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Abstract

This retrospective study examined group-level trends in science self-efficacy among under-
graduate students from underrepresented racial/ethnic groups (URGs) over four years (2017-
2020) at a public university in California. The study investigated the effectiveness of an under-
graduate research experience program designed to increase URG participation in STEM fields.
Using propensity score matching to control for selection bias, the final sample included 3146
students (344 intervention participants, 2802 non-participants) who completed the Student
Annual Follow-up Survey. The Rasch measurement method was used to convert Likert scale
responses into linear logit scores, which enabled group-level trend analysis using linking and
equating techniques. A repeated measures analysis examined changes in science self-efficacy
while controlling for first-generation status, URG status, and gender. Results revealed a sig-
nificant overall increase in science self-efficacy across all four years. Intervention participants
consistently demonstrated significantly higher science self-efficacy scores than non-partici-
pants. The interaction between time and intervention participation was statistically signifi-
cant, indicating that intervention participants showed greater improvements over time. These
findings support the effectiveness of culturally responsive undergraduate research experi-
ences in fostering science self-efficacy among URG students. The study contributes to under-
standing how structured interventions can address persistent disparities in STEM education
and career pathways.

Keywords: group-level trends; science self-efficacy; STEM education; underrepresented
groups

Educ. Sci. 2026, 16, 1025

https://doi.org/10.3390/educscil6071025



Educ. Sci. 2026, 16, 1025

2 of 19

1. Introduction

Recent decades have witnessed increasing national concern regarding the diversifi-
cation of the science, technology, engineering, and mathematics (STEM) workforce in the
United States. Despite substantial federal investments and policy initiatives aimed at
broadening participation in STEM, persistent racial and gender disparities continue to
limit equitable access to education and professional opportunities for historically under-
served racial/ethnic groups (URGs) (National Science Board, 2022). Researchers have em-
phasized that structural inequities, limited access to culturally responsive mentorship,
and discriminatory institutional practices continue to constrain the recruitment, retention,
and persistence of URG students in STEM pathways (McGee, 2016; G. Saw et al., 2018).
These disparities are particularly concerning because the development of a diverse STEM
workforce is closely associated with scientific innovation, economic competitiveness, and
social equity (Hofstra et al., 2020).

To address these inequities, undergraduate research experiences (UREs) have
emerged as one of the most widely supported intervention strategies for improving STEM
participation and persistence among URG students. Prior research suggests that partici-
pation in authentic research environments can strengthen students’ science identity, in-
crease motivation, improve academic engagement, and enhance science self-efficacy
(Chemers et al., 2011; Estrada et al., 2018). Science self-efficacy, defined as an individual’s
belief in their ability to successfully perform science-related tasks and succeed in STEM
environments, has been consistently identified as a strong predictor of STEM persistence
and career aspirations (Bandura, 1997; Lent et al., 1994). Consequently, understanding
how research training programs influence the development of science self-efficacy over
time is essential for designing equitable and effective STEM education interventions. We
first review the relevant literature on science self-efficacy development, then present find-
ings from a group-level quasi-experimental trend study, and finally discuss their broader
implications.

1.1. Disparities in STEM

The United States has long sought to maintain and advance its global scientific and
technological leadership by broadening participation in STEM. Over the past two decades,
federal initiatives such as the America COMPETES Reauthorization Act (Gonzales, 2015)
and the Educate to Innovate campaign (Office of the Press Secretary, 2010) have aimed to
strengthen STEM education, innovation, and workforce development. More recent legis-
lative efforts, including the Women and Minorities in STEM Booster Act (2021), have sim-
ilarly sought to increase the participation of women and students from URGs in STEM
pathways. Despite these efforts, persistent race- and gender-based disparities remain in
STEM education, recruitment, persistence, and employment.

These disparities are rooted in historical and structural racism, which continues to
constrain academic, professional, and life opportunities for URGs (see McGee, 2016). For
example, McGee’s (2016) qualitative study of 38 high-achieving Black and Latino/a STEM
college students showed how racially hostile academic spaces and racial microaggressions
shaped students’ STEM experiences and identity-related coping strategies. Prior research
has also shown that students from underrepresented groups encounter multiple barriers
that can push them away from STEM careers, including racial and gender-based discrim-
ination, social isolation, limited access to culturally responsive mentorship, inequitable
resources, implicit bias, lower faculty expectations, financial pressures, and curricula that
lack relevance to students’ cultural contexts (G. Saw et al., 2018). In a nationally repre-
sentative longitudinal study using the High School Longitudinal Study (HSLS) of 2009, G.
Saw et al. (2018) examined 20,242 first-time ninth-grade students and found disparities in
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STEM career aspirations across gender, race/ethnicity, and socioeconomic status from
early ninth grade to late eleventh grade. Geographic inequities further compound these
challenges. Using the same nationally representative HSLS:09 dataset, G. K. Saw and Ag-
ger (2021) examined rural, small-town, suburban, and urban students and found that rural
and small-town students were less likely than their suburban peers to enroll in postsec-
ondary STEM programs. Although federal funding and national initiatives have contrib-
uted to increased URG participation in STEM pathways, substantial inequities persist and
require sustained, intensive efforts to address the enduring effects of racism and structural
exclusion (see Carter et al., 2019; Hofstra et al., 2020; National Science Board, 2022). Hof-
stra et al. (2020), for example, analyzed approximately 1.2 million U.S. doctoral recipients
from 1977 to 2015 and found that demographically underrepresented scientists produced
novel contributions at high rates, yet their contributions were less likely to translate into
equivalent career recognition.

