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ABSTRACT

This study examines the relationships between attitudes toward all core STEM subjects
and interest in STEM careers among 4th through 12th grade US students through the
administration of the Student Attitudes toward STEM (S-STEM) Survey to over 15,000
public school students. The research developed a model based on expectancy-value
theory that incorporates key demographic factors of age, gender, and race/ethnicity.
Our findings reinforce prior research that students across key demographic factors
perceive biological/clinical and physical science career paths differently, resulting in
two career clusters. Of interest, the relationship of mathematics attitudes to career
interest varied by STEM career cluster. Findings were also supportive of the conclusion
that students’ attitudes towards STEM careers are not static over their primary and
secondary grades, stabilizing and leveling during their secondary years. Gender
showed significantly different interest levels for the two career clusters: males higher
for physical sciences and females higher for biological/clinical sciences. Racial/ethnic
disparity in STEM career interests can be seen more readily in physical sciences and
engineering than in the biological sciences. Overall, our work reinforces findings that
students, as young as elementary grades, are forming attitudinal associations between
their academic and life experience and future STEM careers.
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INTRODUCTION

Preparing the next generation of leaders and workers with science, technology, engineering, and mathematics
(STEM) skills, who can apply the rules of reason, the findings of science, the aesthetics of art, and sparks of creativity
to improve society, is a national concern (NAE, 2014; NRC, 2010; PCAST, 2012). Current efforts by both private
companies and public agencies to improve society have been increasing the demand for workers with these STEM
skills and competencies (Rothwell, 2013). Yet participation in the STEM workforce among females and individuals
from racial/ethnic minority backgrounds, particularly African Americans and Latinos, has been declining (cf.,
Miller, 2014; Xie & Achen, 2009).

Much of the research efforts to understand a person’s pathway into a STEM career has focused on the post-
secondary timeframe, with less scrutiny paid to an individual’s experiences during high school or earlier (e.g.,
Chen, 2009; Correl, 2001; Dewitt et al., 2011). Some researchers, however, have begun to investigate younger
students’ participation in these pathways. For example, Tai and colleagues (2006) found that a young student’s
aspirations in science were a better predictor of their enrollment in post-secondary science studies than their
achievement during traditional schooling. Other research has highlighted the link between a person’s early
expectations and their eventual education and career choices in science (e.g., Beal & Crockett, 2010; Dewitt et al.,
2011; Eccles, Vida, & Barber, 2004). Little research has been done that investigates all core STEM subjects; typically
studies focus on students’ interests and expectations regarding mathematics or science alone. To address this gap,
our study examines the relationships between attitudes toward all core STEM subjects (science, technology,
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Contribution of this paper to the literature

e  This study surveyed over 15,000 public school students in the United States using the validated instrument,
the Student Attitudes toward STEM (S-STEM) Survey.

e Our findings reinforce prior research that students across key demographic factors perceive
biological/clinical and physical science career paths differently, resulting in two career clusters. Also found
was an interesting relationship of mathematics attitudes to career interest that varied by STEM career
cluster.

e Findings indicated that students’ attitudes towards STEM careers are not static over their primary and
secondary school years. In addition, gender showed significantly different interest levels for the two career
clusters.

engineering, and math) and interest in STEM careers among 4th through 12th grade students, with special attention
paid to the role of students’ gender and racial/ethnic backgrounds.

LITERATURE REVIEW

Defining Attitudes

For this research, students” attitudes towards STEM careers are guided by expectancy-value theory (Eccles &
Wigfield, 2002; Wigfield & Eccles, 2000), which takes the fundamental notions of self-determination theory (Deci &
Ryan, 1985) and sets them within a goal-directed environment, such as academic and career trajectories.
Expectancy-value theory helps frame both self-efficacy in terms of expectancies of success in a particular academic
domain and outcome expectancy in terms of the value of this academic subject area to future goals. Numerous
researchers have found links between domain-specific self-efficacy and academic outcomes (e.g., Pajares &
Graham, 1999; Schunk, 1991; Simon, Aulls, Dedic, Hubbard, & Hall, 2014). Similarly, outcome expectancies for
success and the value a student associates with it have been found to directly influence performance, persistence,
and choice in (academic) tasks (Eccles & Wigfield, 2002; Guo, Marsh, Morin, Parker, & Kaur, 2015). Earlier in the
development of these social psychology theories, researchers explored the influence of demographics —including
age, gender, and race/ethnicity — on development of self-efficacy, outcome expectations and career interest (cf.,
Fouad & Smith, 1996). For example, for older individuals closer to career entry (post-college for most STEM careers),
personal goals may be aligned with actual career choices, while earlier in a student’s academic life, they may be
manifested in broader, more abstracted career interests. There is a dynamic, reciprocal nature of self-efficacy,
expectancy outcomes and academic-career goals that emerge from these psychological states and evolve over time.

Experiences, Attitudes and Career Interest

A number of researchers have explored the reciprocal relationship between experiences in STEM academic
subjects and the development of domain-specific career interests. Research has shown that students are more likely
to pursue postsecondary schooling in STEM fields if they have success in mathematics (Wang, 2012) or high self-
efficacy in science (Scott & Mallinckrodt, 2005) in earlier grades. Similarly, during high school, having high
expectancy-value beliefs has been found to be associated with a student’s persistence in taking both advanced
science and mathematics courses (Simpkins, Davis-Kean, & Eccles, 2006). There is a reciprocal relationship over
time that likely helps correct for mis-calibration of self-efficacy relative to the academic task performance (Chen &
Zimmerman, 2007). This suggests that although some adolescents maintain their aspirations and expectations for
the future, for others, future-oriented cognitions are in flux (Beal & Crockett, 2010).

