mentorship experience predicted growth of science efficacy. 
Overall, however, both research and quality mentorship experi-
ences contributed toward socializing and integrating students in 
a manner that made them more likely to persist in STEM fields 
at the time of graduation (Estrada et al., 2011) and were consis-
tent with retrospective studies examining similar variables 
(Barlow and Villarejo, 2004), including how STEM confidence 
develops among ethnically diverse students (Litzler et al., 2014). 
In sum, the hypothesis was confirmed that two semesters of 
research experiences and quality mentors play a significant role 
in integrating students into the STEM community.

TIMSI Relationship to Long-Term STEM Career Choice
The Individual Relationships.  Overall, the hypothesis that effi-
cacy, identity, and values would predict persistence in STEM 
fields 4 years after graduation received only partial support. 
Specifically, correlational results indicated that scientific iden-
tity and valuing the objectives of science positively and signifi-
cantly related to URM students choosing to pursue a STEM-
based career (i.e., STEM major in graduate school or working in 
a STEM profession) and negatively related to pursuing other 
(nonmedical or non-STEM) careers (see Supplemental Table 1 
for correlation results). Science efficacy showed a weaker rela-
tionship to persistence in STEM. Previous research on efficacy 
had shown that science efficacy contributes toward persistence. 
However, previous research typically had shorter gaps, such 
that STEM interest was measured by a student’s interest in par-
ticipating in STEM-related activities (e.g. Lopez et  al., 1997; 
Luzzo et al., 1999; Lent et al., 2001) or in pursuing a STEM-re-
lated major (Lent et al., 2005) within a couple of months from 
when efficacy was measured. Thus, the results of this study add 
to the efficacy research and suggest that, while efficacy is 
important and perhaps a necessary predictor of moving toward 
a STEM career, past experiences of efficacy may not be suffi-
cient for maintaining longer-term persistence.

Unique Predictors of Persistence.  We hypothesized, on the 
basis of previous research, that science identity and valuing the 
objectives of science would uniquely and positively predict 
choosing a STEM career, because these variables had previously 
predicted intention to pursue biomedical careers following 
graduation. However, the results of our full structural equation 

TABLE 2.  Summary of research questions, hypotheses, and results

Research question Hypothesized outcome Result

How does research experience and mentorship 
contribute toward integrating undergradu-
ates into STEM fields?

Research experience during undergraduate 
education will positively predict science 
self-efficacy, scientific identity, and the 
valuing of the objectives of the scientific 
community.

This hypothesis was partially confirmed. 
One semester of research experience did 
not significantly predict integration 
variables, while two semesters of 
research experience did uniquely predict 
overall science self-efficacy, identity, and 
values.

Quality mentorship during undergraduate 
education will positively predict science 
self-efficacy, scientific identity, and the 
valuing of the objectives of the scientific 
community.

This hypothesis was partially confirmed. 
Quality mentorship uniquely predicted 
overall science self-efficacy, identity, and 
values. However, quality mentorship did 
not predict growth in science efficacy.

Do URM undergraduate students’ science 
self-efficacy, identity, and values (measures 
of student integration into the scientific 
community) positively relate to persistence 
in STEM career pathways up to 4 years 
later?

Efficacy will positively predict choosing a 
STEM career and negatively predict 
choosing a non-STEM career 4 years after 
graduation.

This hypothesis was partially confirmed. 
Efficacy was significantly related to, but 
did not uniquely predict, STEM career 
choice or negatively predict other career 
choice 4 years after graduation.

Science identity will positively predict 
choosing a STEM career and negatively 
predict choosing a non-STEM career 4 
years after graduation.

This hypothesis was confirmed. Science 
identity related to and uniquely predicted 
STEM career choice and negatively 
predicted other career choice 4 years after 
graduation.

Valuing the objectives of science as an 
undergraduate will positively predict 
choosing a STEM career and negatively 
predict choosing a non-STEM career 4 
years after graduation.

