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Abstract: Performance in math, particularly algebra, is a major barrier to student success and
participation in STEM among under-represented minoritized students, particularly Black U.S. high
school students. This research applies social cognitive career theory (SCCT) to measure the impacts
of an afterschool algebra for engineering program on math self-efficacy and interest in STEM among
high school students in a large urban district. To study the program’s effects, a mixed methods
research design was used where schools were assigned to either treatment or control conditions.
Students in treatment schools accessed algebra for engineering modules, STEM professional role
model videos, and field trips, while students in control schools accessed role model videos and field
trips only. Surveys measuring math self-efficacy and STEM interest, outcome expectations, and choice
goals were completed by participants in both conditions at the beginning and end of two separate
program years, 2021-2022 and 2022-2023. Across both years, quantitative results suggest some
positive effects of participation, particularly for STEM choice goals, but benefits depend upon student
participation levels. Qualitative data offer student voice around prior experiences in math and science
and the development of postsecondary plans in STEM. In combination, the results suggest that for
students who do not initially identify as STEM career-bound, afterschool programming may not
necessarily promote preparation for STEM careers due to an accumulation of weak math and science
school experiences and other socio-environmental influences.
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1. Introduction

Performance in math, particularly algebra, is a major barrier to student participation,
enthusiasm, and success in STEM among minoritized students in U.S. high schools. Further-
more, the transition between middle school and high school is a liminal and tumultuous
time for adolescents, and it coincides with the time during which students typically under-
take algebra. For too many students, algebra is not the gateway to mathematical literacy
but a gatekeeper. Algebra is foundational to formal mathematics, so supporting students in
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In Baltimore City Public Schools (City Schools), high school math has persistently
posed challenges to students’ state assessment performance, on-time graduation, as well
as access to credit-bearing courses once enrolled in college. For instance, in 2023, just
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college found that approximately 90% of the class of 2011 were assessed to need remedial
coursework, most often in math; graduates” SAT math score was, on average, 380 [6].
Gaps in equitable access, instruction, and resources across the district contribute to lower
mathematics achievement. City Schools suffer from chronic underfunding; statewide, as
the percentage of minoritized students increases, the gap between funding targets and
actual funding gets worse [7]. Moreover, teacher shortages and high turnover impact math
instruction. In 2018-2019, only 18% of 6th grade teachers were certified in math [8].

To address such challenges and in recognition of the critical need to support bur-
geoning STEM career interests among high school students in Baltimore, a diverse project
team with expertise in math and engineering instruction and online curriculum design
at two local universities developed the Baltimore Online Algebra for Students in Tech-
nology (BOAST) program in partnership with Baltimore City Public Schools” Office of
Math Learning. As an extended learning program, several priorities guided its develop-
ment. First, the program needed to offer opportunities that reinforced fundamental algebra
skills, as well as rich experiences in engineering design and exposure to specific STEM
and engineering career pathways. Second, the project targeted participant recruitment at
high schools that did not host engineering learning pathways (e.g., Project Lead the Way)
or STEM-focused afterschool opportunities. BOAST’s development was guided by the
literature on supplemental math and afterschool programming, STEM career development,
and social learning theory.

The current study not only examines the efficacy of a unique afterschool STEM pro-
gram but also contributes to the literature on social cognitive career theory concerning
how high school students’ socio-environmental context influences self-efficacy and their
propensity to enter STEM career pathways. Such research is especially lacking for racially
and socioeconomically minoritized students who have not yet entered college. The prepon-
derance of existing research about racial minorities” experiences navigating STEM career
pathways explores undergraduate student populations, so much less is known about how
minoritized high school students” emerging aspirations in STEM can be supported. While
research demonstrates that under-represented students are more likely to be ill-equipped by
high schools to pursue higher education in STEM subjects [9,10], this research contributes
by identifying potential mechanisms by which attending under-resourced high schools
leads to that outcome.

1.1. Literature Review

Afterschool programming has been shown to significantly improve student achieve-
ment, particularly among low-income, at-risk youth [11]. Concerning STEM-focused
afterschool programs specifically, research demonstrates that participation is capable of
both encouraging STEM interest and helping maintain those interests, which hypothetically
promotes higher aspirations for STEM careers [12,13]. Students may especially benefit
from afterschool programs because they are perceived as low stakes and can offer a flexible
environment that enhances student learning without the same pressure and expectations
as in-school learning [14].

Moreover, research has shown that offering school-day opportunities to remediate
algebra skills can have a detrimental effect on higher-ability peers who would otherwise be
moving on to new skills [15]. Thus, leveraging afterschool programming to extend learning
time on algebra is a less academically costly approach to supporting students, and several
studies show that using expanded opportunities for algebra in high school is effective for
strengthening math skills [16-19]. While a strategy of extended learning time in algebra
has primarily been implemented for the purpose of reducing course failures, its proven
effectiveness in bolstering math course pass rates by adding increased instructional time
holds promise for bolstering students with an interest in STEM but who have not mastered
algebra skills. For example, students in Chicago Public Schools who received double-dose
algebra achieved significantly higher algebra assessment scores relative to students with
only a single dose [18]. Further, the long-run effects of double-dose algebra included a
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higher number of credits earned in high school, a higher probability of graduation, and a
higher likelihood of college enrollment [16,17].