Researchers have found high-school-age students able to provide meaningful information about their interests
in future STEM careers (e.g., Jenkins & Nelson, 2005). These interests seem to be somewhat stable at this age, as
Sadler, Sonnert, Hazari, and Tai (2012) found that students’ career interests when entering high school were the
strongest predictors of their career interests when leaving high school. Researchers looking across longer grade
spans have shown mixed results concerning the stability of attitudes and their relationship to career interests.
DeWitt, Archer, and Osborne (2014) found that interest in a science career often diminished with age such that by
the time students were 14 or 15, many students saw it as unthinkable they would become a scientist. Mau (2003)
concurred, finding fewer than one-quarter of eighth graders retained an interest in pursuing a science or
engineering career six years later. For those students interested in a science degree, Maltese and Tai (2011) found
that eighth-grade students who believed science would be useful for their future and who were interested in a
science career were more likely to earn degrees in STEM. While students in younger grades may not have detailed
understandings of all possible STEM career pathways, they are beginning to differentiate them in broader ways
(Maltese & Tai, 2011). Tai and colleages (2006) found that interest in a science career in eighth grade showed
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differing predictive likelihoods of a STEM major depending on whether it was a life science or physical science
degree. This study also found that eighth grade mathematics achievement was more predictive of a physical science
degree path than biological sciences.

In summary, this literature paints a compelling picture that student STEM attitudes and career interests are in
flux during their elementary and secondary school years, though stabilizing and solidifying some during their
secondary years. This research has typically been conducted on a single academic area of STEM (e.g., science or
mathematics), however, with career interest mappings that are similarly restricted. This work is not exploring
potentially important interactions between STEM areas, such as mathematics and science attitudes and future
engineering career interest, or how students tend to categorize or group various STEM careers. Further, these
complex relationships should be explored across a broad range of ages.

Gender

Eccles has used expectancy-value theory to specifically study women in STEM career pathways (Eccles, 1994;
Eccles & Wigfield, 2002). She concluded that while significant differences based on gender are seen in participation
in many STEM areas, the underlying reasons are complex and nuanced. In other research guided by expectancy-
value theory, Watt and colleagues (2012) found gender-based differences in perceived value, subsequent
mathematics course selection, and career aspirations. Similarly, researchers have concluded that there is
considerable evidence indicating boys and girls have differing attitudes towards, or engagement with, school
science (c.f., Miller, Slawinski Blessing, & Schwartz, 2006; Osborne, Simon, & Collins, 2003).

Because of the breadth of sub-disciplines in science, researchers have examined science sub-discipline
interactions with gender as well. Simon and colleagues (2014) documented these gender-based differences in self-
efficacy in STEM subject areas, helping to explain differences seen in male-dominated academic areas such as
physics (Yerdelen-Damar & Pesman, 2013). Work by Hazari and colleagues (2010) point to the role of future value
as possible cause for lower career interest in physics for girls, paralleling findings regarding gender differences in
the task value for mathematics (Watt et al., 2012). These findings are supported by PISA (OECD, 2006) data analysis
showing that girls are more interested in living systems (Miller et al., 2006), while boys are more interested in
physical sciences (Drechsel, Carstensen, & Prenzel, 2011 ). This declining interest by girls in engineering, computer
science and mathematics often parallels rising interest in health and medical professions (Sadler et al., 2012).

Age has emerged as a factor that has important interactions with gender. Researchers have documented how
social influences regarding science career paths begin to exert their effect in elementary grades and are
differentiated by gender (Greenfield, 1997). In a literature review of girls’ engagement in science, Brotman and
Moore (2008) cite multiple studies documenting either less positive attitudes towards science by girls and/or
sharper declines over time (cf., Mau, 2003). A more recent cross-sectional study (Unfried, Faber, & Wiebe, 2014) has
documented a divergence in self-efficacy and outcome expectancy between boys and girls in physical sciences and
engineering starting in elementary grades.

Race/Ethnicity

It is well documented that African-Americans and Hispanics are historically under-represented in STEM fields
relative to the population as a whole (NSF, 2009; Washington, 2011). In contrast, Asians and Caucasians are, in
general, over-represented in the U.S. in STEM professions (Beede et al., 2011). A more open question is the
underlying causes for these racial and ethnic disparities. In DeWitt’s (DeWitt et al., 2011) U.K. study, the researchers
reached the conclusion that external factors such as parental influence were the primary underlying cause for
similar demographic disparities. Among a racially diverse population of high achieving mathematics students,
Caucasian students showed stronger motivation for science persistence over African-American students and
Hispanic students (Andersen & Ward, 2013). In a contrasting study, Riegle-Crumb and King (2010) found that once
K-12 academic preparation is taken into account, African-Americans are more likely to declare and persist in STEM
majors. Just as with gender, race and ethnicity disparity is present within the science fields. Caucasians are
overrepresented in engineering and physical science majors, while biological sciences draws its majors more
equitably from all racial groups (Riegle-Crumb & King, 2010).

In summary, important research findings have emerged with regard to gender differences in academic attitudes
and the types of careers boys and girls are interested in. Equally important work has found that differences in
academic attitudes may not be the root cause of differing STEM career participation across racial and ethnic groups.
Research on differences among underrepresented populations has typically been constricted to one demographic
dimension (e.g., gender) within one STEM content area, making it difficult to look at gender and racial/ethnic
differences holistically across all the STEM areas.
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Twenty-First Century Skills

Authentic STEM practices used in STEM-related careers, such as integrated, inquiry-based, and hands-on
activities, have seen increased emphasis in K-12 classrooms. Many early advocates of these 21st century skills
(PTCS, 2005) were from the business sector (e.g., Cisco Systems, 2008), but these policy recommendations have
increasingly been channeled through federal government policy initiatives (e.g., Katehi, Pearson, & Feder, 2009;
PCAST, 2010). This movement built a foundation for the Next Generation Science Standards (NGSS Lead States,
2013) that formally emphasized these science and engineering practices in K-12 science education. At the same time,
the nascent K-12 engineering education movement has spurred research on engineering’s influence on core content
instruction (Nathan, Oliver, Prevost, Tran, & Phelps, 2009) and the implications for teacher professional
development (Douglas, Rynearson, Yoon, & Diefes-Dux, 2015). What has been less studied is how this engineering
and STEM education movement in the K-12 instructional space has influenced students” attitudes about these STEM
and engineering practices, core STEM academic subjects, and their interest in future STEM careers that use this skill
set. Our study examines this relationship.

