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ABSTRACT

Expectancy-value theory of motivation (EVT) suggests that student values influence their
likelihood of putting in the effort required to learn, and these values can be shaped by
student characteristics, such as their experiences, sociodemographics, and disciplinary
norms. To understand the extent to which these characteristics relate to students’ values,
we surveyed 1162 graduating science, technology, engineering, and mathematics (STEM)
students across four universities using the previously developed and validated Survey of
Teaching Beliefs and Practices for Undergraduates (STEP-U). The STEP-U survey included
Likert questions to capture students’ values of 27 cross-disciplinary skills and the frequen-
cy with which they experienced 27 instructional methods thought to develop particular
skills. Exploratory factor analyses (EFA) showed an understandable factor structure for
both students’ perceived value of cross-disciplinary skills and frequency of classroom
experiences. Using multiple regression, we identified differences in values that were as-
sociated with classroom experiences, STEM discipline, participation in undergraduate re-
search, and student sociodemographics. Findings were generalizable across institutions
and disciplines. The theoretical framework (EVT), the broad data collection (four institu-
tions with multiple disciplines), and the type of data analyses (e.g., EFA) used provide theo-
retical, methodological, and practical contributions and suggest additional directions for
future research.

INTRODUCTION

Within the last decade, there have been efforts to continuously grow undergraduate
enrollment in science, technology, engineering, and mathematics (STEM) disciplines
(President’s Council of Advisors on Science and Technology, 2012). However, there is a
concern about the graduates’ preparedness for the workforce (Hart Research Associates,
2015; McGunagle and Zizka, 2020). As such, more research is required across STEM
disciplines to broaden what and how we think about student outcomes as they relate to
postgraduate student success. Student success within undergraduate STEM programs
and in postgraduate careers relies not only on gaining content knowledge but also on a
variety of skills such as communication, critical thinking, and lab techniques (American
Association for the Advancement of Science, 2011; American Chemical Society, 2015;
Heron and McNeil, 2016). For the purposes of this study, we will use the term “cross-dis-
ciplinary skills” to describe a set of skills that include those deemed most important
across students, faculty, and employers as described in the Literature Review. From a
motivational perspective, it is vital to understand the degree to which students value
these cross-disciplinary skills, as student values influence their likelihood of dedicating
the necessary effort toward acquiring these skills (Wigfield and Eccles, 2000).
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Previous work has explored the extent to which students
value a variety of skills (e.g., Demaria et al., 2018; Marbach-Ad
et al., 2019); however, there are two gaps in this research. First,
although there is a body of research that suggests that students’
values of cross-disciplinary skills are shaped by the experiences
they have before graduation (e.g., Gilmore et al., 2015; Demaria
et al., 2018; Lavi et al., 2021; McGunagle and Zizka, 2020),
these studies are situated at single institutions, so it is unclear
whether the findings are generalizable beyond their original
context. There has also been little work teasing apart the differ-
ent impacts of these experiences (i.e., research experiences,
classroom experiences, and disciplinary affiliation) on student
values. Second, while conceptual models have been developed
and cross-disciplinary skills have been ranked in importance,
there is currently limited empirical research on how these skills
can be meaningfully organized. The lack of an overarching
organizational framework for skills important for STEM majors
limits researcher’s ability to synthesize, compare, and extend
previous work in this area.

In the present study, we use a large, cross-institutional and
cross-disciplinary sample to measure the extent to which grad-
uating undergraduate STEM students value a variety of
cross-disciplinary skills and identify an organizational structure
for these skills using exploratory factor analysis (EFA). Based on
this factor structure, we explore the influences of student
research experience, experience with specific classroom instruc-
tional practices, and disciplinary affiliation on the extent to
which students value skills important for the workplace.

LITERATURE REVIEW

In this review we first describe the characteristics of motivation
theory and its relationship to cross-disciplinary skills. We then
overview a categorization for cross-disciplinary skills and val-
ues important in STEM disciplines and the research describing
factors that may relate to students’ skill development. We then
bring these ideas together to present a conceptual framework
for understanding cross-disciplinary skill-based outcomes for
undergraduate STEM majors.

Motivation and Cross-Disciplinary Skills-Based Outcomes

If effort is required for learning then it follows that motivation
is also required, because students will not make that effort
unless they are motivated to do so. (Palmer, 2005, p. 1855)

To understand the importance of students’ values on their skill
development, we use the expectancy-value theory (EVT) frame-
work of motivation (Wigfield and Eccles, 2000), defined as “indi-
viduals’ choice, persistence, and performance [which] can be
explained by their beliefs about how well they will do on the activ-
ity and the extent to which they value the activity” (Wigfield and
Eccles, 2000, p. 68). There are two main components of motiva-
tion from the EVT framework: expectancy and value. Expectancy
beliefs are defined as belief in one’s ability to be able to complete
a task and include self-beliefs such as ability beliefs and self-effi-
cacy.! Value is defined as one’s belief in the importance of a task.

'There is some disagreement on whether ability beliefs and self-efficacy are sub-
sumed into expectancy beliefs. For more details, see Wigfield and Eccles (2000),
Pajares (1996), and Husain (2014).
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A plethora of research has sought to understand the impor-
tance of these motivational constructs on student performance
(e.g., Van Dinther et al., 2011; Cerasoli et al., 2014; Ferrell
et al., 2016). These studies suggest that student interest, also
called intrinsic motivation, is the most important motivational
characteristic predicting student performance. Other studies
have identified intervention strategies for improving motivation
(e.g., Curry et al., 2020; Hulleman et al., 2010), which include
emphasizing the value or allowing students to discover the
value in various tasks. While the findings are complex and
nuanced, these studies suggest that instructional practices that
promote students’ seeking value in learning, as opposed to the
instructor telling students the value of the learning, enhance its
value. Other work suggests that motivation and its impact on
learning may differ based on various student sociodemographic
characteristics such as gender and race (e.g., Macphee et al.,
2013; Roksa and Whitley, 2018). These studies suggest that
women and students who are historically underrepresented in
higher education are differentially impacted by motivational
constructs, to the detriment of their performance and per-
sistence. In other words, historically underrepresented students
and female students may benefit less from being motivated
than their majority counterparts.

Together, the research on motivation suggests that: 1) the
extent to which students value learning is the most important
component of motivation to promote learning, 2) opportunities
for students to discover why learning something is important
can improve the value of learning for them, and 3) other vari-
ables may influence students’ motivation for learning. In the
context of the present study, we seek to measure undergraduate
STEM students’ value of cross-disciplinary skills and the charac-
teristics that may relate to these values, such as course and
research experiences, as well as sociodemographic characteris-
tics. We do not presume to identify the different types of values
(e.g., cost, intrinsic) students have toward these skills. Rather,
we are using EVT to demonstrate the importance of these val-
ues for learning. In the following section, we review the research
on skill-based outcomes, values, and characteristics that are
associated with these skills.

Cross-Disciplinary Skills-Based Outcomes for
Undergraduate STEM Majors
Previous literature has identified a plethora of skills important
for STEM undergraduate students to develop and has sought to
organize them conceptually around various constructs. The
broadest conceptualization of these skills is 21st-century skills,
defined as “a broad set of knowledge, skills, work habits, and
character traits that are vital to the success in the future world”
(McGunagle and Zizka, 2020, p. 592). Twenty-first-century
skills were originally organized by Binkley and colleagues
(2012) into four main categories: ways of thinking, ways of
working, tools for working, and living in the world (p. 18-19).
Ways of thinking include skills such as creativity, critical think-
ing, innovation, and problem solving. Ways of working are
characterized by skills related to communication and collabora-
tion. Tools for working focus on information literacy and evalu-
ating sources and evidence. Finally, living in the world includes
skills related to personal and social responsibility.

Others have defined skills more narrowly based on what is
needed for STEM employment, called employability skills or
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workforce skills. For example, Siekmann (2016) organized
employability skills into technical skills (e.g., STEM and non-
STEM skills), cognitive skills (e.g., creativity, critical thinking),
and socioemotional skills (e.g., curiosity, empathy). Rayner and
Papakonstantinou (2015) organized employability skills into
vocational skills (e.g., ability to acquire and apply disciplinary
knowledge), generic skills (e.g., problem solving, critical think-
ing, communication), and interpersonal skills (e.g., teamwork,
confidence, ethics). Viskupic and colleagues (2021) organized
workforce skills into data skills (e.g., apply knowledge, analyze
data, evaluate and interpret data), disciplinary skills (e.g.,
spatial thinking, temporal thinking), communication skills
(e.g., teamwork, oral communication), and systems thinking
(e.g., build models, describe and analyze systems).