Ensuring students’ mastery and confidence in algebra is crucial since math profi-
ciency and self-efficacy have been identified as key moderators of student persistence
in STEM pathways [20]. Self-efficacy is belief about one’s capabilities for success on a
given outcome [21,22], and self-efficacy in math specifically pertains to individuals’ con-
fidence in their approach to performing mathematical tasks and solving math problems
successfully [23]. Research suggests that math self-efficacy is predicted by successful math
performance [24] and, in particular, experiences where students have the opportunity to
show mastery, which are particularly powerful mechanisms to increase students’ feelings
of math efficacy [25]. Notably, math self-efficacy has been shown to mediate the effects of
gender and maintain independent effects on long-term achievement outcomes, as well as
postsecondary matriculation [23,26,27]. Thus, strengthening students’ math self-efficacy
helps ensure they are psychologically equipped to succeed in advanced math coursework
and satisfy prerequisites to enter STEM pathways in college, as well as maintain STEM
interests and career goals.

Social cognitive career theory (SCCT) offers a framework to explore the mechanisms
involved in students forming and maintaining goals for STEM career pathways. SCCT
posits that developing a career identity is a long, cumulative process, affected recursively by
interests, self-efficacy, barriers, and relevant experiences [28]. Yet, more recent applications
of SCCT highlight the importance of socio-environmental factors [29], such as ethnic identity
and family influences among youth from lower socioeconomic (SES) backgrounds [30].

Specifically, one study found that sibling and peer support for educational goals
accounted for most of the explained variance in low-income ninth graders’ vocational and
educational self-efficacy, whereas perceived barriers were not significantly predictive. This
suggests that social supports are more impactful to self-efficacy than challenges among this
subpopulation [31]. The authors further found that educational /vocational self-efficacy
was the only significant predictor of outcome expectations when tested against family and
peer supports and perceived barriers [31]. Concerning low-income high school students’
academic engagement and vocational outcome expectations, a study found a positive
relationship between ethnic identity and both self-efficacy and outcome expectations [32];
the research also identified a positive association between mothers’ support and academic
engagement and a positive association between fathers’ support and self-efficacy. They
also found self-efficacy to be strongly predictive of outcome expectations, which supports
the SCCT model. Surprisingly, the same study also found a positive association between
perceived barriers and self-efficacy among the low-income population [32]. These findings
imply that low-income students’ self-efficacy may be sourced in ways that are different
from students with more socioeconomic resources.

According to SCCT [33], opportunities to experience mastery, learn with peers from
nurturing teachers, and apply math standards to practical demonstrations could promote
higher self-efficacy, interest, and goal-setting in related careers. However, research on
educational self-efficacy among students of color and low-income populations is still
emerging, and thus, the current study will contribute to the literature in considering how a
predominantly Black and relatively low-income high school population’s experiences—in
the program and in school—impact STEM career development.

1.2. Program Description

BOAST, an eight-month afterschool engineering program for high school students,
was offered to two cohorts in a large urban school district in school years 2021-2022 and
2022-2023. The program’s curriculum entailed a series of online modules with math/algebra
(reinforcement) lessons as applied to engineering challenges. Most students participated in
a hybrid format, attending weekly afterschool meetups with an in-person instructor, and
students could work on modules asynchronously if needed. Instructors were also available
for regularly scheduled virtual office hours and communicated with students via email.
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Field trips to the sponsoring university’s campus and high-quality videos of interviews
with diverse STEM professionals were also key program components.

Six modules covering a range of relevant and engaging engineering topics were
developed. Each module was divided into four sections, including an introductory session
(i.e., an icebreaker activity and time to view a video of a professional STEM role model
sharing about their career trajectory); a ‘play’ session, in which students could experiment
with materials; a ‘learn” session, where students reviewed and practiced relevant algebra
standards; and finally a ‘build’ component, where students built a design using the algebra
skills reinforced during the learning component. The engineering topics covered included a
general introduction to BOAST, technical rescue, machine learning, soundproofing, business
optimization, and urban heat islands.

In-person instructors were hired by the primary sponsoring university and chosen
based on their proven ability to work with minoritized students and their general demeanor
as caring, nurturing teachers. Ten role model videos 5-10 min in length were created that
featured predominantly minoritized professionals describing their work in a range of STEM
careers, including electrical, optical, computer, cyber security, mechanical, systems, and
civil engineering. Professionals shared stories about how their career interests developed,
the challenges they encountered, and their experiences in high school and college, including
ways that mentors, friends, and family had helped them persist in the face of social or
educational obstacles.

1.3. Program Recruitment

Students were recruited to participate in the BOAST program during August-September
before the beginning of the school year in several ways. First, information about the
program and how to apply was disseminated on a university website using brochures,
small posters, and a local radio station announcement. Materials were shared by university
staff with school leaders, with the request that they share it with teachers, parents, and
students. University staff also went to the high schools during lunch periods to recruit
applicant students directly. Interested students, whether self-nominating or encouraged by
another, indicated their interest in participation by completing an online application. The
only requirements for participation were having already completed Algebra I with a final
report card grade of C- or better and being enrolled in a high school that had agreed to host
the program.

2. Materials and Methods

The theory of change for the current study was adapted from Lent et al. [33] and based
on SCCT. Our model hypothesizes that the BOAST program components impact career
goals through students’ math self-efficacy, STEM interests, and their interdependence with
socio-environmental factors. This model is illustrated in Figure 1.
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Figure 1. Conceptual model. Adapted from [33].
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2.1. Data

To measure exposure to algebra for engineering modules, data were collected passively
from students from the online learning management system (LMS). These data detail the
number of hours students spent in BOAST modules throughout the year. In addition,
the LMS data captured the number of role model videos students viewed. Field trip
participation data were captured separately. Students” math self-efficacy was measured
both at the beginning (pre) and end of the program year (post) using a previously validated
self-administered online survey [34]. Data on students’ interest, outcome expectations, and
choice goals in STEM were also collected from participants pre- and post-program year
using an instrument that prior research had suggested was valid [35].