STEM Career Taxonomies

Research linking STEM attitudes to career pathways has been made more difficult by the lack of consensus over
what the STEM career taxonomy should be. Almost all U.S. government published taxonomies of STEM careers
tend to include mathematics, natural and physical sciences, computer science, engineering, and technologist
positions. There is more debate regarding whether or not to include social sciences and medical and health sciences
among STEM careers. For example, the National Science Foundation includes social sciences, but excludes medical
and health sciences (NCSES, 2013). The U.S. Department of Education aligns their definition of STEM careers with
recent legislative efforts that exclude both social and medical sciences (Chen, 2009; Ginder & Mason, 2011).
Furthermore, institutions that interface closely with K-12 education, such as ACT, have chosen to include medical
and health sciences but exclude social sciences (ACT, 2009). This approach perhaps reflects a more pragmatic
approach of connecting students” day-to-day experiences with academics and popular culture. ACT also combines
Engineering and Technology, reflecting current standards documents such as the Next Generation Science
Standards (ACT, 2014; NGSS Lead States, 2013). In this paper, our approach in defining STEM is similar to that of
ACT. We include medical and health sciences, but exclude social sciences.

Purpose of this Study

Demographic factors such as age (Mau, 2003), gender (Sadler et al., 2012), and race/ ethnicity (Riegle-Crumb &
King, 2010) have been established as important variables in STEM career pathways research that use expectancy-
value theory. Differences among demographic groups have been found not only across core academic areas such
as mathematics and science, but also within sub-disciplines in science (Drechsel et al., 2011). Research to date points
to divides between biological and physical sciences (cf., Tai et al., 2006) and their relationship to medical/health
career pathways (cf., Sadler et al., 2012). Findings such as these highlight the importance of utilizing a broad
taxonomy of STEM career pathways, such as the one ACT (2009) has defined. Further exploration is also needed
regarding how students perceive the relationships between various STEM career paths - do they think of various
STEM career pathways similarly or differently? Also, research looking at the relationship of STEM academic areas
to career pathways needs to include the ‘21st century skills” (PTCS, 2005) that have been operationalized through
explicit academic instruction in engineering and other areas of K-12 STEM education (NAE, 2014; NGSS Lead
States, 2013).

The following research looks to address some of the important questions in STEM career pathways research by
examining a large-scale, cross-sectional sample of students who have been exposed to new academic trends in
integrative STEM education. In addition, this work will be done by looking holistically across all STEM academic
areas and a broad range of career pathways. The research will develop a model that incorporates key demographic
factors of age, gender, and race/ethnicity. In doing this work, the following two questions will be asked:

1. How do STEM career paths cluster based on student interest?

Answering this first question sets the stage for looking at the relationship of these clusters and STEM academic
areas:

2. What is the relationship between attitudes (self-efficacy and outcome expectancy) in STEM academic areas
and STEM career interests?

For this second question, the following sub-questions will be addressed:
=  What is the relationship between STEM academic attitudes and STEM career interest?

* How do attitudes towards 21st century skills relate to STEM career interest?
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Table 1. Sample Items from the Four Attitudinal Constructs

Construct Sample Items

| am sure of myself when I do science.

| will need science for my future work.

| am the type of student to do well in math.

| would consider choosing a career that uses math.

| like to imagine creating new products.

| believe | can be successful in a career in engineering.
| am confident | can lead others to accomplish a goal.
| am confident | can set my own learning goals.

Science

Mathematics

Engineering and Technology

21st Century Skills

* How do demographic variables of age, gender, and race/ethnicity relate to STEM career interest?

* Do these predictors differ based on career cluster?

METHODS

To explore the relationships between primary and secondary students’ self-efficacy and outcome expectancy
for science, technology, engineering, and mathematics attitudes, and their interest in STEM career fields, our study
examined a large sample of students in schools in their first and second years implementing STEM education
programs. With important policy questions being asked regarding implementation and efficacy of STEM
educational programs, this sampling strategy allowed us to explore these baseline attitudes and interests of
students at the front edge of long-term STEM program implementations.

Survey Instrument

To better understand the relationships between students” STEM self-efficacy and expectancy values and career
interests, as well as the relationships between these attitudes and interests and other demographic, attitudinal, and
experiential factors, we developed and administered the Student Attitudes toward STEM (S-STEM) Survey to over
15,000 public school students in the state of North Carolina, USA. The S-STEM Survey has a middle and high school
version appropriate for 6th through 12th grade students and an upper elementary version for 4th and 5th grade
students. Psychometric tests, including exploratory and confirmatory factor analysis, showed that the attitudes
constructs and career interest items were valid and reliable (Cronbach’s Alpha ranged from .83 to .92), and tests for
measurement invariance demonstrated that the survey measures the same information in the same ways across
students of different ages, races/ethnicities, and genders. More recently, the instrument has been translated to
Turkish and revalidated for use in STEM attitudinal research in that country (Yerdelen, Kahraman, & Tas, 2016;
Yildirim & Selvi, 2015). More detailed information about the development and validation of the S-STEM Survey
can be found in Unfried, Faber, Stanhope, and Wiebe (2015); the sample used in this article was also used for the
confirmatory factor analysis and measurement invariance testing for instrument validation.

Attitudes constructs

In the S-STEM Survey three constructs measure student attitudes toward all four primary STEM subjects:
science (9 items), mathematics (8 items), and engineering/technology (9 items). Each item uses a five-point Likert
scale from strongly disagree to strongly agree and asks students to agree or disagree with both self-efficacy items, such
as ‘I am sure I could do advanced work in math,” and expectancy value items, such as ‘I will need a good
understanding of math for my future work.” Sample items can be seen in Table 1. Based on our literature review,
at the recommendation of subject matter experts, and with supporting evidence from related psychometric tests
(e.g., NAEP, 2014), we intentionally combined items measuring engineering and technology attitudes into one
construct. This reasoning was driven in part by the conflation of engineering and technology as both an academic
field of study and career path by policy makers and the public press. While technology and engineering are
understood as separate career paths for professionals in these areas, this distinction is likely lost on K-12 students.
For example, in the US, K-12 engineering education is often taught by technology education teachers (cf., ITEEA,
2018). A fourth construct measures students’ attitudes toward 21st century skills, using the same five-point Likert
response scale (see Table 1).