Cross-disciplinary skills are similar in scope to employability
skills, and the two terms are often used synonymously.
Marbach-Ad et al. (2016) organized cross-disciplinary skills
into two main groups: retention skills (e.g., skills for acquiring
facts, memorization) and transfer skills (e.g., applying knowl-
edge, problem solving, critical thinking). Even more narrow
than either employability or cross-disciplinary skills are STEM
research-based skills, which can be organized into communica-
tion skills (e.g., written and oral communication), literature
skills (e.g., identify and read research articles), data skills (e.g.,
collect and interpret data), and general lab skills (e.g., conduct
experimental procedures; Adedokun et al., 2013). In the only
study to organize skills empirically, Lavi and colleagues (2021)
used EFA to group 14 different 21st-century skills into three
categories: domain-general skills (e.g., critical thinking), soft
skills (e.g., collaboration, communication), and STEM-specific
skills (e.g., experimentation, systems thinking).

These studies demonstrate that there is no consensus on
how to categorize the different skills that undergraduate stu-
dents need to acquire, and while there are many overlaps in the
conceptually organized skills, there are also groupings that
appear to differ between studies (Table 1). For example, charac-
teristics that define Binkley et al.’s (2012) ways of thinking par-
allel the characteristics of Siekmann’s (2016) cognitive skills;
however, Rayner and Papakonstantinou’s (2015) generic skills
are a mix of Adedokun et al.’s (2013) ways of thinking/cogni-
tive skills and communication skills. Thus, there is no common
approach to defining or organizing these various skills. This
lack of commonality across studies makes it challenging to syn-
thesize the literature and fully understand what and how these
skills are important for undergraduate students’ postgraduate
success.

In addition to various approaches for conceptually organiz-
ing these skills, previous studies have sought to empirically rank
order skills important for undergraduate STEM majors from the
perspectives of students, faculty, and employers. For example,
Demaria and colleagues (2018) asked 197 senior biomedical
science majors to rank three employability skills they perceived
as most important to their future career. Students perceived
communication skills as most important, followed by critical
thinking and teamwork. Further, students perceived these skills
as significantly more important to their future employment
than disciplinary content knowledge and disciplinary skills. In a
study of 145 STEM faculty and 2345 graduating STEM stu-
dents’ perceptions of the importance of 10 cross-disciplinary
skills, Marbach-Ad and colleagues (2019) found that both fac-
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ulty and students held similar perceptions. The most important
skills for both groups were the ability to problem solve, apply
quantitative reasoning, acquire major concepts, and make deci-
sions based on evidence. The least important skills were being
able to memorize facts and the ability to work in groups.

The literature on STEM employers uses similar methods for
identifying the most desired skills. For example, McGunagle
and Zizka (2020) asked 250 manufacturing employers to rank
16 employability skills that were most important to STEM
undergraduate success in the workplace. The top four ranked
skills were the ability to be a team player, self-motivation, ver-
bal communication, and problem solving. In a study of 118
STEM employers, Rayner and Papakonstantinou (2015) asked
participants to rank a set of 10 employability skills and found
the four most important were the ability to apply relevant
knowledge, develop relevant knowledge, problem solve, and
think critically. Sarkar and colleagues (2016) surveyed 167
recent STEM graduates and 53 employers and asked them to
rate the importance of 20 different employability skills. Recent
STEM graduates identified communication skills, information
retrieval, ability to independently learn, and time management
as most important. In contrast, employers in the study identi-
fied adaptability, problem solving, critical thinking, being self-
driven, and teamwork as the most important skills.

While previous studies suggest that employer, faculty, and
student perceptions about cross-disciplinary skills are sometimes
divergent (e.g., Imafuku et al., 2018), there is consensus on the
importance of some skills. For example, students and faculty
identified knowledge acquisition and applying quantitative rea-
soning as the two most important skills (Marbach-Ad et al.,
2019), and employers perceived that development and applica-
tion of knowledge were skills vital for student success in the
workplace (Rayner and Papakonstantinou, 2015). Across stud-
ies, there appear to be six common skills universally perceived as
important: knowledge acquisition, knowledge application,
problem solving, critical thinking/decision making, communica-
tion, and collaboration/teamwork (Table 2). These common
important skills span the various frameworks to include general
skills but also research-based skills that span disciplines.

Despite these various conceptual frameworks and ranked
importance of a plethora of skills, there is no consensus on the
terms used to describe these skills nor is there an empirically
identified framework for organizing these skills. Further, only a
few studies, to our knowledge, have attempted to understand
the relationships between the various skills (Marbach-Ad et al.,
2019; Kogak, and Goksu, 2020; Lavi et al., 2021). One goal of
this study is to use an adapted version of a previously validated
survey, the Survey of Teaching Beliefs and Practices for Under-
graduates (STEP-U; Marbach-Ad et al., 2016), to measure stu-
dents’ perceived importance of a set of 24 cross-disciplinary
skills across four different institutions. Gathering data across
the institutions provides us with a sample size sufficient to con-
duct a factor analysis to understand the ways in which these
skills can be grouped and allows us to evaluate the generaliz-
ability of our findings.

Characteristics Related to Students’ Values and
Development of Cross-Disciplinary Skills

It is important to not only consider the types of cross-disci-
plinary skills necessary for student postgraduation success, but
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TABLE 2. Relative importance of six common skills identified in the literature®

Critical
thinking/

Participant Knowledge Knowledge Problem decision Collaboration/
type Study acquisition application solving making Communication teamwork
Student Demaria et al. (2018) 2 1 3

Marbach-Ad et al. (2019)® 3 1 4

Sarkar et al. (2016)® 2 5 6 1
Faculty Marbach-Ad et al. (2019)° 4 1 3
Employer McGunagle and Zizka (2020) 4 6 3 (oral) 9 (written) 1

Rayner and Papakonstantinou 2 3 4 5

(2015)
Sarkar et al. (2016) 2 3 5

aValues in the table represent the order of importance for these particular skills relative to other skills on the survey. A missing value indicates another skill not included

in the table was at this ranking.

Authors of these studies provided percentages of participants who identified the skills as important, and these were used to identify rankings.

also the characteristics that may be associated with students’
ability to develop and attain these skills. Previous research
suggests there are a variety of contextual influences on stu-
dents’ development and value of cross-disciplinary skills,
including research experience, classroom instruction, and disci-
plinary context. Further, students’ sociodemographic character-
istics, such as gender and race, may also affect the extent to
which they value cross-disciplinary skills. In the following sec-
tions, we review the literature on these various characteristics
and identify the limitations of the current work.

Research Experience

Undergraduate research experiences (UREs) have been widely
studied to understand their impact on students (e.g., Gilmore
et al., 2015; Linn et al., 2015). Within this body of literature are
studies demonstrating differences in students’ acquisition and
value of cross-disciplinary skills by URE experience. In a study
examining first-year STEM graduate students’ measured
research skills, Gilmore and colleagues (2015) found that stu-
dents with UREs performed significantly better on almost all
research skills than those without UREs. Using propensity-score
matching, Carter et al. (2016) found that undergraduate engi-
neering students with UREs tended to report stronger team-
work, communication, and leadership skills than those without
UREs. Even when controlling for institutional, curricular, and
demographic variables, URE students still reported stronger
communication skills than non-URE students.

While there are many studies like these two that document
the importance of UREs for student skill development, very few
studies seek to understand the association between UREs and
the extent to which students value these skills. In fact, only
Marbach-Ad and colleagues’ (2016, 2019) studies explore the
association between research experience and values. They
found that prior research experience was one of the most
important predictors of values pertaining to knowledge acquisi-
tion, evidence-based decision making, quantitative reasoning,
and scientific writing skills. Given that values are a critical
determinant of student persistence and motivation (Wigfield
and Eccles, 2000), the present study aims to address this gap in
the literature to better understand the relationship between
research experience and values of cross-disciplinary skills that
are organized in an empirically developed framework.

22:ar20, 6

Classroom Instruction

Instructional practices can also influence the ways in which stu-
dents value and learn cross-disciplinary skills. Demaria and col-
leagues (2018) assessed students’ perceptions of employability
skills in relation to their experience in a biomedical science cap-
stone course that integrated active learning and skills-based
activities/assessments. Open-ended responses from students
most often indicated that group oral presentations and group
assignments were important activities for their development of
communication, teamwork, and critical-thinking skills. Mar-
bach-Ad and colleagues (2016) found that exposure to specific
cross-disciplinary skills in the classroom was a significant pre-
dictor of the extent to which graduating STEM students valued
these skills. For example, students who more frequently reported
experience with inquiry-based instruction valued problem-solv-
ing more highly. In a subsequent study, Marbach-Ad and col-
leagues’ (2019) interview data suggested that the experiences
students had in courses could have influenced their perceived
value of a cross-disciplinary skill. For example, a student who
highly valued application of science to everyday life attributed
this to their experience with real-world examples in an anatomy
course, while a student who placed little importance on collab-
oration attributed this to their negative experience with group
work assignments.