Finally, qualitative one-on-one interview data from 14 students were also collected
over the course of both program years using a semi-structured protocol to capture the
influence of socio-environmental factors. Students were asked about their reasoning for
electing to participate in BOAST; barriers to participation (e.g., scheduling challenges,
technology issues that prevented module completion); reactions to the role model videos
and field trips; their experiences in math and science classes; their post-high school plans,
including career goals and potential obstacles to reaching them; and sources of social
support (i.e., family members and friends) for preparing for college and/or career.

2.2. Research Design

This study employed a convergent parallel mixed methods research design, where
schools were assigned to either treatment or control conditions. As a first step, 28 eligible
high schools in the district, excluding alternative schools for students with intense academic
needs, were paired a priori based on school characteristics, including whether the school
had academic entrance criteria, school enrollment size, percent Black, percent Hispanic,
percent English learner, graduation rate, and percent of students proficient on the Algebra
I state assessment the prior year. This resulted in 14 high school groupings in which
each pair was as similar as possible in terms of key factors. The principal of each school
per pair was approached by a member of the BOAST program team to gauge interest
in hosting the BOAST program, either as a treatment or a control school. Principals of
schools in the treatment condition were informed that their eligible student applicants
would receive the algebra for engineering afterschool lesson meetups along with all other
program components (i.e., STEM role model videos and field trips). Conversely, students in
schools under the control condition would have access to STEM role model videos and field
trips only. Quantitative and qualitative data were collected simultaneously during both
program years, and the data collected depended upon the school’s experimental condition.
Specifically, LMS module participation, pre-/post-survey, and student interview data were
collected from students in treatment schools, while pre-/post-survey and role model video
views were only collected from students in control schools. Field trip participation data
were collected for students in both conditions.

Although random assignment of schools to an experimental condition would offer the
most robust method to identify causal effects of program participation, randomization was
infeasible. School leaders expressed strong concerns about encouraging their students to
apply for the BOAST program without knowing ahead of time what participation would
mean for students in terms of time and effort commitment; therefore, randomization of
schools with applicants was decided to be ethically questionable. As a result, analysis was
performed to create like-school pairs to approximate random assignment to reduce the
potential for unobserved variable bias. Of particular concern were differences between
treatment and control groups in student interest in STEM; thus, the opportunity was simi-
larly advertised at schools in both conditions as a set of STEM-focused activities occurring
outside regular school hours. It is unknown the extent to which student applicants were
aware of their school’s experimental condition.
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2.3. Analysis

Quantitative analysis entailed statistical bivariate comparisons and multivariate regres-
sion estimating changes in math self-efficacy, STEM career interests, outcome expectations,
and choice goals based on BOAST participation and other student characteristics. Regres-
sions were estimated in Stata v. 18 with robust standard errors to account for student
clustering within schools.

Qualitative data were analyzed using a deductive approach. In particular, the re-
searcher read transcripts several times and then began coding with a set of expected
categories based on the theoretical framework of SCCT. These initial codes represented
topics including ‘barriers to BOAST participation’, ‘educational and career goals’, “interest
in STEM’, ‘prior experiences with math’, “prior experiences with science’, ‘plans after high
school’, and ‘social supports’. Secondarily, the researcher further coded the data within
each category using an inductive approach to capture greater nuance. For instance, within
social supports, codes were created to identify sources of “peer support” and ‘family support’
for particular domains such as college planning and career planning. The findings are
organized according to the themes identified from the secondary set of codes.

3. Results
3.1. Sample Descriptives

Data were collected during two program years (2021-2022 and 2022-2023) for 89 stu-
dents in ninth through eleventh grade, of whom 60 were in treatment and 27 in control
schools (refer to Table 1). Approximately 81% of the sample identified as Black and 9%
as Hispanic White. The remainder were either non-Hispanic White or Asian. Most par-
ticipants were either high school sophomores (35%) or juniors (35%), and the majority
identified as female (70%). Among students in treatment schools, 10% received special
education services, and 2% received EL services, whereas no students in the control group
received special education, and slightly more (4%) were EL. Final Algebra I report card
grades were slightly higher for treatment than control students (3.07 vs. 2.89).

Table 1. BOAST student characteristics by experimental condition.

Treatment Control
Entering grade
Grade 9 0.26 (0.44) 0.37 (0.49)
Grade 10 0.38 (0.49) 0.26 (0.45)
Grade 11 0.34 (0.48) 0.37 (0.49)
Demographic characteristics
Female 0.73 (0.45) 0.63 (0.49)
Male 0.27 (0.45) 0.37 (0.49)
Black 0.83 (0.38) 0.78 (0.42)
Hispanic, White 0.07 (0.25) 0.15 (0.36)
White or Asian, non-Hispanic 0.10 (0.30) 0.07 (0.27)
Special education 0.10 (0.30) 0
English learner 0.02 (0.13) 0.04 (0.19)
Academic characteristics
Algebra I grade (4-point scale) 3.07 (0.77) 2.89 (1.05)
School day attendance rate, year before treatment 92.3 (0.09) * 83.4 (17.32)
School day chronic absence, year before treatment 24.6 (0.43) * 55.6 (50.6)
n 60 27

Note. Means (and standard deviations) presented. * Group difference significant, p < 0.05.

Baseline comparability between students in treatment and control schools was tested
(refer to Table 1). Statistically significant differences between treatment and control groups
were evident only for students’ prior year’s school day attendance. The average daily
attendance rate of students in the treatment group was 9 points higher than those in the
control group (92.3 vs. 83.4). Similarly, students in the control group had much higher
levels of chronic absenteeism (i.e., being absent 10% or more of total days on roll) than those
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in the treatment group (55.6% vs. 24.6%). As a context, chronic absence levels among all
high school students in the district have been troublingly high in recent years. In 2022-2023,
approximately 46% missed 20 days of school or more [5].