Career interest section

The S-STEM Survey measures student interest in twelve STEM career pathways: physics, environmental work,
biology and zoology, veterinary work, mathematics, medicine, earth science, computer science, medical science,
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chemistry, energy, and engineering. These pathways were developed from a set of 43 pilot items that were based
on the U.S. Bureau of Labor Statistics (2011) Occupational Outlook Handbook, and then refined using exploratory
factor analysis. The career interest section uses a four-point Likert scale from not at all interested to very interested.
We were careful to include titles of occupations that require four-year and graduate degrees, as well as titles of
occupations that require two-year degrees or similar levels of training and preparation. One item reads, for
example, ‘Computer Science: consists of the development and testing of computer systems, designing new programs and
helping others to use computers. (computer support specialist, computer programmer, computer and network technician,
gaming designer, computer software engineer, information technology specialist).”

Academic or external items

To partially account for external factors that may affect student interest in STEM, the survey includes four items
asking students whether or not they know adults working in STEM fields. To account for students” more immediate
expectations for their academic performance in science and mathematics, the survey asks students how well they
expect to do in their science and mathematics classes in the coming semester (Not Very Well, OK/Pretty Well, or Very
Well). This variable also serves as a proxy for student academic performance, since we were not able to collect data
on students” grades or other academic achievements. Because literacy is recognized as central to success in STEM
academic areas (Yore, Bisanz, & Hand, 2003), we also measured their near-term academic performance expectations
for their English class.

Demographic items

Given the preponderance of research findings suggesting that age, race/ethnicity, and gender play important
roles in student attitudes toward STEM subjects and interest in STEM careers over time, we included these
demographic items in the S-STEM Survey. In this study we used the student’s grade-level as a proxy for their age.

Sample

The S-STEM Survey was administered to 15,155 fourth through twelfth grade students in North Carolina public
schools that were in their first and second years implementing STEM-focused education initiatives. Of those
students 11,850 were in 118 schools across multiple school districts implementing STEM programs that were funded
by a state-based foundation, and 3,305 students were in 13 schools implementing a ‘STEM school’ program led by
a single district. The students completed the S-STEM survey online during the 2012-13 school year. This survey was
administered anonymously, with only grade and school information collected. There is an approximate response
rate of 69.1% for the first grant initiative and 66.2% for the second initiative.

Approximately 1% of the surveys had no variation in responses across all items, indicating student disinterest,
and were removed from the dataset. Of the 15,009 survey responses remaining after cleaning, 90.7% of responses
had no missing data. Missing data percentages for each survey item ranged from 0.0% to 5.9%, with a mean of
2.67% and standard deviation of 1.9%. Missing values were imputed using the EM algorithm in SAS/STAT®
software, Version 9.4 (Truxillo, 2005).

Survey respondents were 1) 50.8% male and 49.2% female, and 2) 55.8% Caucasian, 16.5% African American,
12.8% Hispanic/Latino, 4.7% Multiracial, 4.6% Other, 3.1% American Indian/Alaskan Native, and 2.4%
Asian/Pacific Islander. This demographic distribution deviates somewhat from the current North Carolina state
(64.0% Caucasian, 21.5% African American, 8.9% Hispanic/Latino; USCB, 2016) and U.S. national distributions
(62.0% Caucasian, 12.6% African American, 17.3% Hispanic/Latino; USCB, 2016). In addition, our sample contains
higher proportions of 5th through 8th grade students than is found statewide in North Carolina (NCDPI, 2009).
The grade distribution can be seen in Table 2.
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Table 2. Distribution of Grade for Survey Respondents

Grade Frequency %
4 1442 9.6
5 3074 20.5
6 1738 11.6
7 2475 16.5
8 3912 26.1
9 559 3.7
10 316 2.1
11 1303 8.7
12 190 1.3

Total 15009 100

Cluster Analysis

The first objective in this study was to examine how career paths cluster based on student interest. In particular,
we were interested in whether the clusters we found would follow previously seen bifurcations of biological versus
physical sciences (e.g., Miller, et al., 2006; Sadler, et al., 2012), and where clinical professions such as medical and
veterinary science fall in comparison to other traditional STEM fields. To answer these questions, cluster analysis
was used to group the 12 S-STEM career interest survey items. Since the career items are ordinal variables,
clustering of variables was completed on the Spearman correlation matrix using hierarchical oblique principal
component cluster analysis in SAS/STAT® software, Version 9.4 (SAS Institute Inc., 2014). The clusters were
created hierarchically, starting with one cluster, until each cluster had only a single eigenvalue greater than one.
Once the career clusters were found, student scores for each item within a cluster were averaged together to create
a career cluster score for each student on each career cluster.

Multiple Linear Regression

The second objective of this study was to examine the relationship between attitudes in STEM academic areas
and STEM career interests. This relationship can be assessed using multiple linear regression analysis with a career
cluster score as the dependent variable. We employ variable selection techniques to identify the variables that are
the strongest predictors of career cluster scores.

Dependent variables

For each career cluster found, a separate regression analysis was run using the career cluster score described
previously. This allowed for comparisons in predictors resulting from the variable selection process. We chose to
use a career cluster score rather than predicting 12 individual career interests. Working with pre-college students,
we concluded it was better to look broadly at the relationship of attitudes to career interests, since students’
comprehension of specific occupations grows over time (Watson & McMahon, 2005) and is unlikely to have
matured in the younger grades. Also, students do not necessarily study specific STEM careers in school, but rather
study STEM academic subject areas, which may better map to STEM career clusters than individual professions.