In a study of 827 Israeli graduate and undergraduate STEM
students’ perceptions of skills and experiences in courses, Lavi
and colleagues (2021) found that course assignments, projects,
and research were most often associated with helping students
develop most skills. Sarkar et al. (2016) sought to assess post-
graduates’ perceptions of useful skills and the extent to which
they perceived their undergraduate degree programs as helping
them develop these skills. They found that students felt more
“overdeveloped” (i.e., less value and more preparation) in
knowledge acquisition and application skills and more “under-
developed” (i.e., more value and less preparation) in skills
related to communication, collaboration, and problem solving.
Using national survey data and Bayesian statistics, Viskupic
and colleagues (2021) mapped a set of workforce skills,
described in Table 1, onto various courses in geoscience curric-
ula. The authors found that the three most highly reported
skills geoscience major students were exposed to in their
courses included data skills (e.g., making inferences from
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observations), disciplinary skills (e.g., applying disciplinary
knowledge), and communication skills (e.g., working in
teams). The least frequently experienced skills for these stu-
dents were systems thinking and societal relevance.

In combination, these studies suggest that the types of
instructional practices that students experience in their under-
graduate courses and the frequency with which they experience
these practices may influence their values and development of
cross-disciplinary skills. While informative, these studies pro-
vide qualitative or descriptive information about these relation-
ships or provide inferential statistics for individual skills and
experiences. There is clearly more work needed to understand
the relationships between a variety of instructional practices
and students’ values of cross-disciplinary skills across institu-
tions, which the present study aims to address.

Disciplinary Norms and Practices

Disciplinary contexts and norms can also play an important role
in students’ values and development of cross-disciplinary skills.
McGunagle and Zizka (2020) found that the importance of 16
cross-disciplinary skills, as rank-ordered by STEM employers,
varied among STEM disciplines. The top three ranked skills for
aerospace and defense employers were adaptability, problem
solving, and ability to gather data, while for manufacturing
employers, the most important skills were being a team player,
self-motivation, and verbal communication. Marbach-Ad and
colleagues (2019) similarly found disciplinary differences in
student values for several skills (e.g., applying quantitative rea-
soning, acquiring major scientific concepts, scientific writing,
working in groups). Based on anecdotal evidence from inter-
views, these differences could be attributed to the more quanti-
tative nature of certain disciplines, different classroom experi-
ences in courses for the major, and other aspects of the nature
of the discipline. They observed no disciplinary differences in
student values for some skills, such as problem solving, evi-
dence-based decision making, and creativity.

While there are more studies exploring disciplinary differ-
ences of students’ experiences in general (e.g., Pike and Kil-
lian, 2001; Rainey et al., 2018), the two studies described
previously illustrate that different values of cross-disciplinary
skills exist across disciplines. These findings align with the
research on organizational change arguing that STEM depart-
mental cultures and disciplinary norms should be accounted
for (Reinholz et al., 2019). However, Reinholz and colleagues
(2019) also acknowledge that the institutional context plays a
role in how departments at the local level implement and
institute teaching and learning. Thus, what is missing from
the current research on disciplinary differences in student val-
ues of cross-disciplinary skills is an understanding of the rela-
tive contributions of local contextual factors and disciplinary
norms. By studying student perceptions across STEM disci-
plines and institutions, the present study aims to address this
gap and provide a survey tool that can be used in future stud-
ies at other institutions.

Student Sociodemographic Characteristics

A plethora of recent research examines the importance of race
and gender for students’ self-efficacy, belonging, performance,
and persistence in undergraduate STEM (e.g., Gayles and
Ampaw, 2014; Macphee et al., 2013; Rainey et al., 2018;
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FIGURE 1. Conceptual framework for understanding student
values of cross-disciplinary skills in STEM. Dotted arrows indicate
the potential influence of students’ values on their choice of
courses and research experiences. These relationships are not the
focus of the present study.

Witherspoon and Schunn, 2019). Despite the demonstrated
inequities that exist between students of differing gender and
race, only a few studies that explore students’ values and acqui-
sition of cross-disciplinary skills account for demographic vari-
ables. For example, researchers have controlled for students’
gender and/or race when exploring students’ values of cross-dis-
ciplinary skills (Adedokun et al., 2013; Marbach-ad et al.,
2019). Only one study, to our knowledge, identifies whether
students’ cross-disciplinary skill values differ based on sociode-
mographic characteristics. Using regression modeling, Marbach
-Ad and colleagues (2016) found that only gender was a signif-
icant predictor for students’ values for one of the five cross-
disciplinary skills explored—application of science to everyday
life. Race (categorized as a binary variable: underrepresented
minority [URM] and non-URM) was not a significant predictor
for any of the cross-disciplinary skill values. The lack of research
on the role of students’ sociodemographic characteristics on
their values of cross-disciplinary skills is a limitation in the cur-
rent literature and warrants further exploration.

In summary, there are various important characteristics that
should be considered when understanding students’ values and
acquisition of cross-disciplinary skills (Figure 1). Students’ val-
ues influence the effort they put into learning those skills (blue),
and those values may be influenced by student characteristics
(orange) and external characteristics (green). In this study, we
aim to explore the components of this conceptual framework to
better understand their relationships with one another and with
students’ values of cross-disciplinary skills.

PURPOSE

Despite the previous research on cross-disciplinary skills and
students’ values regarding these skills, to our knowledge, no
study has sought to empirically identify an organizing frame-
work for the skills. Further, to our knowledge, no study has
disentangled the characteristics that are associated with stu-
dents’ values of cross-disciplinary skills across institutions. We
used a revised version of the STEP-U survey tool, described in
the Methods, across four institutions to answer the following
research questions:
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TABLE 3. Institutional characteristics and overall student population demographics

University 1 University 2 University 3 University 4
Undergraduate enrollment 27,000 16,000 40,000 20,000
Carnegie classification Very high research activity = Very high research activity = Very high research activity ~Doctoral/professional
university
% Female undergraduate 47% 55% 48% 59%
students (2018-2019)
% White undergraduate 49% 57% 62% 54%

students (2018-2019)

1. What distinct factors of student values of and classroom
experiences with cross-disciplinary skills can be identified
across the four institutions using the STEP-U survey?

2. How are students’ values of cross-disciplinary skills related
to research experience, reported classroom experiences,
STEM discipline, sociodemographic characteristics, and
institution?

METHODS

Participants and Context

In Spring 2019, we collected survey data from 1162 of 2542
(46% response rate) graduating STEM students at four institu-
tions in the Mid-Atlantic (see Table 3 for institutional character-
istics). Across the different institutions, biology majors predom-
inated, although there was variability across institutions in the
majors sampled (Table 4). See Appendix A in the Supplemental
Material for response rates by major.

Data Collection

We used an adapted version of the STEP-U survey originally
developed in 2011 by the University of Maryland (UMD) Col-
lege of Computer, Mathematical, and Natural Sciences Teach-
ing and Learning Center. The survey was designed to explore
self-reported educational values and experiences of graduating
students in biology and chemistry. We acknowledge the poten-
tial limitations with self-reported data; however, this approach
aligns with previous studies measuring students’ development
and value of skills that also use self-reporting (e.g., Carter et al.,
2016; Lavi et al., 2021). The original instrument was validated
and refined in an iterative process as the surveyed population
was expanded to include graduating seniors from additional
STEM disciplines, including computer science, physics, and
mathematics (Marbach-Ad et al., 2012, 2014, 2016). Response
process validity (Reeves and Marbach-Ad, 2016) of the survey
was established through individual cognitive interviews with
25 senior students from five STEM disciplines. It was deter-
mined that the instrument provided valid and reliable measures
when used with the undergraduate student population at UMD
(Marbach-Ad et al., 2019).

In 2018, we created a Regional Consortium for Change in
Undergraduate STEM Education as a first step in exploring the
generalizability of the STEP-U survey beyond one institution.
We held a series of meetings with the representatives of the four
universities to establish content validity. During these meetings,
we aimed to reach consensus in adapting the survey items to
match the constructs they were intended to measure. We first
considered focal group and cognitive interview feedback
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received from students and faculty members at UMD
(Marbach-Ad et al., 2019). For example, some of the original
items in the STEP-U included the word “science.” We learned
from UMD faculty members and students that this term may
have been distracting for students in mathematics and com-
puter science, who may not view themselves as scientists. We
revised these items to be more applicable across multiple STEM
majors (e.g., “scientific writing” became “writing for a scholarly
or professional audience,” and “understanding how science
applies to the real world” became “understanding how your dis-
cipline applies to the real world”).