Social scientific research plays a critical role in identifying mechanisms that can pro-
mote racial and gender parity in STEM education and career entry. In particular, greater
attention is needed to how students from URGs develop and strengthen science self-effi-
cacy, a key factor associated with persistence and success in STEM. This article presents a
retrospective study designed to examine changes in science self-efficacy over time among
undergraduate URGs who participated in a research experience program. Our research
questions are as follows:

1. Does student science self-efficacy change over time?

2. Does student science self-efficacy differ between intervention participants and non-
participants?

3. Do student science self-efficacy trajectories differ as a function of the intervention,
first-generation, URG status, or gender?

1.2. Science Self-Efficacy as a Shaper of Students’ Career Trajectories

According to Social Cognitive Theory (SCT), self-efficacy is an individual’s belief in
their ability to achieve goals-significantly shapes career choices and development (Ban-
dura et al., 2001; Hackett & Betz, 1981; Lent & Brown, 2006). For instance, broader aca-
demic self-efficacy can predict specific occupational self-efficacy, such as science self-effi-
cacy (Bandura et al., 2001). Notably, Bandura et al. (2001) found that self-efficacy, rather
than actual academic achievement, is the primary predictor of academic aspirations over
time. While these self-beliefs develop early, they remain malleable, influenced by sociali-
zation and sociodemographic factors. For example, Benden and Lauermann (2023)
demonstrated that self-efficacy is a stronger predictor of academic aspirations and
achievements than actual performance, particularly among students from lower socioec-
onomic backgrounds.

During college, students’ academic motivation and self-concept may decline if their
psychological, academic, and social needs are unmet within their educational environment
(Chemers et al., 2001; Robbins et al., 2004; Tinto, 2012). While institutional support-such as
smaller classes, enhanced student-faculty interactions, and targeted advising-can sustain
motivation and self-efficacy (Robbins et al., 2004; Tinto, 2012), a clear understanding of these
developmental patterns remains complicated by inconsistent sociodemographic analyses
and varying self-efficacy measures (Chemers et al., 2001; Robbins et al., 2004).

At the college level, science self-efficacy trajectories are critical because they align
with students’ science comprehension and competencies. Higher self-efficacy predicts fa-
vorable academic and career outcomes, including first-year GPA, STEM career interest,
and career readiness (Larose et al., 2006; Lent et al., 2016). These outcomes, however, are
often inferred from academic achievements and career progress rather than being directly
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self-reported. Furthermore, the development of science self-efficacy varies across do-
mains; for instance, literature summarization skills may develop early, whereas data anal-
ysis skills often emerge later (Dalgety & Coll, 2006).

Vocational outcomes and self-efficacy trajectories also vary significantly by demo-
graphic. African American and Latinx students often report lower self-efficacy than their
Caucasian peers due to structural barriers, such as institutional biases, resource limita-
tions, and a lack of culturally responsive supports or role models. Gender disparities also
persist; males initially report higher STEM self-efficacy and career aspirations, though
these confidence gaps may level out by the end of the first college semester (Dalgety &
Coll, 2006).

Addressing these disparities is crucial, as STEM occupations are projected to grow at
twice the average rate over the next decade (Dubina et al., 2021). STEM graduates-including
those from historically underrepresented groups like Latinx students-enjoy significantly
higher earning than non-STEM peers (Furchtgott-Roth et al., 2009; Melguizo & Wolniak, 2012).
Given higher education’s role in driving social and economic mobility, understanding the sci-
ence self-efficacy trajectories of diverse student populations is essential (Furchtgott-Roth et al.,
2009; Haskins et al., 2009; Pew Research Center, 2014, 2016).

To address how training stages foster the competencies essential for biomedical re-
search careers (Rivers et al., 2020), our intervention program provides a culturally respon-
sive environment. Previous research shows this program effectively supports URGs in
developing science self-efficacy and identity, thereby increasing science career intentions
(Camacho et al., 2021; Lin et al., 2024; Vasquez-Salgado et al., 2023). Acting as a “counter-
space,” the intervention offers community, support, and identity affirmation often lacking
in broader institutional contexts. This counterspace provides proximal contextual support
that strengthens career intentions, belonging, and persistence beyond the effects of indi-
vidual cognitive factors like self-efficacy and academic self-concept (Lin et al., 2024).