Independent variables

Theoretic, statistical, and pragmatic considerations guided how variables were combined or simplified to
reduce the number of variables under consideration in the models. First, a mean construct score was calculated for
each student on each of the four attitudes factors. These scores range from 1 to 5. Race/ethnicity was redefined as
a dichotomous variable representing overrepresented and underrepresented students. Based on current
demographic analyses (e.g., Beede et al., 2011), Caucasian and Asian students were categorized as overrepresented
in STEM, and all other races/ ethnicities were categorized as underrepresented in STEM. Four items asking students
if they know any adults who work as a scientist, mathematician, engineer, or technologist, were combined into one
variable. This new ordinal variable, STEM Adults, is a measure, on a scale of 0 to 4, of breadth of exposure a student
has to adults working in STEM fields. With these simplified variables, plus grade, gender, and three academic
outcome expectancy items, 11 variables from the survey were considered as independent variables for predicting
STEM career clusters. Lastly, an “Initiative’ variable was included to account for any affect that sampling from two
different grant initiatives may have. This gives a total of 12 main effects considered for the regression model, all of
which are listed in Table 3.
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Table 3. List of main effects considered in each multiple linear regression model
Variable Name

Science Attitudes®

Mathematics Attitudes®

Engineering/Technology Attitudes®

21st Century Skills Attitudes®

Race/Ethnicity

STEM Adults®

Grade®

Gender

Initiative

Science Academic Outcome Expectancy®

Mathematics Outcome Expectancy®

English/Language Arts Academic Outcome Expectancy©

Note: 'c’ indicates the variable is treated as continuous in the regression model.

Table 4. List of Career Interest Items Included in Each Cluster

CoreSTEM Cluster Bio/Med Cluster
Physics Biology and Zoology
Environmental Work Veterinary Work
Mathematics Medicine
Earth Science Medical Science
Computer Science
Chemistry
Energy
Engineering

We also considered possible two-way interactions between these independent variables. This is especially
important in order to test if the relationship between STEM attitudes and STEM career interests differs across key
demographic groups. Lastly, we considered quadratic terms for each of the continuous independent variables to
account for possible non-linear trends. All continuous independent variables that did not have a natural
interpretation at zero were centered around their total means (attitudes construct scores, grade, and academic
outcome expectancy items). Centering continuous variables prior to regression analysis can make parameter
estimate interpretations more interpretable, and is also important when considering interaction or quadratic terms
to reduce the effects of collinearity (Jaccard & Turrisi, 2003).

Stepwise variable selection

Due to the large number of variables under consideration in the model, it was not feasible to include all possible
variables in the model. Although expectancy value theory gives us the general form of a theoretical model that
could be tested (attitudes, demographics and academic expectancies for predicting career interest), the basic
framing of expectancy value theory does not give us enough specificity to determine which interaction or quadratic
terms should be included in the model. Further, even if we were to prefer a theoretical model, our large sample
sizes would lead to finding almost every term significant. Driven by our intent to identify the variables that are the
strongest predictors of STEM career interest, as well as the need to reduce the number of terms for model
interpretation, we employed stepwise variable selection methods to select a subset of independent variables. At
each step, stepwise selection adds or removes the variable that gives the greatest improvement to the overall model
fit. We followed the hierarchical principle, which states that we should not include interaction effects or quadratic
terms without also including the related main effects (James, Witten, Hastie & Tibshirani, 2013). The procedure
ends when a stopping criterion is reached. We chose to avoid the use of p-values in selecting variables since our
large sample size almost always resulted in significant p-values. Instead, we used the Bayesian Information
Criterion (BIC; Schwarz, 1978) as our method for assessing model fit at each step, and initially used it as the final
stopping criteria as well.

RESULTS

Cluster Analysis

The 12 S-STEM Career Interest items were analyzed using cluster analysis. The resulting structure showed two
clusters explaining 49.2% of total variation in the data (Table 4).
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Table 5. Total Means for each Attitudes Construct and Career Cluster, Across Demographic Variables
Engineering/ 21st Century

CoreSTEM Bio/Med Mathematics Science

Cluster Cluster Attitudes Attitudes Tech.nology S,k ills

Attitudes Attitudes
Total 2.30 247 3.53 344 345 4.00
Gend Male 248 2.29 3.57 3.47 3.73 3.92
ender Female 2.13 2.65 3.48 341 3.16 4.09
Race/ Over-represented 2.28 2.47 3.57 3.50 3.45 4.02
Ethnicity Under-represented 2.34 2.46 3.47 3.36 3.45 3.97
4 2.56 2.66 3.67 3.46 3.57 4.03
5 2.51 2.59 3.69 3.52 3.64 4.04
6 2.35 2.46 3.55 5.53 348 3.98
7 2.24 242 3.50 343 3.44 3.97
Grade 8 217 2.39 345 3.38 3.33 3.97
9 2.16 2.34 3.41 3.48 3.36 3.92
10 213 2.35 3.32 3.29 3.22 3.87
11 2.14 2.38 3.37 3.39 3.33 4.12
12 2.11 2.39 3.24 3.29 3.28 3.97

Standard Deviation Range (0.61, 0.70) (0.70,0.75) (0.81,1.03) (0.73,0.89) (0.77, 0.88) (0.59, 0.73)
Note: Means given are total means, prior to centering variables

Results from the cluster analysis suggest that students tend to think of STEM career areas in two groups.
Students tend to associate physics, environmental work, mathematics, computer science, chemistry, energy, and
engineering with each other. We have chosen to call this cluster ‘CoreSTEM,” as it contains the majority of subject
areas that are commonly considered a part of STEM. Alternatively, students tend to associate biology, zoology,
veterinary work, medicine, and medical science with each other. We call this cluster “Bio/Med” since it includes
both biology and medical careers.

A CoreSTEM cluster score and a Bio/MEd cluster score were calculated for each student, as the mean of the
items included in each respective cluster. Career cluster scores range from 1 to 4, 1 indicating no interest in the
cluster and 4 indicating high interest in the cluster.

Descriptive Statistics

Means for each career cluster and attitudes construct are shown in Table 5, in relation to the demographic
variables gender, race/ethnicity, and grade. Further, the mean grade was 7, mean English academic outcome
expectancy score was 2.38, mean Mathematics academic outcome expectancy score was 2.34, and the mean Science
academic outcome expectancy score was 2.39.