Regarding baseline comparability on the SCCT constructs (refer to Table 2), the mean
for each scale collected during the pre-year survey administration was comparable be-
tween students in treatment and control groups. Though students in the treatment group
had slightly higher responses for STEM interests (4.12 vs. 3.97), this difference was not
statistically significant, nor were any other comparisons on these baseline measures.

Table 2. Baseline comparison of SCCT constructs.

SCCT Construct Treatment Control

Math self-efficacy 3.87 (0.51) 3.69 (0.51)
STEM interest 4.12 (0.62) 3.97 (0.61)
STEM outcome expectations 3.72(0.62) 3.76 (0.76)
STEM choice goals 3.86 (0.72) 3.81(0.78)

Note. No mean differences were statistically significant (« = 0.05).

Data on the three forms of BOAST participation are presented in Table 3. On average,
participants in the treatment group spent 3.77 h working on modules within the LMS. This
measure does not capture other ways that students could interact with the BOAST material,
which may not have been logged during in-person afterschool meetup sessions where the
instructor could have used the whiteboard, material demonstrations, and peers may have
worked together in real time. In additional analyses, it was found that the length of total
time students spent inside the LMS learning modules during the year varied considerably,
with a median time of 0.50 h and the 90% percentile of 9.02 h. Because of the dedicated time
in each module to view the videos of STEM professionals, time spent watching them was
slightly higher for students in the treatment group (0.46 vs. 0.39 h), though the difference is
not statistically significant. Field trip attendance was significantly higher among students
in the treatment group (1.6 vs. 0.95 trips).

Table 3. BOAST participation levels.

Treatment Control

Total LMS hours * 3.77 (7.64) -
Total video viewing hours 0.46 (0.74) 0.39 (0.46)
Number of field trips attended 1.60 (1.21) * 0.95 (0.22)
School day attendance

Average daily attendance rate 90.3 (8.3) * 81.6 (17.1)
% chronically absent 344 (479)* 66.7 (48.0)
n 60 27

Note. Means (and standard deviations) presented. School day attendance is presented to provide context on
student participation in BOAST’s out-of-school time components. * Group difference significant, p < 0.05. T LMS
hours do not capture in-person exposure to algebra for engineering content.

It is also notable that school day attendance patterns during the program year differed
substantially between treatment and control groups; these differences were also statistically
significant. Students in treatment schools had higher average daily attendance rates than
in control schools (90.3 vs. 81.6) and lower levels of chronic absence (34.4% vs. 66.7%).
However, further analyses did not suggest an association between daily attendance and
LMS participation for students in the treatment group (r = 0.19, p = 0.08).

3.2. Quantitative Findings

At the beginning and end of the program year, students in both the treatment and
control groups were asked to complete a 15 min survey that measured their math self-
efficacy, STEM interest, outcome expectations, and goal choices. All survey constructs
at each time point were determined to be reliable using Cronbach’s alpha analysis (refer
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to Appendix A). As a first step, relationships between the pre-survey constructs were
tested based on the hypothesized conceptual model, where math self-efficacy is thought to
positively impact STEM interest, which, in turn, impacts STEM outcome expectations and
choice goals.

Standardized estimates from bivariate regression analyses of pre-survey responses
(Table 4) show that math self-efficacy is unassociated with STEM interest, outcome expecta-
tions, and choice goals. However, STEM interest and outcome expectations were strongly
related (3 = 0.50, p = 0.001). STEM choice goals were also strongly associated with both
STEM interest (3 = 0.65, p < 0.001) and outcome expectations (3 = 0.60, p < 0.001).

Table 4. Relationships between pre-survey SCCT constructs.

STEM Interest STEM Oufcome STEM Choice
Expectations Goals
Math self-efficacy NS NS NS
STEM interest - 0.50 ** 0.65 ***
STEM outcome expectations - - 0.60 ***

Note. Standardized betas presented. NS: not statistically significant. *** p < 0.001; ** p < 0.01.

Next, we examined the extent to which participation in the BOAST program was asso-
ciated with a pre- to post-change in the SCCT constructs. A summary of regression analyses
predicting change scores for each construct is provided in Table 5 (the full set of estimates is
provided in Appendix B). Results shown for Model 1 represent the estimate for the number
of hours spent on BOAST material in the LMS. Though small, positive effects on math
self-efficacy, STEM interest, and STEM outcome expectations were statistically significant.

Table 5. Treatment effects.

Outcomes (Pre/Post Delta) Model 1 Model 2 Model 3
Math self-efficacy 0.02 (0.01) * 0.19 (0.12) —0.11 (0.16)
STEM interest 0.03 (0.01) ** 0.08 (0.16) 0.29 (0.19)
STEM outcome expectations 0.03 (0.01) * 0.30 (0.51) 0.46 (0.75)
STEM choice goals 0.01 (0.01) 0.18 (0.22) 0.59 (0.16) *

Note. Treatment group coefficients and robust SEs presented. Model 1 includes only treatment effects where
‘treatment’ estimate is for LMS hours. Model 2 controls for demographic characteristics. Model 3 controls for
demographic and prior academic characteristics. ** p < 0.01; * p < 0.05.

Models 2 and 3 (Table 5) present estimates for the indicator of experimental group
membership; we find that whether controlling for levels of exposure to the BOAST com-
ponents, demographic characteristics, Algebra I grades, or school attendance rate, there
were no significant differences between treatment and control groups in change in math
self-efficacy, STEM interest, or STEM outcome expectations. However, students in the
treatment group had STEM choice goals that increased, on average, by 0.59 points relative
to the control group (p = 0.01), but only when accounting for demographic and academic
characteristics. This finding is unexpected, given the null effects of LMS hours for STEM
choice goals.