While longitudinal studies often suffer from fluctuating participation and incomplete
datasets, we address these gaps using a statistical modeling approach that links available
data to estimate missing information. This robust analytical method allows us to accu-
rately track developmental patterns despite missing data. In the current study, we lever-
age this modeling approach to examine group-level trends in science self-efficacy among
undergraduate students from URGs over four years and assess the intervention’s long-
term impact.

2. Method

This retrospective study examines trajectories of student science self-efficacy over
four years (2017-2020) at the local Building Infrastructure Leading to Diversity (BUILD)
campus. The BUILD program recruited undergraduate students from diverse back-
grounds in STEM disciplines to participate in a survey that explored the experiences of
STEM undergraduates. The survey participants included both intervention and non-in-
tervention students. They completed a Student Annual Follow-up Survey (SAFS), an
online survey administered by national BUILD evaluators at the Coordination and Eval-
uation Center (CEC) housed at a research-intensive university in California.

2.1. Context

This study was conducted within the context of Building Infrastructure Leading to
Diversity; Promoting Opportunities for Diversity in Education and Research (BUILD
PODER). Established in 2014 at a public university in California, BUILD PODER is an un-
dergraduate research training initiative funded by the National Institutes of Health (NIH)
and managed by the National Institute of General Medical Sciences (NIGMS). This
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program’s primary objective is to increase the representation and retention of URGs in
biomedical and STEM disciplines through structured URE.

A distinguishing feature of BUILD PODER is its integration of Critical Race Theory
(CRT) as a guiding framework (Soldérzano, 1997, 1998). This framework encourages stu-
dents and faculty to critically examine systemic oppression, challenge conventional scien-
tific and educational norms, advocate for social justice, and leverage lived experiences as
assets in scientific inquiry.

The program supports students through a multi-phase intervention: (a) Summer
Jumpstart (SJS), a preliminary four-week intensive training focusing on research skills,
professional development, cultural competence, and cohort team-building; (b) Academic
Year Support, where students conduct hands-on research under the guidance of trained
faculty mentors, present findings at conferences, and attend biweekly group discussions
on social justice, community-engaged research, and career pathways (with cohort cohe-
sion further supported through regular social events); and (c) External Summer Research,
in which students are encouraged to participate in summer-long research experiences at
external doctoral-granting institutions to broaden their scientific skills and networks.

2.2. Participants

Over a four-year period, a total of 4131 students completed the survey at the local
BUILD campus. A comparison group was identified using propensity score matching
(PSM) to isolate the effects of the intervention from other confounding factors. The ra-
tionale behind PSM is to address selection bias, which arises when differences in outcomes
may be due to unobserved factors influencing the likelihood of participating in the pro-
gram rather than the program itself (Murnane & Willett, 2010). For instance, parents who
encourage their children to participate in intervention programs may also be more en-
gaged in their children’s education, emphasizing the importance of reading or monitoring
homework (Dumont et al., 2012; Fan & Chen, 2001). PSM helps control such selection bias,
ensuring that the intervention group does not disproportionately include students with
more engaged parents. In this study, four matching estimators (formal training or work-
shop, conducting one’s own scientific research, honors and awards, and scientific confer-
ence attendance or presentation) were used to generate PSM scores with SPSS 25.0 (IBM
Corp, 2017). After matching, 3146 students had similar propensity scores. Among these,
344 were participants in the intervention program, while 2802 were non-participants (see
Table 1).

Table 1. Number of Participants in each Survey over time.

S Before PSM After PSM
urvey Intervention Non-Intervention Total Intervention  Non-Intervention  Total
SAFS 2017 92 294 386 78 173 251
SAFS 2018 62 621 683 46 368 414
SAFS 2019 87 1675 1762 72 1361 1433
SAFS 2020 194 1106 1300 148 900 1048
Total 435 3696 4131 344 2802 3146

To ensure the robustness of the PSM methodology, recent studies were reviewed. For
example, recent advancements in propensity score methods are discussed in the literature
on causal inference in observational studies (Kim & Steiner, 2015). Additionally, the use
of SPSS for PSM has been validated in educational and psychological research, highlight-
ing the importance of addressing selection bias in intervention studies (Thoemmes & Kim,
2011). However, only 28 participants completed all four surveys from SAFS17 to SAFS20,
and even among them, not all responded to every survey item. The number of participants
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was too small to draw meaningful conclusions based on their actual responses. Therefore,
using the responses of participants from the most recent SAFS20 survey, we employed the
“Linking and Equating” methods (Bond & Fox, 2013), which utilized survey item logit
values and step logit values (i.e., the thresholds between adjacent response categories) to
estimate how SAFS20 participants would have responded to the same survey items had
they participated in SAFS17, SAFS18, and SAFS19. In 2020, a total of 1048 participants
were asked to respond to constructs measuring science identity, science self-efficacy, aca-
demic self-concept, sense of belonging, science-related career intention, and other factors.
However, not all participants completed every construct. For example, seven participants
did not respond to the survey items related to science identity, and 10 participants did not
respond to the items related to science self-efficacy. Since the missing rate for each con-
struct was less than 5% of the total number of participants, it did not affect the results, and
thus, listwise deletion was adopted. By analyzing these estimated values, we aimed to
identify meaningful patterns of change in science self-efficacy (see the ‘Linking and Equat-
ing’ section below — see the “Section 2.4.1”).