Stepwise Selection

Using the BIC as a stopping criteria resulted in 21 effects entered into the CoreSTEM model and 19 entered into
the Bio/Med model, aside from the intercept. In both cases, this was too many variables to allow for interpreting a
parsimonious solution. Further, the later additional variables only made marginal changes in the values of the BIC
and the adjusted R2. Our interests lie with which effects are the strongest predictors of career interest. Therefore, we
made the decision to stop selecting variables after 10 effects (plus the intercept) had been added to each of the
models. For both the CoreSTEM and Bio/Med models, retaining the additional effects selected by the BIC would
have only increased the adjusted R2 value by 0.01. Unselected variables may be statistically significant, but for our
purposes they are not practically significant.

Tables 6 and 7 show the order in which the 10 selected effects entered the CoreSTEM and Bio/Med models
respectively. Similarities in the two models are that 1) engineering/technology and science attitudes are among the
top three predictors in both models; 2) grade and gender are in the top five predictors in each model; and 3) 21st
century skills attitudes appears in the top 10 for both models. Differences between the two models are that 1) while
mathematics attitudes is in the top five for the CoreSTEM model, it is not in the top ten for Bio/Med, nor was it
among the 19 variables selected based on BIC for Bio/Med; 2) race appears in the CoreSTEM model but not in the
Bio/Med model; 3) STEM Adults is a top 10 predictor of CoreSTEM but not of Bio/Med. The Bio/Med model also
has more interaction terms in the top ten than the CoreSTEM model. Also note that those items missing from the
top ten items for both models include how students expect to do in their coursework that year and the ‘Initiative’
variable.
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Table 6. Stepwise Selection Results and Parameter Estimates for CoreSTEM Model

Step Effect Entered Adjusted R? BIC Estimate SE
0 Intercept .000 -12,595 2.21 0.010
1 Engineering/Technology Attitudes .342 -18,873 0.34 0.006
2 Science Attitudes 383 -19,826 0.19 0.006
3 Grade 402 -20,275 -0.05 0.002
4 Mathematics Attitudes 412 -20,538 0.09 0.005
5  Gender (Male) 421 -20,745 0.11 0.009
6  Grade? 426 -20,868 0.01 0.001
7 Race/Ethnicity (Overrepresented) 430 -20,962 -0.08 0.008
8  Science Attitudes * Engineering/Technology Attitudes 433 -21,032 0.05 0.005
9  STEM Adults 434 -21,071 0.02 0.003
10 21st Century Skills Attitudes 437 -21,119 -0.06 0.007

Note: Gender uses 'Female’ as the reference level. Race/Ethnicity uses ‘Underrepresented’ as the reference level. All p-values are < .0001

Table 7. Stepwise Selection Results and Parameter Estimates for Bio/Med Model

Step Effect Entered Adjusted R? BIC Estimate SE
0 Intercept .000 -9,199 2.66 0.010
1 Science Attitudes 138 -11,430 0.29 0.007
2 Gender (Male) .207 -12,666 -0.41 0.012
3 Engineering/Technology Attitudes 218 -12,861 0.07 0.008
4  Grade .225 -12,991 -0.04 0.003
5  Grade? .228 -13,047 0.01 0.001
6 Grade * Science Attitudes 232 -13,107 0.04 0.003
7  Grade * Engineering/Technology Attitudes .236 -13,169 -0.03 0.003
8 21st Century Skills Attitudes 238 -13,206 0.08 0.009
9  Engineering/Technology Attitudes? .240 -13,247 -0.05 0.006
10  Science Attitudes * 21st Century Skills Attitudes .243 -13,282 0.06 0.009

Note: Gender uses ‘Female’ as the reference level. All p-values are < .0001

Multiple Linear Regression

Assumptions

All statistical assumptions are met for multiple linear regression. For both regression models, residual plots
show a linear trend, independence of residuals, and homoscedasticity. The QQ plots indicate that approximate
normality holds. Bivariate correlations of all centered independent continuous variables used in either regression
model show no indication of multicollinearity, with the highest correlation being .37 between Grade and Grade-
squared, the quadratic term for Grade (Tabachnick & Fidell, 2001, p. 82).

CoreSTEM regression model

The CoreSTEM model has an adjusted R2 of 437. The parameter estimates can be seen in Table 6. Science,
Mathematics and Engineering/Technology attitudes are all positively related to CoreSTEM, with
Engineering/Technology being the strongest effect and Science second. The positive interaction term indicates that
higher Science attitudes means a stronger effect of Engineering/Technology attitudes on CoreSTEM interest.
However, on average we see a slight decrease in CoreSTEM interest as 21st Century Skill attitudes increases. Also
a number of demographic variables have unique contributions to the model. First, Male interest is higher than
Female interest. In addition, underrepresented groups have a higher interest than overrepresented groups.
Interpretation based on the size and sign of the Grade parameter estimates, CoreSTEM interest decreases with age,
but it levels off at older grades.

Bio/Med regression model

The Bio/Med model with 10 effects had an adjusted R?2 of .240. The parameter estimates can be seen in Table 7.
Both Science and Engineering/Technology attitudes are positively correlated with Bio/Med interest, as they were
with CoreSTEM. Science has the largest effect in this model and is also an important variable in the CoreSTEM
model. In a reverse of the CoreSTEM model, male interest is lower than female interest in Bio/Med careers. As with
the CoreSTEM model, Bio/Med interest decreases as grade increases, then levels off in older grades. However,
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there are additional grade interaction terms with Science and Engineering/Technology terms that work in opposite
directions. As grade increases, the association between Science attitudes on Bio/Med interest increases while the
association between Engineering/Technology attitudes on Bio/Med interest decreases. Rather than the interaction
of Science and Engineering/Technology attitudes seen in the CoreSTEM model, the Bio/Med model shows that
higher 21st Century Skills attitudes is associated with a stronger effect of Science attitudes in the Bio/Med model.
Both Race and STEM Adults were important in the CoreSTEM model but do not appear in the final Bio/ Med model.

