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An important step in the growth of engineering education as a unique field of inquiry is to understand how theoretical
constructs manifest within different engineering contexts. Replication and reproducibility studies should be conducted to
support and ensure results are valid and generalizable across different variations of the same context, and to support and
ensure research in engineering education maintains an integral role in the development of future engineers. This study
follows the previous work of Major and Kirn to replicate and re-validate Carberry and colleagues’ work to create an
engineering design self-efficacy instrument. Exploratory and confirmatory factor analyses of data collected from students
enrolled in active learning environments reveal that students’ confidence and perceived success to complete design tasks
combine into a single factor. Additional work is needed to further explore this emergent inconsistency and refine the model

used to assess engineering design self-efficacy.
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1. Introduction

Engineering education is a growing area of scholar-
ship around the world as demonstrated by the
emergence of doctoral programs, societies, confer-
ences, journals, and research agendas [1-7].
Research conducted within the general context of
engineering education has been described as a dis-
cipline, community, or field [8, 9]. The inability to
differentiate between how we describe engineering
education and other similar research suggests a
continual need to assess what has been done both
within and outside of engineering education
research. Available reviews and meta-analyses of
current and emerging research methods [10-13] as
well as publication patterns [14, 15] provide steps to
develop engineering education as a rigorous disci-
pline[7, 16]. Emerging from this literature is the call
for replication and reproducibility of previous find-
ings, which are actions considered central in scien-
tificresearch [17]. Such actions should be considered
paramount when discussing research design [18-19]
in order to ensure implications for various types of
validity evidence [20]. Replication and reproduci-
bility studies should be conducted to determine how
results established in one context might generalize
to others, and to ensure that previously established
results align with updated markers of quality. Shifts
have been seen in engineering education related to
quality in qualitative research [21-23] since calls for
replicability and reproducibility studies first came
forth [24, 25], but these shifts are just beginning
within quantitative research.

The sub-community of quantitative researchers
within the engineering education research commu-
nity must advance and mature engineering educa-
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tion scholarship by conducting replication and
reproducibility studies aligned with updated mar-
kers of quality. Study replication serves to prove,
disprove, or clarify earlier results reported in the
literature. Such a demonstration through replication
supports the broader need for education research
[26], which ensures research remains an important
part of the development of future engineering stu-
dents [27]. This paper provides one example to
reproduce and replicate the original findings from
the often used and well cited Engineering Design
Self-Efficacy (EDSE) scale developed by Carberry
and colleagues [28, 29]. The context for this replica-
tion and reproducibility study within active learning
environments is first outlined by the foundations of
self-efficacy and the EDSE instrument. We also
highlight the ways the instrument has been used
since its initial publication in 2009.

2. Background
2.1 Self-efficacy

Self-efficacy is a task-specific construct concerned
with an individual’s belief in their ability to execute
behaviors resulting in a desired level of performance
[30-32]. The task-specific nature of self-efficacy
reveals a need to create specific measures to assess
self-efficacy that are specific to certain domains,
because one cannot assume that someone display-
ing low confidence in one domain is automatically
inefficacious toward another domain [31]. Numer-
ous efforts have been undertaken to understand the
role of self-efficacy in engineering education [29, 33—
49]. These studies have developed a variety of
instruments to measure self-efficacy for specific
engineering-related tasks.
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2.2 The Engineering Design Self-Efficacy (EDSE)
Instrument

The EDSE instrument was designed to measure self-
efficacy within the domain of engineering design
[28, 29]. EDSE is a student’s confidence to conduct
design activities. The EDSE was initially presented
to the engineering education community in 2009 [28]
and then later refined in 2010 [29]. The initial
impetus for development of this instrument was to
investigate the assumption that experience through
completion of engineering tasks increased self-effi-
cacy toward engineering design activities. Carberry,
Lee, and Ohland [29] designed the instrument to be
malleable to the needs of the surveyor by embedding
flexibility in the constructs and items used. A generic
scale question was used to rate any number of task-
specific self-concepts of interest. The primary self-
concept of interest was self-efficacy (presented as
confidence), but also included motivation, expec-
tancy for success, and anxiety [28, 29]. These sec-
ondary self-concepts were included to test
theoretical relationships and are not limited to
those selected. Each scale consisted of a set of
items based on a chosen representation of the
engineering design process. The design process
selected for the EDSE involved eight steps, resulting
in eight items per scale. The eight items could be
modified or replaced with statements aligned with
alternative engineering design process representa-
tions. A check of effectiveness for the eight items,
written to represent the chosen design process, was
embedded in the instrument as a generic ninth item:
conduct engineering design. This single item pro-
vides a means to test any set of items written for any
given engineering design process; factor analysis
should produce a single factor representing engi-
neering design that correlates to the additional
generic item.