3.3. Qualitative Findings

Interviews with students in the treatment group (pseudonyms protect their confi-
dentiality) were collected to gain insights into how students were thinking about their
educational and career plans, their perceptions of what might be required to reach them,
and what they believed might help or hinder them during that process.

3.3.1. Developing Postsecondary Interests

Most students interviewed described some level of interest in a STEM-related career.
However, participant responses ranged considerably between firm, bourgeoning, and
vague plans. For example, Renee, who appeared to be relatively firm in her plans, said,
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“[I want to] get my bachelor’s degree like my sister has before ... I want to major in
engineering. It’s engineering. I don’t know what type exactly yet. But it’s engineering”.
Another student, Nivea, shared her plan along with a specific college: “Johns Hopkins is
actually one of my first choices ... I would say software engineering, or computer science
is my top two [choice of majors].”

In contrast, some students seemed to have doubts about their emergent plans. A male
sophomore, Jean-Paul, shared:

I would like to go to college to get my engineering degree or computer engi-
neering degree because that’s what I wanted to do. Right now I'm just having
second thoughts ... When I first came [to this country], my plan was just com-
puter engineering . .. But right now, I'm just having second thoughts about how
everything’s working out and how to get to everything. I'm just having doubts
about myself being good enough to do the job that I'm supposed to be doing ... I
may have good grades, but I don’t think rationally like everybody else. I don’t
think clear. I mostly learn things from just watching.

Similarly, Vivian expressed her plans in vague terms but expressed confidence about
her interests:

I know I want to enroll to a four-year college ... I do want to do something in
STEM. I don't really like politics or history. I love science, I love math. I think
more, I love engineering, but I don’t really know if I would really want to major
in that. I really like astronomy and physics. I could spend hours reading, and
from abstract papers, research papers, Stephen Hawking, you know, all of those.
I really love learning about that.

Two other students—Marla, who responded to how she was preparing for college,
and Darwin, responding to what his career at age 30 might be—appeared to have what
might be considered unrealistic goals. Their responses reflect ideas that may have formed
without appropriate consideration of timing before graduation or prior experiences that
would shed light on what a STEM professional’s workday entails:

Marla: I want to play college sports ... [ was thinking for my senior year in high
school, I would try to do some sports to see which ones I'm really interested in
and try to get a scholarship from them.

Darwin: The plan is to join the Navy, and after joining the Navy to finish my
degree or start my degree in a business course and also in marine biology. ... I
see myself maybe seven in the morning getting up, going and boat out to one of
our research places, doing a little research, diving to check on some of our sharks
that we have in the research lab. And then coming home, stopping by my house,
showering up and heading out to prepare for the nightclub that I will own in
the future.

While Marla and Darwin’s ambitions are admirable, Marla’s expectation of gaining an
athletic scholarship without years of training and Darwin’s plan to be a marine biologist
and own a nightclub by age 30 highlights a need for practitioners in the career preparation
space to offer students more information about the requirements for both postsecondary
access and particular careers.

Indeed, participants’ responses to questions about their plans corresponded with the
experiences they shared about how school, family, and peers might be supporting (or not
supporting) their educational goals and career interests. The ways that each of these factors
potentially influenced students’ goals are illustrated next.

3.3.2. Social Supports

Renee and Nivea, who had very clear plans, attended a selective high school that
offered pathways of study in STEM. Describing opportunities she had that are helping
her prepare, Renee explained, “I've done multiple internships and I have one right now at
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John [sic] Hopkins where I studied greenhouse gas emissions and I'm comparing them to
Baltimore to see what Baltimore could do better to lower their greenhouse gas emissions”.
When asked why she applied to the BOAST program, Nivea stated:

Nivea: It was actually one of my teachers recommended me to join. It was my
engineering teacher. And also I'm just really interested in engineering. And I
heard that BOAST had algebra and engineering combined. So that’s also why I
wanted to do it, and I thought that it would help me with my algebra, which it
actually does.

Nivea also shared ways her school was connecting her with experiences that were
connected to her interests and goals:

Nivea: We've actually done some things in school where we actually choose our
major or have some ideas for what we want to do when we’re older. ... I've
been trying to just try to join as many programs as I can, especially STEM related
programs. ... I'm in engineering and this is my third year in engineering. I'm
also in BOAST, obviously. I'm trying to do [an engineering internship] in the
summer, which is a Johns Hopkins program. So that’s probably what might help
me decide what I want to do.

Other participants attended schools where such concerted efforts did not appear
to occur. For instance, Marla, who was waiting until senior year to think about sports
participation that would lead to a scholarship, was asked if she had any conversations with
adults in her school about postsecondary options. She responded, “Nope. Not that I know
of”. Darwin, whose intentions to be both a marine biologist and a club owner, described a
situation that appeared to reflect haphazard support:

Darwin: I've not really heard much about STEM, so I never really thought of
entering any field in STEM ... I currently don’t have any science classes or
engineering classes. .. I've never took engineering classes and right now, they
just put me on some courses to get my schedule filled. I haven’t really had much
say in it.