Notably, Mathematics attitudes was not selected as a predictor of Bio/Med career cluster interest. In fact, when
we examined the full sequence of variables using no stopping criteria, mathematics attitudes did not enter the
Bio/Med model until the 45th step. Additional analysis showed that forcing Mathematics attitudes into the model
offered no improvement in model fit.

DISCUSSION

Our analysis provides important complimentary analysis to the body of research concerning STEM career
pathways for elementary and secondary school children. In that regard, this work provides useful contrasts in terms
of sample population and methodological approach while still utilizing common educational policy-driven
motivations and underlying psychological models. By taking our approach, we provide, broadly speaking,
triangulating evidence on key factors influencing STEM career pathways for young students.

An important distinction of our study relative to other work was the ability to collect data across all STEM
academic and career areas. In doing so, we were able to examine student responses across science, mathematics,
engineering/technology, and related STEM practices with a contemporary sample of students who have been
exposed to recent educational trends, including increased emphasis on engineering practices in K-12 education. In
doing so, we can compare prior findings regarding the relationship of the psychological constructs found in
expectancy-value theory (Eccles & Wigfield, 2002) and singular STEM disciplinary areas (e.g., mathematics) to our
findings across all STEM areas.

Concerning the first research question, How do STEM career paths cluster based on student interest?, our findings
reinforce prior research that students across key demographic factors perceive biological and physical science
career paths differently (cf., Drechel et al., 2011; Riegle-Crumb & King, 2010; Sadler et al., 2012), while also
expanding the taxonomic reach of the findings. In addition to looking across physical and biological sciences,
clinical professions with a biological basis (i.e., medical and veterinary fields) were shown to cluster as part of the
Bio/Med cluster. Similarly, inclusion of mathematics and engineering allows us to see how these career areas
clustered relative to science fields. Applying our own interpretive lens to the cluster findings, career areas that
focused on living things largely separated themselves from these dealing with the inanimate. While certainly many
finer distinctions could be made within fields such as Environmental Work or Earth Science that contradict this
classification, based on the broader brush reinforced by the career definitions we provided, this largely holds true.
Perhaps troubling in this conclusion is that areas such as engineering, in fact, have highly varied career
opportunities, many of which do directly impact animals and humans. For example, biomedical engineering is a
particularly fast growing area of engineering. Finally, perhaps another important finding that reinforces the
conclusion that students view these two clusters of career areas differently is that the stepwise selection revealed
important differences in terms of which variables were significantly related to each cluster, and the relationship of
these predictor variables to cluster scores in the regression.

Addressing the second research question, What is the relationship between attitudes (self-efficacy and goal expectancy)
in STEM academic areas to STEM career interests?, we first look at overarching findings and then focus on the sub-
questions. Stepwise selection using the BIC criterion proved to be a productive approach, though a cut-off of
independent variables analyzed had to be applied to focus the analysis. The emergence of two career clusters
resulted in important findings regarding the distinction between which variables were selected for each multiple
regression model —both in regards to which were common, and those that were not, across clusters — and the results
of the parameter estimates.

Addressing the overall question, What is the relationship between STEM academic attitudes and STEM career
interest?, for those academic areas included in the two models, all the relationships between attitude, represented
by constructs from expectancy-value theory, and career expectations were positive. Perhaps the most important
finding is the place of mathematics attitudes relative to the other STEM areas. Both Engineering/Technology and
Science appeared in the top five selected for both clusters, while Mathematics only appeared lower in the
CoreSTEM model and was absent from the Bio/Med model based on our stepwise selection method. This finding
is supported by Tai and colleagues (2006), who came to a similar conclusion as to the lack of a significant
relationship of mathematics achievement and pursuing a biological sciences career path. It is also supported by
Yerdelen and colleagues (2016), who found a positive relationship between mathematics attitudes and CoreSTEM
career areas for Turkish middle grades students. For education experts with knowledge of mathematics” critical
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value across all STEM career areas, it is perhaps disconcerting that there seems to be disconnect between
mathematics self-efficacy and outcome expectancy beliefs and interest in Bio/Med career areas, many of which
require strong mathematics abilities. Our investigation of the mathematics variable with the Bio/Med model
revealed that including mathematics attitudes offers no improvement in the fit of the model. Another interesting
finding across both models was the fact that short-term performance perceptions of STEM coursework in science
and mathematics did not figure prominently in the models. This is a finding that will need more theorizing and
data collection to guide further conclusions.

The question, How do demographic variables of age, gender, and race/ethnicity relate to STEM career interest?, provided
equally interesting findings, with each demographic factor deserving its own analysis. Grade as a primary and
quadratic term was present in both models, supportive of the general conclusion that students” attitudes towards
STEM careers are not static over their primary and secondary schooling (cf., Beal & Crockett, 2010; Mau, 2003).
However, the regression models show that while interest for both clusters decreases with age, it levels off for high-
school-aged students. This leveling, or stabilizing, corresponds with prior research looking across high school
grades with regards to future STEM career interests (Sadler et al., 2012). As noted by researchers, the causes behind
this trend are likely complex and the result of numerous internal and external factors. We surmise that both a
growing maturity of understanding of STEM careers coupled with a richer understanding of their own abilities and
interests tightens students’ focus around particular career trajectories, both within and outside of the STEM domain.

This self-selection process is seen in other demographic factors. Gender showed significantly different interest
levels for the two clusters: males higher for CoreSTEM and females higher for Bio/Med. The presence of gender in
both of the models was supportive of prior research using expectancy-value models (e.g., Simpkins et al., 2006;
Watt et al., 2012) that has found broad support that males and females perceive STEM academic and career areas
differently. This finding parallels a larger body of literature (e.g., Caleon & Subramaniam, 2008; Miller et al., 2006;
Osborne et al., 2003; Sadler et al., 2012; Watt et al., 2012) that has concluded boys and girls have differing attitudes
towards STEM academic and career areas, and that girls generally favored the biological sciences while the reverse
was true for physical sciences. As noted previously, we have added to this literature by being able to associate
clinical sciences with the biological sciences, and engineering with physical sciences. However, it is interesting to
note that the lack of interaction with age seems to diverge from findings in older studies (cf., Andre, Whigham,
Hendrickson, & Chambers, 1999; Greenfield, 1997) that found age and gender may interact in such a way as to
cause a shift in gender differences as students get older.