The revised STEP-U survey used here consisted of 27 items
asking students about the extent to which they valued specific
cross-disciplinary skills (denoted as Values questions) and 27
items asking about their classroom experiences (denoted as
Experiences questions). Of the 27 Values items, two (Computer
programming, Using software appropriate for my discipline)
were not included in the final data analysis. Their inclusion in
the original factor model produced an uninterpretable factor
structure, as these two items consistently loaded onto two fac-
tors. Thus, they were excluded from the final analysis, resulting
in a more interpretable factor structure. This exclusion was also
considered conceptually logical, as these items were substan-
tively different from the other items and were not widely
applicable to all majors. The Values questions asked students to
“Rate the following skills in terms of importance to you in your
undergraduate education, where 1 = “not important” and 5 =
“extremely important.” The Experiences questions were divided
into two sections. One section included 12 items that asked stu-
dents “In how many courses for your primary major did your
instructors use these methods?” The other section included 15
items and asked students “In how many courses for your pri-
mary major were you asked to engage in the following?” Both
sections used the same scale, where 1 = “never” and 5 = “in all
of my courses.” In addition to the Values and Experiences ques-
tions, the survey also contained questions about students’ under-
graduate research experiences and postgraduation plans (see
Appendix B in the Supplemental Material for full survey).
Student sociodemographic information (e.g., race, gender) were
obtained and connected to the data for universities 1, 2, and 3.
Sociodemographic information were provided for University 4
but were anonymized and could not be connected to the data.

Surveys were administered during Spring 2019 to graduat-
ing students at each institution (Table 4). The authors obtained
Institutional Review Board (IRB) approval for the study at their
individual institutions and administered surveys using estab-
lished mechanisms, which varied slightly depending upon insti-
tutional context and conventions. For example, at University 1,
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TABLE 4. Participant characteristics at each institution

Student Cross-Disciplinary Skill Values

University 1 University 2 University 3 University 4°
Sample size 295 342 484 41
Overall response rate 25% 82% 70% 18%
Majors (% sample):
Biology 33% 81% 34% 55%
Biochemistry 6% — 10% —
Chemistry 2% 19% 5% 14%
Computer Science 35% — 2% —
Math 8% — 25% 16%
Physics 5% — 4% 9%
Other® 12% — 20% 7%
Research experience 46% 39% 59% 44%
Gender:
Female 42% 64% 52% 74%
Male 58% 36% 48% 26%
Ethnicity:
Asian 27% 21% 8% <1%
Black 8% 2% 4% 2%
Latino 10% 8% 5% <1%
White 49% 57% 61% 65%
American Indian/ Alaska Native — <1% — —
Native Hawaiian/ Pacific Islander — — <1% —
Multiple 6% 6% 3% <1%
International (no ethnicity information given) — 1% 15% <1%
Unknown 1% 4% 3% —

“Demographic information from University 4 was obtained as total counts and includes all participants who responded to the survey (n = 43), although two surveys were

later excluded from regression analyses due to missing data.

*Other” includes STEM majors for which the number of responses was ~10 or fewer, and included environmental science, astronomy, data science, engineering, and

science (an interdisciplinary major intended to provide a broad overview of science).

the survey was part of a long-standing graduation survey
administered to science, mathematics, and computer science
majors. The survey was administered online via Qualtrics. Stu-
dents were recruited to take the survey via a link on the college
commencement page, postings in the student newsletter, and
direct emails. At University 2, the survey was administered
online via Qualtrics at the department level for only biology and
chemistry majors as a requirement for graduating seniors
(although respondents had the ability to opt out of having their
data used for research purposes). At University 3, the survey
was administered online via Qualtrics and was included in the
annual survey that students across the college complete as part
of the graduation checkout process. University 4 did not have
an existing culture of graduation surveys, so the online survey
was sent to graduating STEM seniors via an email with a link to
a Google Form. This was a voluntary opt-in survey, which, along
with the newness of such a survey, may have negatively
impacted the response rate.

Data Analysis

All analyses were conducted in R (R Core Team, 2020). To
answer the research questions, we used EFA and multiple
regression. Regressions were conducted using base R, while
cluster-robust standard errors were computed with the sand-
wich package and variance explained by the predictors was
computed with the relaimpo package (Zeileis, 2004; Gromping,
2006). EFAs were conducted using the psych package (Revelle,
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2020). Separate EFAs were used to create composite scales for
the Values and Experiences questions. Factors were extracted
using principal axis factoring, and an oblimin rotation was used
to determine the final factor structure. Scree plots were exam-
ined to give an idea of the total number of factors to extract.
Based on the plots, we considered multiple numbers of factors
to extract for both the Values (i.e., four-, five-, and six-factor
solutions) and Experiences (i.e., two- and three-factor solu-
tions). The final number of factors extracted was based on the
solution that produced a clear simple structure and had factors
with the strongest interpretability. While there are several
methods for determining an appropriate number of factors in
an EFA, this method is both straightforward to implement and
results in an accurate number of factors that are also interpreta-
ble (Costello and Osborne, 2005).

Once factors were finalized, we calculated mean scores for
each factor for each student, which were used as the basis for
the multiple regression analysis. Four different multiple regres-
sion analyses were run to explore the relationship between each
of the Values factors and Experiences factors, research experi-
ence, major, and university. Predictor variables included the
students’ mean scores on the two Experiences factors, research
experience (a dichotomous indicator of whether the student
participated in an on- or off-campus research experience), pri-
mary STEM major (dummy coded with biology as the reference
group), gender identity (a dichotomous indicator with male as
the reference group), ethnicity (dummy coded with white as the
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reference group), and university (dummy coded with University
1 as the reference group). We ran the models using data from
Universities 1-3 with sociodemographic variables, as sociode-
mographic data from University 4 were anonymous and unable
to be connected to the data. We then compared these findings
to our analyses using the full data set and excluding sociodemo-
graphic variables. Ultimately, we chose to report the results of
the model containing the sociodemographic variables due to
their theoretical importance, and thus data from University 4
are excluded from these reported results (see Appendix C in the
Supplemental Material for the results of the model containing
all data).

A potential concern with these data is that the students are
nested within universities, which can impact model standard
errors if not addressed. We chose to use cluster-robust standard
errors, which adjust the estimated regression model standard
errors to account for potential heteroskedasticity and the clus-
tering of students within universities (Cameron et al., 2011).
While a random effects model could also be used to improve
standard error estimation, including fixed effects allows us to
control for unobserved university-level characteristics, which
we believe to be theoretically important. Additionally, we
sought to examine how much variability in the outcome each
predictor explained; this is straightforward under a standard
ordinary least-squares framework but is not well developed for
random effects models. Linearity and normality assumptions
were checked graphically and appeared to be met. The data
were analyzed with a complete case analysis. From the original
sample size of 1190, 16 were removed from the Values EFA due
to missing data, leading to a sample of 1174. For the Experi-
ences EFA and regression analyses, another 12 respondents
were removed due to missing data, leading to the final sample
size of 1162. The regression models using data from Univer-
sities 1-3 had a total sample size of 1126 for all four models
after incomplete cases were removed (including all University
4 data).

Finally, we created four plots to visually explore the descrip-
tive differences in Values and Experiences by STEM discipline
and institution. Because all four institutions included biology
major participants, we plotted means across institutions for that
discipline only, with one plot for the four Values factors and one
for the two Experiences factors. We also plotted overall means
for each discipline for each of the four Values as well as the two
Experiences factors.

RESULTS

Below we present the EFA findings to answer research question
1, then discuss descriptive findings and the linear regression
models to answer research question 2.

Factor Structure for Students’ Cross-Disciplinary Skill
Values and Classroom Experiences

We identified a four-factor structure for the Values questions,
which accounted for 49.99% of the variance (Table 5). All fac-
tors had high internal consistency reliability (Cronbach’s o >
0.8). The grouping of the questions into these factors also made
logical sense and was indicative of larger constructs. While we
name each factor in the results for clarity, we explain the rea-
sons for these names in the discussion. Factor 1, which we term
Research and Writing, represents how much students valued
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skills related to designing research studies, finding literature,
and writing about it. Factor 2, Memorization, represents how
much students valued basic memorization. Conceptual and
Data Application, Factor 3, represents values related to deriving
understanding from data. Finally, Factor 4, which we are calling
the Nature of the Discipline, represents how much students
value a variety of skills that are central to the practice of the
various STEM disciplines, such as collaboration, communica-
tion, and creativity.