This hypothesis was partially confirmed. 
Values were significantly related to, but 
did not uniquely predict, STEM career 
choice or negatively predict other career 
choice 4 years after graduation.
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model showed that only identity was a unique predictor of 
STEM careers 4 years after graduation and a negative predictor 
of leaving STEM and medical career pathways. With science 
identity and values being so strongly related to each other, each 
variable’s unique relationship to STEM persistence is not evi-
dent, because they are sharing similar variance. Other research 
on these constructs does suggest, however, that as students 
progress in their academic journeys, endorsing the values of the 
scientific community may become increasingly unique from 
having a scientific identity when predicting STEM career choice 
and persistence (Gibbs and Griffin, 2013). These results, how-
ever, show that this distinction is not present at the time of 
graduation. Further research examining growth after gradua-
tion is needed to better understand the unique and shared pre-
dictive value of these variables.

Finally, we note that none of the social integration signifi-
cantly predicted pursuit of a medical career. This lack of a sig-
nificant relationship may reflect that science efficacy, identity, 
and values, while highly connected to the scientific career com-
munity, are not well connected to the medical career commu-
nity, which has more emphasis on healthcare than scientific 
discovery. These results suggest that, at this time, a different set 
of skills, identity, and value emphasis may discriminate those 
who choose medical professions from those who choose 
research careers.

Caveats
There are several caveats that should be noted.

Participants.  Our panel did not include ethnic majority stu-
dents. Thus, these results cannot be generalized to all popula-
tions, because these URM students do have unique cultural and 
developmental experiences that are not the same as those from 
the “majority” American culture. Future research that examines 
how both majority and minority students integrate into STEM 
communities would be useful and informative. However, given 
the disproportionate number of URMs who leave STEM careers, 
this particular sample provides important information about 
how interventions contribute toward persistence in STEM fields.

Interventions.  The interventions in this study, research experi-
ence and mentorship, were not manipulated or standardized 
across participants. Our conclusions are drawn based on stu-
dent self-reports of engagement and student perceptions of 
quality mentorship. These results do contribute significantly to 
the literature on these topics, in that they demonstrate the type 
of short- and longer-term impacts these interventions may have 
on students. However, additional research in which these inter-
ventions can be standardized across students and experimen-
tally tested would provide additional and important results for 
research in this area. Also, examining whether mentor assess-
ment of the quality of the mentee–protégé relationship is more 
predictive of long-term impacts than protégé perceptions would 
be important to assess. The findings from this study suggest that 
student perceptions of quality mentorship do appear to relate to 
indices of integration.

STEM, Medical, and Other Careers.  We chose to create three 
career option outcomes that included STEM, medical, and 
nonscience fields. Given the national interest in increasing 

persistence of URMs in STEM fields, this trichotomy makes 
sense. At the same time, we acknowledge that career persistence 
rates in all STEM fields are not identical. Particularly for women, 
national persistence trends are much higher in science than the 
other three fields, with women receiving more than half of bach-
elor’s degrees awarded in the biological sciences and fewer 
degrees in the computer sciences (18.2%), engineering (18.4%), 
and mathematics and statistics (43.1%; National Science Foun-
dation, National Center for Science and Engineering Statistics, 
2013). However, for students interested in research careers, the 
split between STEM versus medical career paths occurs often, 
with a greater number of URMs traditionally opting for medical 
careers (Council on Graduate Medical Education, 2005). Future 
research may also productively seek to better understand URM 
and majority student variations in pursuing particular STEM dis-
ciplines and careers.

CONCLUSIONS
This study provides one of the first prospective, longitudinal 
studies of how URM students integrate (or not) into profes-
sional STEM communities, and how their integration process 
differs from those who choose to pursue medical or non-STEM 
careers. The study results show that undergraduate social expe-
riences matters. When students experience quality mentorship 
and engage in research experiences, they are more likely to 
experience social integration. The full model further suggests 
that the current approaches of providing research and quality 
mentorship experiences to URM students may be contributing 
significantly to the current URM persistence rates and could 
possibly play stronger roles in increasing retentions if “scaled 
up” to reach more students. Further, viewing student persistence 
through the lens of social influence, new questions can be asked 
regarding how students shift internally and are impacted by the 
environment that is socializing them. The findings regarding 
the strong and unique predictive value of science identity are 
promising and suggest that higher education institutions that 
provide authentic experiences of belonging and inclusion, 
which are components of science identity, may be more likely to 
increase their URM retention rates.
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