Some participants, particularly those with uncertain or nascent ideas about a desired
career, also shared frustrating educational experiences. For example, Maliah described
an interest in nursing, saying, “My goal is to become a traveling nurse. ... But I always
wanted to travel, so it’s like me being a traveling nurse, I can go experience stuff and still
do what I want”. Yet, Maliah also described recent disappointments in her math class:

Maliah: I used to enjoy math, but once COVID started, I guess, me being at home
for three years ... I guess that chunk away from school really knocked me off of
really being a good student in math ... When I went back in person this year, it
was a big struggle for me to get adjusted back to a math class, actually any of
my classes. And once we got to school, we didn’t really have teachers. We still
don’t. And then our math teacher is actually gone ... So I'm just in a math class
sitting there every day ... We have subs there, but they're different every day
and they just keep telling us to get on something called Imagine Math but that
really doesn’t help me. And because I don’t have a teacher, I can’t ask questions
the way I want to. I'm not really feeling math anymore.

This vignette from Maliah emphasizes how negative school experiences, not to men-
tion COVID-related school closures, can potentially derail interest in particular subjects.
To succeed in pursuing a nursing career, this student will need to maintain subject matter
self-efficacy, and this example suggests that self-efficacy and interest in math (i.e., “feeling”
it) are interdependent.

Concerning how family members informed students’ interests and goals, it is notable
that Renee couched her goal of obtaining a bachelor’s degree as being “like my sister has
before”. Other participants also relayed how their families and others encouraged them.
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Jean-Paul, who expressed a goal of becoming a computer engineer but with emerging
doubts, said that his brother was supportive. Yet, the lack of specific ways that his brother
would help mirrored the hesitancy of his goals:

Jean-Paul: I told my brother about what I wanted to pursue. He just said he
would help me get it and all that. He would just be there to help me get it and he
would just get me the program that I needed and then get me the things I need to
get it.

Jean-Paul also shared that his friends had similar interests and goals, but his emphasis
on “trying to do online things” and lack of resources potentially resonate with his prior
expression of inadequacies to achieve his goal. He shared, “Most of [my friends] want to be
an engineer as well. I talk to them about engineering. We go over some things about it. We
try to do online things. We try to do NFTs and stuff, but we just don’t have the resources
for that”.

Two male participants, Richie and Jonas, could be categorized as having nascent plans.
For instance, Richie’s goal was to be a lawyer or investment banker. When Richie was asked
how he and his friends talked about plans after high school, he stated, “I just don’t talk
to them about the future ... Most them not trying to go to college anyway”. Concerning
his mother’s support for his plans, he shared, “My mom’s kind of really religious, and she
says all lawyers are heartless, soulless. They sell their soul. And she was freaked out when
I said I wanted be lawyer so switched over to investment banking and I learned about it,
and it’s okay”. Richie’s explanation of his change in career plans points to the key influence
of parents; Richie also described his goals as a contrast to those of his peers, as though they
need protection from negative influences.

In describing his postsecondary planning, Jonas, attending the same school as Richie,
stated, “I would really love to go to college. Same time, I would love to start doing gigs
and promoting what I do after school”. Following up, he explained that outside of school,
he did video editing. When asked how he felt about taking math coursework in college,
he shared, “Math is just like a brain stimulant. I love it”. But later, when responding to a
question about his experiences in high school math class, he said, “Math classes are usually
very boring. And it’s as if 'm being stilled with the learning ... I usually do really well
in math, but when I'm feeling like the class is really slow, my assignments or the grades
would go down”. Jonas’ comment indicates a strong connection between competency
and interest, and his impressions may reflect varying experiences of engaging in math
instruction. Sentiments such as his suggest that self-efficacy and bourgeoning interests
in STEM subjects may be precarious for minoritized and low-income students. When the
researcher asked Jonas if he’d had the opportunity to talk to anyone at the school about
what he might do after high school, he replied:

Jonas: No. They said that we could reach out to them. They’ve talked to students
as a whole group ... about things and plans we can do after high school and then
college. But the message altogether, I don’t feel like it’s hitting 80% of the classes,
especially since nobody really cares. They [students] don’t really care for their
futures. They’re okay with being on the streets, selling drugs and all that. Or just
working at McDonald’s. They don’t really care for future problems or any of that.

Jonas’ response illustrates how a lack of deliberate postsecondary guidance, in combi-
nation with negative peer influences and unengaging classes, may be especially detrimental
to productive career ideation among this population of high school students.

3.4. Mixed Methods Findings

In combination, the quantitative and qualitative results offer unique insights into
the development of self-efficacy, interest, and career goals. Although not all participants
expressed interest in STEM necessarily, their data remain relevant to understanding the
complex interplay of socio-environmental factors and the other constructs featured in the
SCCT model among minoritized, low-income high school students. Figure 2 offers a joint
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display of findings from both strands in terms of how social supports and barriers relate to
the outcomes of interest.
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Figure 2. Joint display.

Among students with nascent or uncertain postsecondary goals, whether they concern
STEM or non-STEM careers, the data suggest that an accumulation of disappointing or
haphazard educational experiences and other negative social influences had left some
students with a weak understanding of the concrete steps needed to achieve their individual
goals. Their schools did not appear to be organized in deliberate ways around ensuring
each student had clear postsecondary interests and plans and that the curriculum or set of
experiences on offer was perceived by students as outside of their control and/or less than
optimal. Conversely, students with clearer plans had benefited from a range of beneficial
enrichment opportunities and more engaging coursework in STEM, and the adults in their
school and at home were reportedly helping them achieve their goals. Notably, further
quantitative analysis found enrollment in a particular school explained approximately 20%
of the variance in STEM interest, 23% in STEM outcome expectations, and 33% of math
self-efficacy at baseline.