Important differences were seen in the two regression models with regards to race/ethnicity. In looking at
differences in career interest based on race and ethnicity, it is important to remember that our population was
divided into over- and underrepresented populations (Beede, 2011) based on analysis of the current workforce,
with African-Americans and Hispanics making up a large majority of the underrepresented population and
Caucasians the majority of the overrepresented group. In the CoreSTEM model, race/ethnicity was selected and
showed that underrepresented groups had a stronger interest in CoreSTEM careers than the overrepresented
group, when all other variables were taken into account. In contrast, race/ethnicity was not selected for the
Bio/Med model. This finding parallels findings by Riegle-Crumb and King (2010) that this racial/ethnic disparity
in STEM career interests can be seen more readily in physical sciences and engineering than in the biological
sciences, though perhaps not in the direction that would be expected based on actual workforce demographics. It
is perhaps the broad sampling of students of all abilities that causes our findings to diverge from other studies, and
calls for closer scrutiny of the experience of underrepresented populations as career directions are formalized.
Byars-Winston et al. (2010) found a differing relationship between self-efficacy and career goals between biological
science and engineering undergraduate majors from underrepresented groups. However, where their work found
the significant relationship between biological science majors and self-efficacy, our findings found this relationship
based on race/ethnicity in the CoreSTEM (including Engineering) model. This may point to a different set of
contextual factors at work at younger ages. It is worth pointing out that knowing adults that worked in STEM fields
was also only a significant factor in the CoreSTEM model.

These demographic variable findings diverge with some prior research. Maltese and Tai (2011) found no effect
of gender and race on personal goals while Andersen and Ward (2013) found no significant relationship of gender
and subjective task values. Given that both these longitudinal studies used high-achieving college-bound sample,
differences in their samples and ours may be an important part of the explanation for the differences.

Addressing the question, How do attitudes towards 21st century skills relate to STEM career interest?, we start by
noting that 21st century skills was selected for both regression models. However, this factor was negative in the
CoreSTEM model while having an interactive relationship in the Bio/Med model. A negative relationship in the
CoreSTEM model perhaps contradicts the popular association of these practices with physical sciences (including
engineering). In the Bio/Med model, 21st century skill attitudes interacts with science attitudes, the strongest
predictor in the model, such that increasing 21st century skill attitudes strengthens the positive relationship
between science attitudes and Bio/Med career interests. Lack of deep prior literature makes it difficult to assess the
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implications of these findings regarding 21st century skill attitudes. However, these findings point to the fact that
student attitudes towards these science and engineering practices have a significant relationship to STEM careers
that differs based on career area.

There are a number of important implications for supporting students along STEM career trajectories. First and
foremost, our work reinforces findings that students, as young as elementary grades, are forming attitudinal
associations between their academic and life experience and future STEM career options. These associations are not
monolithic, with STEM career interests dividing into two main groups with attitudinal relationships unique to each
grouping. Our findings, supported by prior literature, demonstrate that boys and girls, and members of
underrepresented populations, bring their own unique lenses to their relationship to STEM career areas. These
differences need to be respected and addressed if the future STEM workforce, across all areas, is going to be
representative of our population. There is concern that there is a demonstrated disconnect between mathematics
and key STEM areas represented by the Bio/Med cluster. It perhaps points to the need for more and better modeling
of how mathematics relates to both other STEM academic areas and future STEM career trajectories, especially
those related to the Bio/Med cluster. Similarly, findings related to 21st century skills highlights the need to explore
the relationship of students” actual school experiences with different STEM academic areas and how it shapes their
perceptions of STEM career areas. It could be that the actual modeling of these practices (or the lack thereof) in K-
12 classes is a negative rather than positive factor in shaping attitudes. These challenges have particular importance
in the middle grades, where stronger attitudinal shifts away from STEM careers seem to be taking place.

A number of limitations must be addressed for in order to best draw conclusions and address future areas of
research. Regarding the sample, unlike many of the longitudinal studies utilizing national educational databases,
our study utilized a cross-sectional sample of North Carolina public school students that are involved in school-
based STEM education initiatives, though most of these initiatives were in their first year at the time of this survey.
Although we do not have a reason to believe that North Carolina students differ than the rest of the nation in
regards to their STEM attitudes and interest, it is possible. Our sample also differs somewhat in terms of
racial/ethnic distribution from both current state and national statistics. Students in our sample may have been in
STEM-focused schools, but this focus was not a specific treatment, nor was it analyzed for degree or consistency of
exposure. However, these students are likely to have higher-than-average exposure to STEM career pathway
options. Future research might aim to compare students in STEM-focused schools with those from the general
population. Further, due to the nature of the initiative grants involved, our sample does not perfectly mirror the
distribution of age for North Carolina public school students; in particular, high school students are slightly
underrepresented. Further, our survey did not directly measure socioeconomic status, academic proficiency, or
parental influence, all of which previous literature has shown may have an affect on student interest in pursuing
STEM careers. Our hope is that future work will be able to link attitudes and career interest to these other factors
to create a more comprehensive view of effects. For example, the adjusted R2 value of .24 for the Bio/Med model
indicates that, although much variance is explained by the independent variables, other unmeasured variables also
contribute to the explanation of Bio/Med career interest. Another enlightening area of future research would be to
explore student attitudes toward non-STEM careers instead of solely STEM careers. This would give a more
complete picture of K-12 student career interest, giving insight into whether or not the trends we saw were unique
to STEM, such as the overall decline in STEM career interest for older students. Another research goal is to link S-
STEM survey data with future decisions about attending college and selecting a college major, all leading to a more
complete picture of how student attitudes, starting even in elementary school, can lead to certain college outcomes
and STEM careers.
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