We identified a two-factor structure for the Experiences
questions, which accounted for 31.91% of the variance (Table
6). The factors had moderate to high internal consistency reli-
ability (Cronbach’s o > 0.75). Similar to the factor structure for
the Values questions, the organization of the Experiences ques-
tions made logical sense. Factor 1, which we call Interactive/
Evidence-Based Experiences, represents activities that have
research support for improving student learning in the class-
room, such as working in groups during class time. Factor 2,
Procedural and Quantitative Experiences, represents common
STEM classroom experiences that require the use of procedures
or the application of information learned in a course. Three
items did not have loadings above 0.3 on either factor and were
removed from the analysis (Extensive lecturing, Emphasizing
major concepts or theories, Answering questions from individ-
ual students in class).

Descriptive Relationships between Experiences and

Values factors

We were interested in exploring surface-level descriptive differ-
ences between universities across one major and between sev-
eral majors across all four universities. When comparing descrip-
tive differences in participants’ Values and Experiences between
universities for biology majors, there are some notable similari-
ties. Regardless of the magnitude of undergraduate biology
majors’ perceived value at an institution, the relative ranking of
the Values factors followed a similar trend across all institutions
(Figure 2). Biology majors valued Memorization the least rela-
tive to other cross-disciplinary skills; however, they largely var-
ied between institutions (range = 0.67). Conversely, Conceptual
and Data Application were valued most highly across institu-
tions, and students were consistent in the value they placed on
these skills relative to other skills (range = 0.28), regardless of
institution. Similar to perceived values, biology majors, irrespec-
tive of institution, reported more frequent Interactive/Evi-
dence-Based Experiences than Procedural and Quantitative
Experiences (Figure 3). There were also relatively consistent
ranges in reported Interactive/Evidence-Based Experiences
(range = 0.51) and Procedural and Quantitative Experiences
(range = 0.44) across institutions. In other words, while there
are differences in the actual mean values for biology majors’
reported values and experiences across institutions, the trends
were nearly identical regardless of institution.

There were similar descriptive trends in the mean Values and
Experiences across institution by discipline. With the exception
of computer science and math, Memorization was least valued
by students, with large variation in how they valued the skill
across disciplines (range = 0.94; Figure 4). Those majoring in
computer science and physics valued memorization the least,
and those in the majors comprising the “other” category valued
it the most (see note in Table 4 for majors included in this
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TABLE 5. Factor loadings for student values of cross-disciplinary skills®

Student Cross-Disciplinary Skill Values

Item Factor loadings Descriptives
1 2 3 4 Mean SD

Factor 1: Research and Writing 3.87 0.95
Writing for a scholarly or professional audience 0.54 3.76 1.16
Learning basic sets of laboratory skills 0.67 3.85 1.27
Evaluating credibility of sources in your discipline 0.70 3.93 1.10
Locating credible primary sources 0.84 3.86 1.15
Understanding information presented in primary sources 0.74 4.13 1.00
Designing research studies 0.44 3.65 1.17

Factor 2: Memorization 3.36 1.03
Memorizing some basic facts 0.69 3.69 1.17
Remembering formulas 0.84 2.93 1.25
Remembering procedures or steps 0.78 3.48 1.16
Memorizing large quantities of information 0.77 3.33 1.33

Factor 3: Conceptual and Data Application 4.40 0.54
Acquiring major concepts in your discipline 0.51 4.56 0.64
Applying quantitative reasoning 0.60 4.27 0.81
Solving problems 0.63 4.54 0.67
Drawing conclusions based on reason and evidence 0.50 4.41 0.81
Analyzing data 0.65 4.38 0.81
Interpreting data 0.72 4.36 0.82
Decision-making based on evidence® 0.36 4.25 0.85

Factor 4: Nature of the Discipline 3.87 0.69
Developing entrepreneurial thinking 0.70 3.05 1.30
Working in groups 0.51 3.52 1.13
Developing creativity and innovation 0.72 3.89 1.02
Understanding how your discipline applies to the real world 0.37 4.40 0.83
Understanding the evolving nature of your discipline 0.31 4.15 0.89
Developing an understanding that your discipline connects 0.56 4.11 0.93

with other disciplines

Developing oral communication skills 0.67 3.87 1.13
Collaborating with peers 0.55 3.98 1.01

Extracted sums of squared loadings 3.68 3.28 3.04 2.50

Percentage of variance 14.71 13.12 12.16 9.99

Construct reliability (o) 0.87 0.85 0.83 0.84

‘n = 1174 (includes Universities 1-4). Sample size is larger than other analyses due to fewer missing data for these items. Likert-scale responses ranged from 1 = not

important to 5 = very important.

*Loaded above 0.30 on another factor and was treated as loading solely to the factor on which it had the highest loading.

category). All students, regardless of major, valued Process
Skills and Reasoning more than the other skills, with little vari-
ation between disciplines (range = 0.49). Computer science
majors valued Process Skills and Reasoning the lowest of all
disciplines, with biology being the second lowest. Finally, the
value of Research and Writing skills varied most across disci-
plines (range = 1.59), with computer science and math majors
valuing these skills much less than all other disciplines.

There were no consistent trends across disciplines in the fre-
quency of reported classroom experiences (Figure 5). There was
a large range in the frequency of Procedural and Quantitative
Experiences across disciplines (range = 1.10), with biology stu-
dents reporting the lowest frequency and physics and computer
science students reporting the highest. Participants across disci-
plines were more similar in their reported frequency of Interac-
tive/Evidence-Based Experiences (range = 0.63), with computer
science students reporting the lowest frequency and “other” stu-
dents reporting the highest. Interestingly, the relative frequency
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of these two classroom experience factors differed depending
on discipline. Biochemistry students, biology students, and
those in the majors comprising the “other” category reported
more frequent Interactive/Evidence-Based Experiences com-
pared with Procedural and Quantitative Experiences, whereas
computer science, math, and physics students reported the
opposite. Chemistry students were the only disciplinary group
who reported similar frequencies of Interactive/Evidence-Based
Experiences and Procedural and Quantitative Experiences.

Factors Predicting Student’s Values Regarding
Cross-Disciplinary Skills

In addition to descriptive examination of how the Experiences
factors, research experience, university, and major relate to the
Values factors, we also ran regression analyses to further
explore these relationships. Overall, students’ values of the four
different Values factors were significantly related to classroom
experiences, research experience, major, ethnicity, gender, and
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TABLE 6. Factor loadings for student-reported frequency of classroom experiences?®

Item Factor loadings Descriptives
1 2 Mean SD

Factor 1: Interactive/Evidence-Based Experiences 3.08 0.66
Working in groups during class time 0.59 2.66 0.91
Teaching with an approach that emphasizes that your discipline connects with other disciplines 0.60 3.07 1.06
Using evidence to support ideas 0.65 3.67 1.08
Interpreting data 0.58 3.66 1.04
Emphasizing the evolving nature of your discipline 0.58 3.43 1.08
Analyzing data 0.61 3.67 1.02
Engaging with content during class through non-lecture activities. 0.58 2.88 1.03
Communicating course goals and objectives to students 0.34 4.11 0.91
Administering a pretest at the beginning of the semester to assess your prior knowledge 0.48 2.17 1.04
Reading primary sources 0.69 3.25 1.08
Designing research studies 0.61 2.43 1.02
Completing assignments/activities that require creativity and innovation® 0.47 2.99 1.08
Oral presentations 0.59 241 0.93
Writing assignments (reflective writing, journals, essays, reports) 0.61 2.79 1.15
Relating course material to the real world 0.59 3.62 1.00
Working in groups outside of class time 0.49 2.70 0.93
Discussing and exchanging ideas with classmates during class time 0.62 2.86 0.96

Factor 2: Procedural and Quantitative Experiences 3.06 0.66
Computer programming 0.70 2.36 1.29
Requiring you to memorize large quantities of information -0.37 2.08 1.01
Solving problems 0.35 4.30 084
Taking exams that allow you to bring notes or a formula sheet 0.63 2.16 1.01
Applying quantitative reasoning 0.35 3.83 096
Assigning homework that counts toward final grade 0.49 3.76 1.00
Using software appropriate for your discipline 0.70 291 1.16

Extracted sums of squared loadings 5.97 2.64

Percentage of variance 22.12 9.79

Construct reliability (o) 0.89 0.75

an = 1162 (includes Universities 1-4). Likert-scale responses ranged from 1 = never to 5 = in all of my courses. Any loadings below 0.3 were treated as 0 and ignored.
"Loaded above 0.30 on another factor and was treated as loading solely to the factor on which it had the highest loading.