These results also shed light on some of the surprising quantitative findings regarding
the impacts of BOAST. While participation in the BOAST program had no significant effect
on math self-efficacy, STEM interest, or STEM outcome expectations, students accessing
all components of the program had significantly higher levels of STEM choice goals. This
is consistent with SCCT research in demographically similar samples. For example, one
study used SCCT to predict the math/science goal intentions of low-income prospective
first-generation college students (1 = 305); contrary to hypotheses, the relationship between
barriers and goals was mediated neither by self-efficacy nor interests [36]. We surmise
that BOAST participation, in either the treatment or control condition, helps maintain
baseline math self-efficacy and STEM interests. However, concerning the significant boost
in STEM choice goals among the BOAST treatment group, we argue that through BOAST,
participants gained an increased desire to learn new STEM-related skills and take steps to
pursue STEM careers.
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4. Discussion

The current research investigated the extent to which a STEM-focused afterschool
program was associated with improved math self-efficacy, STEM interests, outcome expec-
tations, and choice goals. Through the lens of the SCCT framework among a low-income,
predominantly Black high school student population, we found that socio-environmental
factors are particularly salient to how students’ postsecondary plans develop or fail to
develop. Our findings also reinforce existing studies employing SCCT, particularly those
employing samples of minoritized, low-income populations. While it was surprising that
math self-efficacy appears to be unrelated to other SCCT constructs, Garriott et al. [36] also
found no effects of self-efficacy on choice goals. However, our findings confirm previously
identified associations in more heterogeneous samples regarding relationships between
interest and outcome expectations and choice goals, as well as between choice goals and
outcome expectations [30,33,36].

Members of our sample who benefited from a greater number of STEM-focused oppor-
tunities in school, positive family role models, and concerted coordination of interest-based
opportunities had clearer, firmer plans for what they would do after graduation. On the
other hand, our sample included many students who did not benefit from well-resourced
schools and were subject to haphazard curriculum, understaffing, and questionable peer
influences. These students expressed far less certainty about their goals or had stated goals
that appeared to be less well-informed.

The results of this study offer promising evidence that BOAST has beneficial impacts
on some of the psychological constructs associated with productive career planning, though
the effects were weaker than expected. Yet, like other school-embedded programs, student
engagement with BOAST is influenced by many external factors. Of special importance
was the high degree of variation in students’ completion of the algebra for engineering
modules and STEM role model videos. This variation is a reflection of the many competing
opportunities that this population of students confronts. It may be that an afterschool
program, in comparison to the larger set of academic, social, and environmental influences
to which students are subject, is too negligible to produce strong effects.

4.1. Limitations

This study is limited in two primary ways, the first of which is its relatively small
sample size. Small samples naturally yield higher variation, which can mask effects that
may be evident among larger samples. However, though small, our sample is compara-
ble in demographic characteristics and school representation to the larger Baltimore City
Schools district. A larger sample would be amenable to more sophisticated statistical tech-
niques, but the critical need for qualitative insights from high school students themselves
requires a smaller, more purposeful sample of participants. Second, the current study is
limited by our inability to randomly assign students to experimental conditions. Random
assignments within schools would risk contamination effects and potentially constrain our
ability to qualitatively account for school-wide factors that impact individual students. Our
inability to randomly assign schools to experimental conditions is a related limitation and
is evidenced by the pre-existing differences between groups in school day attendance the
years before and during BOAST program receipt. It should thus be noted this reflects a
strong mediating effect of school engagement on STEM choice goal growth, which may help
explain why BOAST’s effects on STEM choice goals were significant only after controlling
for academic characteristics.

4.2. Implications

This investigation set out to explore whether BOAST, an afterschool algebra for engi-
neering program, increased students’ self-efficacy in math, interest, outcome expectations,
and choice goals in STEM. Through the data collected, this study’s purpose expanded to
also identify ways that high school experiences support students’ math self-efficacy and
developmental plans for postsecondary education and careers. Of note is that all BOAST
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participants attended an under-resourced school, yet some benefited from schools that
were organized in strategic ways that emphasized postsecondary planning and marshaled
resources to encourage students” specific interests. For high school practitioners, these
findings suggest that ensuring students successfully graduate on time is inadequate when
it means that students are not equipped with the information needed to navigate life
after high school. Graduating “career and college ready” requires not only completing
coursework, even if students’ courses are on par with the rigor of college; it also requires
that adults in schools talk to students about their interests so that they can share related
postsecondary pathway information, including possible careers and what credentials are
required for entry. Further, students need to understand what will be necessary for any
destination and when, i.e., how to be competitive for particular college admission systems
and appropriate timing to reach necessary milestones. In addition, families and caretakers
must be engaged by schools as partners along the way so that students have the necessary
social support at home to pursue their desired goals.

Many high schools prioritize efforts toward meeting graduation requirements, which
is common when serving student populations who disproportionately arrive in high school
with many academic needs; however, practitioners can help students meet graduation
requirements as well as strategically plan for postsecondary possibilities by using asset-
based approaches, which would recognize and leverage each student’s unique interests as
a resource to encourage school attendance and engagement [37]. Such interests should also
be used to guide the selection of programs offered. Each student’s interest profile should
be updated at regular intervals upon meeting again to learn how their interests or values
may have evolved.

To meet these goals, adults in school should be organized in ways that facilitate
trusting student relationships and purposeful conversations (e.g., small cohort models,
leveraging community-based partnerships), which will serve the purpose of ensuring
that students feel agency over their education experiences. Although few high schools
are resourced to provide every relevant experience, all should at least be able to connect
students with enriching opportunities in the local community. Successful planning among
high school students in under-resourced contexts is only possible if individual student
interests are captured and adults honor interests by helping co-develop a plan.