University Institutional Research (IR) data provided demographic information for
students, including self-reported binary gender, first-generation student status, and
whether they belonged to a URG, such as African American/Black, American Indian/Alas-
kan Native, Latinx, and Native Hawaiian/Pacific Islander. The demographic characteris-
tics of the participants are presented in Table 2. In our model, we included gender, first-
generation status, and URG-related information as covariates to account for the influence
of these demographic factors on student outcomes.

Table 2. Demographic characteristics of the participants in SAFS20.

Frequency Percent

Gender

Female 552 63.74

Male 314 36.26
First Gen

Non-First Gen 237 27.69

First Gen 629 72.31
URG

Non-URG 258 26.99

URG 698 73.01

Note. Gender is self-identified. A first-generation college student is defined as a student whose par-
ent(s)/legal guardian(s) have not completed a bachelor’s degree at a four-year college or university.
URG represents historically underserved racial/ethnic group (e.g., African American/Black, Ameri-

can Indian/Alaskan Native, Latinx, and Native Hawaiian/Pacific Islander).

2.3. Instruments

Student science self-efficacy was measured using six items from the SAFS, as shown
in Table 3. Each item asked students to rate their confidence in performing science-related
tasks using a five-point Likert-type response scale ranging from “not at all confident” (1)
to “absolutely confident” (5). Higher scores indicated higher levels of perceived science
self-efficacy.

Because Likert-type responses are ordinal, raw scores do not necessarily represent
equal intervals between response categories. For example, a response of “very confident”
coded as 4 does not mean that the student is twice as confident as a student who selected
“a little confident” coded as 2. Rather, the numerical codes indicate ordered categories of
confidence. To address this limitation, Rasch measurement modeling was used to trans-
form students’ ordinal responses into logit scores, which place student science self-
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efficacy estimates on a common interval-level scale under the Rasch model assumptions
(Boone et al., 2014).

Rasch analyses were conducted using Winsteps 5.3.2 (Linacre, 2022). Student re-
sponses to the six self-efficacy items were converted from raw ordinal scores into person
measures expressed in logits. In addition, rating-scale step calibrations were estimated to
examine the relative distances between adjacent response categories, such as the transition
from “not at all confident” (1) to “a little confident” (2), and from “a little confident” (2) to
the next higher category. These step values, expressed in logits, are reported in Table 4.

The psychometric quality of the science self-efficacy measure was evaluated using
both reliability and validity evidence. Reliability was examined using Cronbach'’s alpha,
the Rasch separation index, and the Rasch reliability index. Cronbach’s alpha was used to
assess internal consistency among the six items, while the separation and reliability indi-
ces were used to evaluate how well the instrument distinguished students with different
levels of science self-efficacy. Following Boone et al. (2014), Cronbach’s alpha values above
0.70, separation index values above 2.00, and reliability index values above 0.80 were in-
terpreted as evidence of acceptable to strong reliability. Values below these thresholds
were interpreted as indicating weaker internal consistency, limited separation, or lower
measurement reliability.

Table 3. Items, their Logit Scores, and Reliability Indices for this Study.

Reliability
hl
Construct Item Cronbach’s
a/Separa-
tion/Reliability
1.. Use technical science skills (use of tools, instruments, and/or tech- 024 0.92/2.70/0.88
niques)
. 2. Generate a research question -0.13
Science . .
self-officac 3. Determine how to collect appropriate data -0.26
Y4 Explain the results of a study -0.54
5. Use scientific literature to guide research 0.46
6. Integrate results from multiple studies 0.23

Table 4. Summary of Category and Rasch-Andrich Step Threshold.

Category Label Category Description Rasch-Andrich Threshold
1 Not at all confident None
2 A little confident -3.3
3 Somewhat confident -1.51
4 Very confident 11
5 Absolutely confident 3.71

Validity evidence was examined using confirmatory factor analysis (CFA) in Mplus
8.8 (Muthén & Muthén, 1998-2023). The CFA tested whether the six items represented a
single latent construct: student science self-efficacy. All six items demonstrated standard-
ized factor loadings above the commonly accepted minimum threshold of 0.40, suggesting
that the items adequately contributed to the measurement of the same underlying con-
struct (Moon et al., 2024).
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For subsequent group-level analyses, the Rasch-derived logit scores were used as the
outcome variable. Intervention participation was included as the between-subjects factor,
coded as 0 for non-intervention students and 1 for intervention students. First-generation
college status, URG status, and gender were included as covariates to account for back-
ground characteristics that could be associated with students” science self-efficacy.

2.4. Analysis
2.4.1. Linking and Equating

The Rasch measurement method was used to link science self-efficacy scores across
four administrations of the SAFS from 2017 to 2020. Linking was necessary because the
survey was administered to different groups of students across years, while the same six
SAFS items were used each year to measure the same latent construct: student science
self-efficacy. Thus, although the individual participants were not necessarily the same
across survey years, the repeated use of the same items made it possible to place students’
science self-efficacy estimates from different years onto a common measurement scale.