university (Table 7), and these variables each explain differing
levels of variability of each of the Values. Though each of the
four models was significant, each explained different levels of
variability in their respective outcome (from 15% to 45%). In
particular, the Research and Writing skills regression model was
significant, F(18, 1107) = 51.27, p < 0.0001, and accounted for
45% of the variance. Further, examining the unique variability
explained by each variable can provide a sense of how import-
ant that variable is in explaining the outcome, when controlling
all other variables in the model. Students who valued research
and writing skills tended to report more Interactive/Evi-
dence-Based Experiences in the classroom and fewer Proce-
dural and Quantitative Experiences, and these variables
uniquely explained 12% and 0.3% of the variance in the out-
come, respectively. Having a research experience was positively
associated with valuing research and writing skills and
accounted for 1% of the variability in the outcome. Gender
identity and ethnicity were weak predictors of valuing research
and writing skills, with gender explaining essentially none of
the variability and ethnicity explaining 0.4% of the variability
in the outcome. Differences across majors and universities both
explained some variability in the outcome, with majors explain-
ing 7% overall and university explaining 1% overall. Thus, stu-
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dents’ reports of their Interactive/Evidence-Based Experiences
and disciplinary differences are the two most important factors
in explaining differences in values related to research and writ-
ing, while differences in research experience, gender identity,
ethnicity, and university are weakly predictive of this value.

The Memorization regression model was significant, F(18,
1107) = 11.73, p < 0.0001, and accounted for 15% of the vari-
ance. Students who valued Memorization tended to report
more frequent Interactive/Evidence-Based Experiences, and
this factor uniquely explained 7% of the variability in memori-
zation; however, there were no significant relationships between
valuing memorization and reported frequency of Procedural
and Quantitative Experiences. There was also no relationship
between research experience or gender identity and the extent
to which students valued memorization skills. Ethnicity, disci-
plinary differences, and differences across the universities all
uniquely explained a small proportion of the overall variability
in the memorization factor. Overall, this set of predictors did
not explain much variability in the outcome compared with the
other models.

The regression model for students’ values of Conceptual and
Data Application was also statistically significant, F(18, 1107) =
17.42, p < 0.0001, and accounted for 21% of the variance in
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FIGURE 2. Means plot for biology student values of cross-disci-
plinary skills across institutions. Total n = 569. Likert-scale
responses ranged from 1 = not important to 5 = very important.

responses. There was a positive relationship between students’
values and the frequency of their Interactive/Evidence-Based
Experiences and Procedural and Quantitative Experiences,
although Interactive/Evidence-Based Experiences uniquely
explained more variability than Procedural and Quantitative
Experiences (6% vs. 1%). While the relationship between val-
ues of Conceptual and Data Application and students’ research
experiences was statistically significant, research experience
was not a strong predictor and explained only 0.3% of the vari-
ability in the outcome. However, there were differences in these
values based on major. Differences across majors represented
the second-most important predictor of valuing Conceptual and
Data Application skills, with these differences accounting for
5% of the variability in the outcome. Differences in gender
identity did not represent an important predictor, explaining
only 0.1% of the variability in the outcome, and differences in
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FIGURE 3. Means plot for biology student experiences with
cross-disciplinary skills across institutions. Total n = 569. Likert-
scale responses ranged from 1 to 5, with 1 = none, 3 = half of my
classes, and 5 = all of my classes.
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FIGURE 4. Means plot for student values of cross-disciplinary skills
across majors. Total n = 1162. Likert-scale responses ranged from 1
= not important to 5 = very important.

ethnicity accounted for a small proportion of the total variabil-
ity (2%). Differences across universities uniquely accounted for
only a slight portion of the overall variability (1%).

Finally, the Nature of the Discipline regression model was
significant, F(18, 1107) = 17.23, p < 0.0001, and accounted
for 21% of the variance in the outcome. Students who
reported more frequent Interactive/Evidence-Based Experi-
ences tended to value the skills related to the nature of STEM
disciplines more highly. This factor uniquely accounted for
most of the variability in the outcome (10%). Differences
across majors and differences across universities uniquely
accounted for only a small portion of the variance (both
1%), while gender identity and ethnicity were both even
weaker predictors, both explaining 0.3% of the variability in
the outcome. More frequent Procedural and Quantitative
Experiences and reporting a research experience were not
important predictors.

DISCUSSION
In the following sections, we discuss the results according to the
research questions (RQ).

RQ1: What Distinct Factors of Student Values and Class-
room Experiences Can Be Identified across the Four Insti-
tutions Using the STEP-U Survey?

We used a revised version of the STEP-U instrument across four
different institutions to measure the extent to which graduating
STEM students valued cross-disciplinary skills and the reported
frequency with which they experienced classroom experiences
related to those skills. Using EFA, we found a four-factor struc-
ture for participants’ Values (Research and Writing, Memoriza-
tion, Conceptual and Data Application, and Nature of the Disci-
pline) and a two-factor structure for participants’ Experiences
(Interactive/Evidence-Based Experiences and Procedural and
Quantitative Experiences). The EFA for both Values and Experi-
ences questions resulted in a simple, interpretable structure,
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FIGURE 5. Means plot for student experiences with cross-disci-
plinary skills across major. Total n = 1162. Likert-scale responses
ranged from 1 = none, 3 = half of my classes, 5 = all of my classes.

with reasonable variance explained and adequate internal con-
sistency reliability.

Factor analysis of “Values” data obtained with an earlier ver-
sion of the survey indicated a two-factor structure, with two
items grouped under a factor referred to as “Retention” and the
remaining 12 items grouped together under a second factor
labeled “Transfer” (Marbach-Ad et al., 2016). While the “Reten-
tion” factor was easily interpretable, the “Transfer” factor served
as a catchall for many different skills related to the generation
and application of scholarly knowledge. The current study,
which used an expanded set of 27 values items, represents a
refinement of these earlier results. The new Memorization factor
is comparable to the previous “Retention” factor, with the only
difference being that one triple-barreled item from the previous
survey (“Remember formulas, structures, and procedures”) was
split into three separate items in the revised survey. The items
that previously comprised the “Transfer” factor were expanded
and refined, which resulted in identification of three new, more
easily interpretable factors in this study. This new factor struc-
ture facilitates future investigations that seek to gain deeper
insight into the relationship between student attitudes, experi-
ences, and career trajectories. We also acknowledge that some
potentially informative items (i.e., Computer programming,
Using software appropriate for my discipline) were not encom-
passed by this factor structure and were omitted from the anal-
yses reported here, but may be of interest to future researchers.

While some previous studies have used EFA to create factors
for cross-disciplinary skills (e.g., Marbach-Ad et al., 2016; Lavi
et al., 2021), this is the first study, to our knowledge, to do so
for both student’s perceived values and their reported frequency
of related classroom experiences. Plotting Values and Experi-
ences factor means for biology majors across institutions and
for all majors demonstrated similarities in trends across the fac-
tors, providing preliminary evidence that these factors describe
constructs that are viewed similarly across majors and institu-
tions. In the next sections, we will elaborate on each factor and
explore why specific skills/experiences clustered under a unique
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factor by situating the discussion in the literature as well as our
own interpretations.

Interpreting the Values Factors

The Research and Writing factor represents skills related to
designing research studies (Learning basic sets of laboratory
skills, Designing research studies), finding literature (Locating
credible primary sources, Understanding information presented
in primary sources, Evaluating credibility of sources in your dis-
cipline), and writing about it (Writing for a scholarly or profes-
sional audience). The need to develop research and writing
skills in undergraduate education for workforce preparation has
received much more attention in recent years. Historically,
workers were expected to hold skills related to developing, dis-
tributing, and consuming products; however, with the growing
access to resources through technology, workers need to develop
skills, such as accessing, managing, integrating, evaluating, and
creating information (Griffin et al., 2012). Griffin and col-
leagues (2012) also suggest that, in the 21st century, education
systems should aim to prepare workers with a different set of
skills in order to adapt to the worldwide move from an industri-
al-based to an information-based economy.

The Memorization and Conceptual and Data Application
factors align with Mayer’s (2002) differentiation between
knowledge acquisition (i.e., retention) and the use of knowl-
edge in a variety of new situations (i.e., transfer). Building on
Bloom’s taxonomy, Mayer proposed that retention is “the ability
to remember material at some later time in much the same way
it was presented during instruction” (p. 226), which aligns with
skills grouped in the Memorization factor related to simple
knowledge acquisition or retention (Memorizing some basic
facts, Remembering formulas, Remembering procedures or
steps, and Memorizing large quantities of information). Mayer
(2002) defined transfer as “the ability to use what was learned
to solve new problems, answer new questions, or facilitate
learning new subject matter” (p. 226), which aligns closely
with factor 3, Conceptual and Data Application. This factor rep-
resents values related to conceptual knowledge (Drawing con-
clusions based on reason and evidence, Applying quantitative
reasoning, Solving problems, Acquiring major concepts in your
discipline, Decision-making based on evidence) and data appli-
cation (Analyzing data, Interpreting data).