Author Contributions: Conceptualization, R.E.D.,, M.L.F, A.G.D., AS.,, AR, M.W. and EJ.Y.; method-
ology, RE.D. and A.G.D.; formal analysis, R.E.D.; investigation, R.E.D. and A.G.D.; resources, M.L.F,,
AS., AR, MW. and E]J.Y,; writing—original draft preparation, R.E.D. and A.G.D.; writing—review
and editing, RE.D.,, M.LE, A.G.D., AS.,, AR, M.W. and E/J.Y,; visualization, R.E.D.; project adminis-
tration, M.L.E,, A.G.D. and A.S.; funding acquisition, R.E.D. and M.L.F. All authors have read and
agreed to the published version of the manuscript.

Funding: This material is based upon work supported by the National Science Foundation under
Grant No. DRL-2005790.

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki, and approved by the Institutional Review Boards of Baltimore City Schools (2021-045, 6
June 2021), Johns Hopkins University (HIRB00012557, 19 April 2021) and Notre Dame of Maryland
University (IRB00010753, 14 February 2021).

Informed Consent Statement: Informed consent and/or child assent were obtained from all subjects
involved in the collection of data for this study.

Data Availability Statement: The administrative data used in this study are not readily available
due to student privacy regulations per FERPA and the data sharing agreement governing the authors’
use of Baltimore City Schools data. Student interview data are unavailable because of the nature of
the project’s parental consent agreement.



Educ. Sci. 2024, 14, 789

15 of 17

Acknowledgments: The authors are grateful for the assistance and of district partners Levi Straight,
Liepa Boberiene, Chris Wohn and other staff in Baltimore City Schools Office of Achievement and
Accountability who offered comments on earlier drafts, as well as other members of the BOAST
project team including Jaracus Copes, Cynthia Glass, Nantambu Kohlbatz, Tyair Manning, and Karen

Watkins-Lewis.

Conflicts of Interest: The authors declare no conflicts of interest.

Appendix A

Table A1. Cronbach alpha reliability tests for SCCT constructs pre- and post-survey.

Construct (N Items) Pre-Survey Post-Survey

Math self-efficacy (24) 0.918 0.941

STEM interest (6) 0.711 0.730

STEM outcome expectations (6) 0.648 0.757

STEM choice goals (6) 0.786 0.779
Appendix B

Table A2. Regression of math self-efficacy change on BOAST participation levels and student characteristics.

Model 1 Model 2 Model 3

Intercept 0.04 (0.24) —0.01 (0.16) —0.48 (1.21)
BOAST participation

Treatment group (vs. control) —0.19 (0.12) —0.11 (0.16)

Total LMS hours 0.02 (0.01) *

Role model video hours 0.31 (0.21)

Numb. field trips —0.19 (0.10)
Demographics

Male —0.65 (0.12) ** —0.58 (0.07) **

Black 2 0.02 (0.20) —0.06 (0.29)

Hispanic @ 1.23 (0.26) ** 1.24 (0.17) **
Academics

Algebra I final grade —0.16 (0.15)

School day attendance rate 1.04 (1.83)
R? 0.16 0.59 0.71

Note. Coefficients and robust SEs presented. # Reference group is White or Asian. ** p < 0.01; * p < 0.05.

Table A3. Regression of STEM interest change on BOAST participation levels and student characteristics.

Model 1 Model 2 Model 3

Intercept 0.19 (0.18) —0.16 (0.12) —1.23 (1.41)
BOAST participation

Treatment group (vs. control) 0.08 (0.16) 0.29 (0.19)

Total LMS hours 0.03 (0.01) **

Role model video hours —0.26 (0.07) **

Numb. field trips —0.10 (0.08)
Demographics

Male —0.38 (0.39) —0.70 (0.52)

Black @ 0.07 (0.04) 0.12 (0.11)

Hispanic @ 0.39 (0.52) 0.56 (0.61)
Academics

Algebra I final grade —0.03 (0.10)

School day attendance rate —1.11 (1.54)
R? 0.48 0.17 0.41

Note. Coefficients and robust SEs presented. ® Reference group is White or Asian. ** p < 0.01.
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Table A4. Regression of STEM outcome expectation change on BOAST participation levels and

student characteristics.

Model 1 Model 2 Model 3

Intercept 0.20 (0.66) —0.26 (0.61) 2.55 (3.07)
BOAST participation

Treatment group (vs. control) 0.30 (0.51) 0.46 (0.74)

Total LMS hours 0.03 (0.01) *

Role model video hours 0.07 (0.52)

Numb. field trips —0.16 (0.31)
Demographics

Male 0.49 (0.42) 0.19 (0.53)

Black @ —0.01 (0.44) —0.31 (0.87)

Hispanic ? 0.05 (0.29) —0.09 (0.54)
Academics

Algebra I final grade —0.13 (0.32)

School day attendance rate —2.54 (3.82)
R? 0.07 0.12 0.19

Note. Coefficients and robust SEs presented. ® Reference group is White or Asian. * p < 0.05.

Table A5. Regression of STEM choice goal change on BOAST participation levels and student characteristics.

Model 1 Model 2 Model 3

Intercept —0.14 (0.26) —0.28 (0.30) 0.52 (1.17)
BOAST participation

Treatment group (vs. control) 0.18 (.22) 0.55 (0.10) *

Total LMS hours 0.01 (0.01)

Role model video hours —0.20 (0.20)

Numb. field trips 0.16 (0.15)
Demographics

Male —0.35 (0.20) —0.67 (0.11) **

Black 2 0.25 (0.28) 0.49 (0.14) *

Hispanic @ 0.69 (0.32) 0.88 (0.15) **
Academics

Algebra I final grade —0.09 (0.05)

School day attendance rate —0.77 (1.36)
R? 0.14 0.19 0.71

Note. Coefficients and robust SEs presented. * Reference group is White or Asian. ** p < 0.01; * p < 0.05.
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