In Rasch measurement, raw scores from different survey administrations are not di-
rectly comparable unless they are placed on the same logit scale. To establish this common
scale, item and rating-scale step parameters were estimated and anchored across years.
Anchoring means that selected item or step parameters are fixed at previously estimated
values so that scores from different administrations are calibrated using the same meas-
urement frame of reference. In this study, all rating-scale step values were anchored to
maintain consistent category functioning across years. In addition, one of the six science
self-efficacy items was anchored to serve as a reference point for the construct, while the
remaining five items were freely estimated within the anchored scale.

This linking procedure allowed student science self-efficacy estimates from different
years to be expressed on the same logit metric. Once the yearly measures were linked,
equating was used to identify comparable score values across survey administrations.
Equating places scores from different time points onto a shared scale so that scores can be
interpreted as representing equivalent levels of the latent construct. For example, a raw
science self-efficacy score of 20 in 2020 corresponded to an estimated Rasch measure of
0.68 logits. On the equated 2019 scale, the same logit value of 0.68 corresponded to an
estimated raw score of 18.84. This means that a score of 20 in 2020 and a score of 18.84 in
2019 represented approximately the same level of science self-efficacy on the common
Rasch scale.

This procedure enabled the study to examine group-level trends in science self-effi-
cacy across years, even though the survey samples differed from one year to another. The
purpose of linking and equating was not to track individual student growth over time,
but to ensure that group-level science self-efficacy estimates from different years were
placed on a comparable measurement scale. Therefore, the findings should be interpreted
as evidence of changes in group-level trends across survey years, rather than as direct
evidence of within-person developmental change. The linked and equated results are pre-
sented in Tables 5 and 6.
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Table 5. Intervention Participants” Science Self-Efficacy (SSE) Estimates across years based on the

Equated Scaling.
SSE SSE SSE SSE SSE
2017 2018 2019 2020 Logit Score
5.63 5.73 5.86 6.00 -6.84
6.64 6.73 6.86 7.00 -5.53
7.45 7.59 7.79 8.00 -4.68
8.21 8.40 8.70 9.00 -4.10
9.04 9.26 9.64 10.00 -3.63
9.95 10.17 10.61 11.00 -3.21
10.90 11.13 11.60 12.00 -2.81
11.87 12.10 12.58 13.00 -2.43
12.89 13.11 13.61 14.00 -2.04
13.92 14.13 14.62 15.00 -1.65
14.98 15.17 15.63 16.00 -1.24
16.05 16.21 16.65 17.00 -0.81
17.07 17.24 17.66 18.00 -0.37
18.09 18.26 18.66 19.00 0.09
19.13 19.29 19.68 20.00 0.57
20.15 20.31 20.69 21.00 1.06
21.23 21.37 21.73 22.00 1.59
22.29 22.41 22.74 23.00 2.16
23.36 23.48 23.77 24.00 2.80
24.35 2448 24.75 25.00 3.44
25.31 25.44 25.74 26.00 4.06
26.31 26.44 26.75 27.00 4.68
27.39 27.51 27.79 28.00 5.36
28.58 28.64 28.85 29.00 6.28
29.73 29.76 29.91 30.00 7.63

Table 6. Non-participants’ Science Self-Efficacy (SSE) Estimates across years based on the Equated

Scaling.
SSE SSE SSE SSE SSE
2017 2018 2019 2020 Logit Score
5.76 5.84 5.94 6.00 -6.33
6.77 6.84 6.95 7.00 -5.03
7.65 7.75 7.92 8.00 -4.20
8.49 8.64 8.89 9.00 -3.64
9.39 9.56 9.87 10.00 -3.19
10.30 10.49 10.85 11.00 -2.80
11.28 11.49 11.86 12.00 -2.42
12.28 12.47 12.86 13.00 -2.06
13.28 13.47 13.86 14.00 -1.70
14.28 14.46 14.84 15.00 -1.34
15.33 15.50 15.87 16.00 -0.95
16.35 16.51 16.85 17.00 -0.55
17.38 17.52 17.86 18.00 -0.13
18.40 18.53 18.86 19.00 0.30
19.37 19.51 19.86 20.00 0.72
20.37 20.52 20.86 21.00 1.15
21.37 21.52 21.86 22.00 1.57
22.38 22.52 22.86 23.00 1.99
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23.40 23.53 23.86 24.00 242
24.41 24.55 24.86 25.00 2.86
25.43 25.57 25.87 26.00 3.32
26.50 26.61 26.90 27.00 3.83
27.59 27.67 27.92 28.00 443
28.73 28.77 28.94 29.00 5.30
29.83 29.85 29.97 30.00 6.62

2.4.2. Repeated Measures Analysis

We adopted a quasi-experimental repeated-measures trend design because the same
survey forms were administered to different groups of participants across years, and par-
ticipants’ science self-efficacy estimates were expressed on a common scale. Because the
survey participants differed across the four years, the analysis used response estimates
rather than repeated observations from the same individuals (see Tables 5 and 6). Thus,
the analysis examined year-to-year trends in scale-equated science self-efficacy estimates
rather than within-person developmental change.