The Nature of the Discipline factor represents skills related to
understanding the dynamic nature of the discipline (Under-
standing the evolving nature of your discipline, Understanding
how your discipline applies to the real world, Developing an
understanding that your discipline connects with other disci-
plines, Developing entrepreneurial thinking, Developing cre-
ativity and innovation) as well as skills that enable students to
successfully adapt to the workplace (Working in groups, Devel-
oping oral communication skills, Collaborating with peers).
These skills align closely with nature of science, or science as a
way of knowing (Lederman et al., 2002; Wheeler et al., 2019),
as well as Binkley’s 21st-century skills (2012; Table 8).

When evaluating the Values factors overall in light of the
organizational structures proposed by previous researchers
(Table 1), we see that all the studies referred in some ways to
skills that are related to research and writing, but they included
them under different categories. For example, Binkley et al.
(2012), included Information Literacy and Information and
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TABLE 8. Alignment of Nature of Discipline Factor with the literature

Factor 4: Nature of the Discipline 21st-century skills? Nature of Science®

Developing entrepreneurial thinking

Working in groups

Developing creativity and innovation

Understanding how your discipline applies to the real world

Understanding the evolving nature of your discipline

Developing an understanding that your discipline connects with
other disciplines

Developing oral communication skills

Collaborating with peers

Ways of thinking Science is creative and inferential.
Ways of working Science is collaborative.
Ways of thinking Science is creative and inferential.

— Science is socially and culturally embedded.

— Science is tentative and revisionary.

— Scientific knowledge is gained through a variety of
methods.

Ways of working —
Ways of working Science is collaborative.

2As organized by Binkley et al. (2012).
bAs characterized by Wheeler et al. (2019).

Communication Technology (ICT) Literacy skills under the cat-
egory Tools of Working, arguing that, in the 21st century, infor-
mation literacy will be a necessary work tool. Other researchers
grouped writing or research skills under the category Commu-
nication Skills (Adedokun et al., 2013; Heron and McNeal,
2016) and even sometimes grouped oral and written communi-
cation as one item (Rayner and Papakonstantino, 2015; Lavi
et al., 2021; Viskupnic et al. 2021).

Both Adedokun and colleagues (2013) and Lavi and col-
leagues (2021) provided empirical evidence to group together
oral and written communication skills; however, their focus
was on students’ perceived development of cross-disciplinary
skills, rather than student values. From a motivational perspec-
tive, while highly valuing cross-disciplinary skills may result in
the development of these skills, expectancy also plays a role in
the effort students put forth to learn a skill. Our factor analysis
resulted in “Writing for a scholarly audience” falling into factor
1 (Research and Writing) and “oral communication” falling into
factor 4 (Nature of the Discipline). We suspect that this differ-
ence may be attributed to the limited empirical evidence in the
literature for organizing cross-disciplinary skills. To our knowl-
edge, only three previous studies have gathered evidence to
support the validity of their survey tools (Adedokun et al.,
2013; Marbach-Ad et al., 2016; Lavi et al., 2021), and of these,
only one (Marbach-Ad et al., 2016) sought to characterize the
extent to which students value cross-disciplinary skills. How-
ever, the 14 survey items in Marbach-Ad et al. (2016) did not
include oral communication skills. They only included the skill
Scientific Writing, which was grouped under a broad Transfer
Skills category. More research is needed to understand what
written and oral communication skills are developed and how
they are valued.

It is noteworthy that, while we did not ask students to
order-rank the values they attributed to various cross-disci-
plinary skills, we did observe that students across institutions
and disciplines nearly always valued the Memorization factor
less than the other three factors. Further, very few previous
studies included simple knowledge acquisition in their organi-
zational framework (Rayner and Papakonstantinou, 2015;
Heron and McNeal, 2016; Marbach-Ad et al., 2016), and yet
disciplinary knowledge is the foundation for all disciplinary
and cross-disciplinary skill development (Bloom, Krathwohl,
and Masia, 1956; Fink, 2013). Both Marbach-Ad et al. (2016)
and this study support the value of knowledge acquisition as a
skill that students need to develop, despite it not always being
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perceived as valuable. Students interviewed by Marbach-Ad
et al. (2016) explained that they value simple memorization of
facts, as it is a requisite skill to develop other skills (Mar-
bach-Ad et al., 2019). Additional research is needed to better
understand how students perceive memorization skills and
how these skills relate to the development of more sophisti-
cated cognitive skills.

Interpreting the Experiences Factors

In the present study, we used classroom experiences questions
that aligned with various cross-disciplinary skills and identi-
fied a two-factor structure of Experiences that includes
active-learning practices: Interactive/Evidence-Based Experi-
ences and Procedural and Quantitative Experiences. The
Interactive/Evidence-Based Experiences factor included the
types of activities that engage students in the thinking process
through communication (e.g., Oral presentations, Writing
assignments), collaboration (e.g., Working in groups during
class time), and application (e.g., Relating course material to
the real world). The Procedural and Quantitative Experiences
factor represented more foundational classroom activities that
engage students in their learning process, especially through
computational (e.g., Using software appropriate for your dis-
cipline) or quantitative activities (e.g., Applying quantitative
reasoning).

In the literature, classification schemes for learning activities
are generally developed conceptually/theoretically (e.g., Walter
et al. 2016) and exist on a continuum of student-centered (e.g.,
group work) to instructor-centered (e.g., extensive lecturing)
practices or as a bifurcated active learning and traditional
instruction. Previous research has also presented data from fac-
ulty (e.g., Dancy and Henderson, 2007) and students (e.g.,
Freeman et al., 2014; Cavanagh et al., 2018) to further support
this framing of instructional practices around students’ active
engagement in the learning process. In the present study,
active-learning classroom experiences were found under both
factors. The more passive instructional practices (sometimes
referred to as instructor-centered practices or traditional instruc-
tion) such as extensive lecturing and answering questions from
individual students in class did not load strongly on either of
the Experiences factors and so were excluded. Additional
research is needed to better understand how students’ class-
room experiences related to development of cross-disciplinary
skills aligns with various approaches to organize instructional
practices.
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RQ2: How Are Students’ Values Related to Institutional,
STEM Discipline, Research Experience, Sociodemographic
Characteristics, and Reported Classroom Experiences?

In addition to identifying an empirically based structure for stu-
dents’ perceived Values and Experiences related to cross-disci-
plinary skills, we also ran four linear regression models to
explore relationships between students’ values, classroom expe-
riences, undergraduate research experience, STEM discipline,
gender, ethnicity, and institution.

Controlling for research experience, institutional, gender,
ethnicity, and disciplinary differences, we found that the Inter-
active/Evidence-Based Experiences factor related to each of the
Values factors and consistently explained the most variability in
the outcome. In other words, the more frequently students
reported experiencing classroom activities such as designing
research studies, oral presentations, and group work, the more
likely they were to report valuing all cross-disciplinary skills.
This study aligns with previous work that demonstrates a posi-
tive relationship between evidence-based classroom experi-
ences and cross-disciplinary skills such as communication, col-
laboration, and critical thinking (e.g., Marbach-Ad et al., 2016;
Demaria et al., 2018). It further extends this work to demon-
strate the importance of evidence-based classroom activities for
students’ value of cross-disciplinary skills related to research
practices.

The Procedural and Quantitative Experiences factor was
positively associated with the Conceptual and Data Application
factor, which suggests that students who experience classroom
activities related to problem solving and applying quantitative
reasoning also value these skills. However, this relationship was
weaker than the relationship between Interactive/Evi-
dence-Based Experiences in explaining differences in reported
Conceptual and Data Application values. There was also no
relationship between the Procedural and Quantitative Experi-
ences factor and Research and Writing, Memorization, and
Nature of the Discipline values factors, suggesting that students’
more foundational classroom experiences may not relate to
these particular cross-disciplinary values.