To examine trends in student science self-efficacy over time, we conducted a re-
peated-measures between-within-subjects analysis in SPSS (Version 25.0). The four yearly
science self-efficacy estimates were entered as the repeated-measures dependent varia-
bles, with year specified as the within-subjects factor. Intervention participation was en-
tered as the between-subjects factor to examine whether science self-efficacy differed be-
tween intervention and non-intervention participants across time. First-generation status,
URG status, and gender were included as covariates.

The model tested the main effect of year, the main effect of intervention participation,
and the year-by-intervention interaction. Assumptions were examined by reviewing de-
scriptive statistics, residual distributions, profile plots, Levene’s tests for homogeneity of
variance, Box’s M test for homogeneity of covariance matrices, and Mauchly’s test of sphe-
ricity. When the sphericity assumption was violated, Greenhouse-Geisser corrected re-
sults were interpreted. When significant main or interaction effects were found, follow-
up pairwise comparisons were conducted using estimated marginal means with Bonfer-
roni adjustments. Effect sizes were reported using partial eta squared, and adjusted
means, standard errors, F statistics, degrees of freedom, and p-values were used to inter-
pret the direction and magnitude of the findings.

3. Results
3.1. Research Question 1: Does Student Science Self-Efficacy Change over Time?

Within-subjects effects tests revealed a significant overall increase in student science
self-efficacy across the four years (F @ 864 = 1360.484, p <-0.001; M 2017 = 19.12, SE = 0.26; M
2018 =19.27, SE = 0.26; M 2019 = 19.60, SE = 0.26; M 2020 = 19.80, SE = 0.26) (see Table 7).

Table 7. Pairwise comparisons of the science self-efficacy variable.

Ti Mean Mean Mean
Source e Difference 1 Difference 2 Difference 3
T1 T2 T3 T4
Science Self-Efficac Mean Mean Mean Mean T2-T1 T3-T2 T4-T3
Y sB (SE) (SE) (SE) (SE) (SE) (SE)
19.123 19.267 19.597 19.799 0.144 *** 0.475 *** 0.676 ***
(2017-2020)
(0.26) (0.26) (0.26) (0.26) (0.002) (0.007) (0.003)
***p <0.001.
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3.2. Research Question 2: Does Student Science Self-Efficacy Differ Between Intervention Partic-
ipants and Non-Participants?

The tests of between-subjects effects indicated a significant difference between inter-
vention and non-intervention participants regarding their overall science self-efficacy (F
(,866) = 84.659, p < 0.001). Intervention participants showed significantly higher scores for
science self-efficacy (M = 21.81, SE = 0.477) than non-intervention participants (M = 17.08
SE =0.190).

3.3. Research Question 3: Do Student Science Self-Efficacy Trajectories Differ as a Function of
the Intervention, First-Generation, URG Status, or Gender?

3.3.1. Intervention

When comparing intervention and non-intervention students, the tests of within-
subjects effects showed a significant interaction between the overall change in science self-
efficacy and intervention participation (F (, ss6) = 124.140, p < 0.001). A post hoc analysis
examining changes across each of the four years revealed that science self-efficacy in-
creased significantly during each year (see Figure 1 and Table 8).

Table 8. Summary table of the results of repeated measures analysis.

Source Time Sum of df Mean Square F p Partial Eta
Squares Squared
time 1 vs. time 2 2.983 1 2.983 2260.987 0.000 0.723
time time 2 vs. time 3 15.445 1 15.445 2966.558 0.000 0.774
time 3 vs. time 4 5.795 1 5.795 4055.949 0.000 0.824
time 1 vs. time 2 0.004 1 0.004 2.885 0.090 0.003
time * First-generation time 2 vs. time 3 0.016 1 0.016 3.003 0.083 0.003
time 3 vs. time 4 0.002 1 0.002 1.451 0.229 0.002
time 1 vs. time 2 0.008 1 0.008 5.798 0.016 0.007
time x Gender time 2 vs. time 3 0.005 1 0.005 0.884 0.347 0.001
time 3 vs. time 4 0.002 1 0.002 1.166 0.281 0.001
time 1 vs. time 2 0.003 1 0.003 1.902 0.168 0.002
time x URG time 2 vs. time 3 0.010 1 0.010 1.918 0.166 0.002
time 3 vs. time 4 0.002 1 0.002 1.682 0.195 0.002
time 1 vs. time 2 0.019 1 0.019 14.149 0.000 0.016
time x Intervention  time 2 vs. time 3 0.023 1 0.023 4.393 0.036 0.005
time 3 vs. time 4 1.896 1 1.896 1326.649 0.000 0.605
time 1 vs. time 2 1.143 866 0.001
Error (time) time 2 vs. time 3 4.509 866 0.005
time 3 vs. time 4 1.237 866 0.001
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Figure 1. Estimated Marginal Means of Science Self-efficacy.

3.3.2. First-Generation

The tests of within-subjects effects did not show a significant interaction between the
overall change in science self-efficacy and first-generation status (F @, ses) = 2.788, p = 0.095).
Furthermore, post hoc analyses for each of the four yearly intervals revealed no significant
changes in science self-efficacy during any of the periods examined (Table 8).

3.3.3. URG

The tests of within-subjects effects did not show a significant interaction between the
overall change in science self-efficacy and URG status (F @ se) = 1.984, p = 0.159). A post
hoc analyses for each of the four yearly intervals revealed no significant changes in science
self-efficacy during any of the periods examined (Table 8).

3.3.4. Gender

The tests of within-subjects effects did not show a significant interaction between the
overall change in science self-efficacy and gender (F , s = 1.766, p = 0.184). A post hoc
analyses of changes across the four yearly intervals revealed that a significant change in
science self-efficacy occurred only between timepoint 1 and timepoint 2 (Table 8).

4. Discussion
4.1. Summary of Research Questions and Results

The primary objective of this study was to examine the group-level trends in science
self-efficacy among students from diverse backgrounds during their college years. Anal-
ysis of the SAFS data showed a statistically significant increase in science self-efficacy
across the four yearly estimates from 2017 to 2020, with adjusted means increasing from
19.121in 2017 to 19.18 in 2020. Because these estimates included both intervention and non-
intervention students, the results suggest that students as a whole demonstrated higher
confidence in their science skills across the study period.

This finding is consistent with prior research showing that students’ science self-effi-
cacy can be strengthened when learning environments provide meaningful opportunities
to develop, practice, and receive feedback on science-related skills. From a social cognitive
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perspective, science self-efficacy is shaped by mastery experiences, mentoring, social per-
suasion, and supportive learning contexts. Thus, the upward trend may reflect the
broader university environment, including research-related opportunities and STEM-
supportive programming that helped students build confidence in their science abilities.

The results also showed a significant overall difference between intervention and
non-intervention participants. Intervention participants reported substantially higher sci-
ence self-efficacy than non-intervention participants across the study period, even after
controlling for first-generation status, URG status, and gender. The adjusted mean for in-
tervention participants was 21.81, compared with 17.08 for non-intervention participants.
This finding extends prior literature on undergraduate research experiences by showing
that students who participated in the intervention consistently demonstrated stronger sci-
ence self-efficacy than their peers who did not participate. It suggests that structured re-
search experiences may provide academic, social, and mentoring support that is not al-
ways available through traditional coursework alone.

A significant interaction between year and intervention participation further indi-
cated that the pattern of science self-efficacy change differed between intervention and
non-intervention participants. Follow-up analyses showed significant changes across the
yearly intervals, suggesting that the intervention group’s advantage was sustained across
the four-year period rather than limited to a single year. However, because the analysis
was based on linked and equated responses from different participant groups rather than
repeated observations of the same individuals, the findings should be interpreted as
group-level longitudinal trends rather than evidence of individual-level developmental
growth.

The nonsignificant interactions for first-generation status and URG status indicate
that the overall science self-efficacy trend did not differ significantly by these characteris-
tics after accounting for the other variables in the model. Similarly, the gender interaction
was not significant overall, although follow-up analyses showed a significant change only
between the first and second timepoints. These findings suggest that the intervention ef-
fect was more pronounced than the effects associated with first-generation status, URG
status, or gender. In relation to the literature on STEM inequities, this pattern suggests
that well-structured research interventions may support science self-efficacy across di-
verse student groups rather than benefits only one demographic subgroup.

The findings also contribute to theory by supporting the importance of stage-envi-
ronment fit in STEM learning contexts. Intervention participants may have experienced
stronger alignment between their developmental needs and the opportunities provided
by the program, including research engagement, mentoring, and skill-building activities.
Such experiences may have strengthened mastery experiences and reinforced students’
belief that they could successfully perform scientific work. Given that self-efficacy is a
significant predictor of students’ academic persistence, career choices, and career devel-
opment (Bandura et al., 2001; Hackett & Betz, 1981; Lent & Brown, 2006), these findings
emphasize the importance of undergraduate research experiences as a mechanism for
strengthening students’ long-term STEM pathways.

This study advances existing knowledge in two ways. First, it demonstrates that sci-
ence self-efficacy can be examined over time using linked and equated survey estimates
when the same individuals are not available across all years. Second, it shows that inter-
vention participants consistently reported higher science self-efficacy than non-interven-
tion participants across multiple years, suggesting that structured undergraduate re-
search experiences may help reduce opportunity gaps by providing students from diverse
backgrounds with sustained access to research skill development, mentoring, and confi-
dence-building experiences.
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4.2. Limitations

While the findings highlight the effectiveness of the intervention, several limitations
must be addressed. We acknowledge the concern that the data do not represent a conven-
tional individual-level longitudinal design in which the same participants are followed
across all four years. Because the participant samples varied each year, the 2017 scores
should not be interpreted as baseline data, and the year-to-year increases should not be
interpreted as evidence that the same students’ science self-efficacy increased over four
years. Students in any given year may have represented different class levels and may
have had varying degrees of prior exposure to research opportunities.