From an EVT of motivation perspective, our findings support
a conceptual model for how classroom experiences can influ-
ence the extent to which students value, and therefore might be
motivated to develop, a broad range of cross-disciplinary skills.
In particular, the Interactive/Evidence-Based Experiences fac-
tor, which includes experiences such as non-lecture based
in-class activities, group work, and opportunities to relate
course material to the real world, may allow students to dis-
cover value in their learning and improve motivation (e.g.,
Curry et al., 2020). In contrast, the Procedural and Quantitative
Experiences factor, which includes experiences such as solving
problems, graded homework assignments, and computer pro-
gramming, appears less strongly related to student values, per-
haps because these instructional practices might sometimes be
more rote in nature and their value less readily apparent to stu-
dents. Previous research has demonstrated a relationship
between students’ beliefs and motivation for learning (e.g.,
Paulsen and Feldman, 2006; Husain, 2014), so the lack of rela-
tionship between Procedural and Quantitative Experiences and
cross-disciplinary values may be related to students’ beliefs
regarding these classroom practices. These motivational-related
differences in instructional experiences provides a reasonable
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explanation for why the Interactive/Evidence-Based Experi-
ences factor was more strongly related to and accounted for
more variance in each values factor compared with Procedural
and Quantitative Experiences. Further research is warranted to
identify how the nuances of specific instructional practices and
student beliefs regarding those practices might influence the
development of student values and their motivation to develop
related cross-disciplinary skills.

We also observed that students’ research experience was sig-
nificantly related to their value of Research and Writing and, to
a lesser extent Conceptual and Data Application. This finding
supports previous research and current recommendations that
UREs can enhance students’ research and communication skills
(e.g., Gilmore et al., 2015; Carter et al. 2016). However,
research experience was not related to the other two values fac-
tors. Given that UREs provide students with authentic scientific
experiences, it is surprising that research experience is not
related to students’ value of the Nature of the Discipline. This
lack of relationship further supports the aforementioned claim
that student beliefs may play a role in how they value the
Nature of the Discipline. Alternatively, students who engage in
research experiences may already hold similar values or beliefs
about the nature of the discipline. It would be beneficial to fur-
ther tease out what components of research experiences (e.g.,
mentoring, laboratory work, collaboration) relate to the
cross-disciplinary skills that students value.

When controlling for all other variables, we observed that
students’ sociodemographic characteristics (i.e., gender, race/
ethnicity) were significant predictors for many of the values but
minimally accounted for variance in the outcomes (0 to 0.4%).
This finding is surprising, given the body of literature demon-
strating differences in undergraduate STEM students’ experi-
ences and outcomes based on their race and gender (e.g.,
Rainey et al., 2018; Witherspoon and Schunn, 2019) and the
motivational literature (e.g., Roksa and Whitley, 2018). How-
ever, sociodemographic characteristics are not why outcome
differences exist, rather they are a proxy for sociocultural vari-
ables that may be attributed to students with different racial
and gender identities (Eddy and Brownell, 2016). In the pres-
ent study, we found that students’ cross-disciplinary values
were not outcomes that can be explained by students’ sociode-
mographic characteristics, which may provide additional
insight into understanding when, and for what outcome mea-
sures, sociodemographic variables can be proxies for sociocul-
tural variables. Recent research has found that students’ inter-
sectional identities (e.g., Black female, white male) may be
more important when examining outcomes in STEM under-
graduate education (Rainey et al., 2018; Van Dusen and Nissen,
2020). Thus, the limited explanatory power of students’ socio-
demographic variables in the present study may be a result of
treating students’ race and gender as separate variables in the
regression models. Further research understanding how race
and gender relate to students’ cross-disciplinary skill values is
warranted.

Finally, we observed that both the disciplinary context and
institution were related to students’ values of the four cross-dis-
ciplinary skills factors. The largest variation in relationships
between discipline and values were for Research and Writing
values, where differences across majors represented the second
most important variable for explaining differences in reported
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values. Descriptively, we also observed trends in students’
cross-disciplinary values for biology majors across institutions
but that students at University 2 consistently valued cross-disci-
plinary skills less than students at the other institutions (Figure
2). These data add to a growing understanding of similarities
and differences that exist across STEM disciplines (e.g., Rein-
holz et al., 2019) and institutions. Further exploration of stu-
dents’ perceptions and values of cross-disciplinary skills and
their relationship to disciplinary structures, people, symbols,
and power (Reinholz et al., 2019) may help confirm which val-
ues span disciplines, regardless of institution, and which are
specific to institutional types.

Limitations

This cross-disciplinary, cross-institutional study allowed for more
generalizability than single-discipline and single-institution stud-
ies; however, there are a few limitations. First, because the sur-
vey was not mandatory at all of the institutions, the sample is
composed largely of self-selected respondents. Additionally,
some of the universities’ students are disproportionately repre-
sented in the sample, potentially due to those universities’ cul-
ture of distributing exit surveys. Both of these sampling limita-
tions may have resulted in findings representative of certain
types of students. Second, students reported their experiences
just before graduating based on their recollections, rather than
contemporaneously over the course of their entire undergradu-
ate studies. This retrospective, self-reporting of experiences could
introduce potential bias. However, there are studies demonstrat-
ing that these retrospective findings can be more accurate given
students’ reflectiveness on their experiences (Volkwein et al.,
2007). Third, while the study was conducted across four institu-
tions, these institutions were all predominately white institutions
of high research activity in the Mid-Atlantic. This may limit our
findings’ generalizability to institutions with differing character-
istics. Further research expanding to historically Black colleges
and universities, Hispanic-serving institutions, and community
colleges would help further generalize the present study’s
findings. Finally, the retrospective nature of this study captures
student values at only one point in the educational trajectory
(graduation), which makes it impossible to assess how various
facets of students’ characteristics and experiences are causally
related to their values. It is very likely that student values change
over the course of their time as students as a result of their expe-
riences as undergraduate students and during their initial steps
toward postgraduate employment or graduate education. A
deeper investigation into this process is warranted and would
require a sufficiently fine-grained set of longitudinal data to
allow proper temporal ordering of the variables of interest, as
well as a rich set of covariates to eliminate all association due to
confounding.

CONCLUSION

Recent calls for undergraduate STEM instructional reforms sug-
gest that there is a gap between the skills students have and the
skills employers desire (Jang, 2016). To better prepare students
for their postgraduate careers, there is a need for more research
on the association between students’ experiences and the skill
levels that they develop through these experiences. In this
study, we measured students’ values of cross-disciplinary skills,
which are important for their success in future careers. Here, we
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summarize the theoretical, methodological, and practical con-
tributions of this study and suggest additional directions for
future research.

Theoretical Contribution

Our study aimed to increase the generalizability of prior work
by including multiple disciplines and institutions. The data
analysis shows that, while it is possible to conduct research
across multiple disciplines, it is important to consider nuanced
differences that may be present. This is also the case for institu-
tional differences, as institutional types and cultures could
influence students’ values. Future studies should gather infor-
mation from larger populations from varied institutions and
disciplines. This would increase the ability to probe for poten-
tial interaction effects. For example, our model only tested main
effects of classroom experiences on values. It is possible that a
particular type of experience has differing effects on students
majoring in different disciplines at different types of institutions
(e.g., liberal arts, research-intensive, community college). Addi-
tionally, these differences could be examined more thoroughly
through qualitative methods such as interviews and focus
groups.

Methodological Contribution

Research studies exploring perceptions of skills by students, fac-
ulty, and/or employers suggest there are some differences in the
relative value placed on these skills (e.g., Jang, 2016; Imafuku
et al., 2018). Here, we revised a previously validated survey
tool, the STEP-U, that could be used to probe perceived values
and experiences, not only with undergraduate students, but
also potentially with faculty, graduate students, and employers.
It could also be used longitudinally to examine the develop-
ment of student values over time, by measuring values at addi-
tional time points, such as matriculation, postgraduation, and
in the workplace. Finally, the tool could be used to further
explore the nuances in the relationship between experiences
and values by examining the interactions between classroom
experiences and STEM discipline.

Practical Contribution

The results of this study could be shared with faculty to spur
conversations about teaching and learning. Research shows
that faculty find data about their own students’ thoughts, val-
ues, and understandings very compelling (Marbach-Ad et al.,
2010, 2019), perhaps more so than published findings from
other institutions. Therefore, department-level conversations
around relevant STEP-U data could be particularly beneficial
for promoting discussions about instructional methods. In addi-
tion, evidence regarding associations between research experi-
ence and student values could help promote opportunities for
undergraduate research and other practical experiences. The
STEP U could be used to evaluate whether the implementation
of these additional opportunities impact students’ values.

In summary, our findings demonstrate the relationships
between students’ values of cross-disciplinary skills and their
classroom experiences, research experiences, and contextual
experiences within their disciplines and institutions. This pro-
vides validity evidence that the four values factors represent
somewhat distinct values that could be enhanced by different
types of experiences.
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