However, the purpose of this study was to explore whether a longitudinal trend an-
alytic approach could still be meaningfully applied when the number of participants ob-
served across all time points is very small or limited. This approach is conceptually similar
to large-scale educational trend studies such as TIMSS, which has assessed mathematics
and science achievement generally every four years since 1995 and allows participating
countries to monitor changes in achievement over time across assessment cycles (IEA,
n.d.; NCES, n.d.). TIMSS uses scaling, linking, and related procedures to support score
comparability and trend reporting across assessment cycles and, in recent cycles, across
assessment modes (Martin et al., 2020; von Davier, 2020).

In this study, linking and equating were used to place responses from different co-
horts and time points on a common scale, allowing us to examine changes in intervention-
related outcomes over time at the group level rather than claiming individual develop-
mental trajectories. This use of linking and equating is consistent with psychometric prin-
ciples that such procedures can support score comparability across forms, occasions, or
groups when appropriate design and measurement assumptions are met (Dorans et al.,
2007; Kolen & Brennan, 2014). Therefore, the findings should not be interpreted as evi-
dence of within-person change, but rather as evidence of group-level longitudinal trends
among comparable groups of intervention participants. From this perspective, the study
demonstrates that, even when very few participants are available across all four years, a
TIMSS-like approach can provide useful evidence regarding whether intervention partic-
ipants show more desirable outcomes over time. The results suggest that intervention par-
ticipants generally demonstrated more favorable patterns in the measured outcomes, alt-
hough these findings should be interpreted cautiously as group-level longitudinal trends
rather than direct evidence of individual developmental change.

In addition, the study relied solely on self-reported measures of science self-efficacy,
which are susceptible to social desirability bias and self-perception errors. Since self-re-
ports do not directly measure performance, future studies should include assessments of
student work and performance to better understand whether intervention participants
demonstrate greater mastery of specific science skills (Timmerman et al., 2011; Willison &
O’'Regan, 2007). Future study should also follow the same students over time to examine
individual-level change more directly and to test how specific intervention components,
such as mentoring quality, research engagement, and culturally responsive support, con-
tribute to science self-efficacy development.

Intervention participants are matched with mentors, who are known to play a critical
role in supporting students” development of science self-efficacy. However, the study did
not measure the direct impact of mentoring on science self-efficacy trajectories. Future
research should examine whether science self-efficacy trajectories differ for students with
mentors in both intervention and non-intervention groups (Larose, 2013). While this study
focuses on changes in science self-efficacy, it does not examine participants’ long-term
career outcomes. Future research should track participants” STEM career pathways to as-
sess how increases in science self-efficacy influence their future academic and professional
choices (Guay et al., 2006). Family background, such as having relatives in STEM fields,
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could influence students” science self-efficacy trajectories. Future studies should consider
how these external social and family influences shape students” development (Bandura,
1997; Carter et al., 2019). The broader institutional environment may play a role in shaping
students” experiences and their science self-efficacy. Future studies should examine how
institutional policies, climate, and available resources contribute to student development
and self-efficacy.

5. Conclusions

This study contributes to the growing body of literature on UREs by examining
group-level longitudinal trends in students’ self-reported science self-efficacy from 2017
to 2020. Using linked and equated data, the study found that intervention participants
generally demonstrated higher estimated science self-efficacy scores than non-interven-
tion participants across the study period. Although science self-efficacy appeared to in-
crease over time, these findings should be interpreted cautiously because the analysis was
based on estimated responses from different participant groups rather than repeated ob-
servations of the same individuals.

The findings suggest that participation in the intervention program was associated
with more favorable patterns of self-reported confidence in science-related tasks. How-
ever, because the study used a quasi-experimental design, the results should not be inter-
preted as definitive causal evidence that the intervention produced the observed differ-
ences. In addition, the findings reflect students” perceived confidence in their science abil-
ities rather than direct measures of actual science skill development.

The study also contributes to SCT by illustrating how structured undergraduate re-
search experiences may provide learning conditions that support the development of sci-
ence self-efficacy. From an SCT perspective, intervention experiences such as research par-
ticipation, mentoring, feedback, and exposure to scientific practices may serve as sources
of self-efficacy by offering students opportunities for mastery experiences, social persua-
sion, vicarious learning, and supportive academic engagement. Thus, the study provides
preliminary evidence that research-based interventions may be linked to stronger self-
efficacy beliefs among undergraduate students.

Future studies should examine these relationships using designs that follow the same
individuals over time and include direct measures of science skills, academic outcomes,
and career trajectories. Additional research should also explore how mentoring quality,
family support, peer networks, and institutional culture shape students’ science self-effi-
cacy and longer-term participation in STEM pathways.
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