The results reported by Carberry, Lee, and
Ohland [29] demonstrated three important find-
ings. First, the chosen engineering design process
representation can appropriately measure task-
specific  self-concepts, such as self-efficacy.
Second, EDSE is highly dependent on past
engineering experiences. Third, motivation, out-
come expectancy, and anxiety toward engineering
design correlate highly to EDSE.

2.3 Use of the EDSE Instrument

Almost a decade later, the EDSE instrument has
been used or referenced over 200 times by numer-
ous journals, conference proceedings, disserta-
tions, and engineering education educators (e.g.,
[50-54]). One relevant example to this study is a
quantitative study by Major and Kirn [55], which
sought to use the EDSE instrument [29] to explore

changes in student design self-efficacy as a result of
participation in active learning environments, such
as problem- and project-based learning. A later
study by Major and Kirn [56] also qualitatively
investigated how the active environment itself
might bring about those attitudinal changes.
Results of exploratory factor analysis (EFA) by
Major and Kirn [55] suggested that students might
see confidence and success to be the same factor,
i.e., feelings in their ability to competently com-
plete design tasks. The authors recognized that
such a combination has similarly been seen in
engineering identity analyses (performance-com-
petence) as an important part of engineering
identity development when mediated by interest
or external recognition [57], such as what might be
developed in active learning environments [58].
The model was subsequently reduced to three-
factors: (1) confidence-success, (2) motivation,
and (3) anxiety [55]. The authors followed factor
analysis with pre-post comparative analysis and
found that students had a significant increase in
confidence-success over the course of the semester.
In their discussion, it was thought that active
learning might allow students to develop attitudi-
nal feelings of confidence and success, such that it
might also be developing students’ identities as
engineering designers [56].

3. Purpose of the Study

This study re-examines the validity evidence pre-
sented for the EDSE instrument by Carberry et al.
[29] and preliminary work of Major and Kirn [55]
through a replication and reproducibility effort
within the context of active learning. New validity
evidence for the EDSE instrument was generated
using new analyses to support the continued use and
potential modification of the instrument. The
results expand and complement the initial validity
work done to develop the instrument. This overall
effort was guided by the following research ques-
tion: RQ: How does previous validity evidence for the
Engineering Design Self-Efficacy instrument com-
pare to new emerging evidence within active learning
environments? The results provide a replication and
reproducibility study of motivational constructs
within engineering education. Insights from contin-
uous evaluation within and outside of engineering
education build a strong foundation for use of the
instrument across multiple populations.

4. Methodology

The work of Major and Kirn [55, 56] examined
changes in student EDSE due to participation in a
single project-based learning statics course. This
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study sought to replicate this earlier work, and to
expand it to three other courses using similar and
different active learning practices, to determine
whether further validity evidence in an active learn-
ing environment could be obtained. We start by
describing the courses that were used.

4.1 Research Setting

Four separate courses at the same western land-
grant university were used for this study. Courses
were chosen by solicitation to instructors of well-
known, high-enrollment, active-learning courses at
the university that would represent the breadth of
active learning courses that might exist. We describe
each of these courses below as we believed the
different context and style of active learning might
result in slight variations other than what we pre-
sent.

(1) Introduction to Mechanical Engineering (1st-
year, 8 sections, n =287 ): This course used a lecture
and lab split. The lecture portion of the course
involved students discussing practical engineering
topics. Students worked in and out of class on
LEGO Mindstorm-based [59] projects and other
real-world applicable engineering projects (e.g.,
helmets that protect a user from impact-related G-
Forces). Each team project was tested and required
students to document their design processes. The
lab portion of the course allowed students to learn
three-dimensional design. Students used Solid-
Works [60] and completed both in and out-of-
course modeling projects. The relevance in survey-
ing this course is its use in early pilot work to test the
original EDSE instrument [28-29].

(2) Engineering Statics (2nd-year, 1 section, n =
246). This course used both problem and project-
based learning with innovative strategies for assess-
ment. The instructor used lecture for a small portion
of each class period to discuss basic theory before
moving onto exercise problems. Students were given
time to attempt the problem alone and with the
assistance of students around them before the
instructor proceeded to solve the problem on an
overhead. The instructor assessed student compe-
tence in completing engineering problems using
first-to-five strategies [61] prior to solving the pro-
blem. The last three weeks of the course were
dedicated to a project requiring students to work
in teams to design, analyze, build, and test a balsa
bridge within material and size limitations. The
relevance in surveying this course is its use in earlier
work by Major and Kirn [55, 56].

(3) Dynamics (2nd-year, 1 section, n = 159).: This
course primarily implemented problem-based and

experiential learning. The course provided short
lectures each day that were followed by supplemen-
tal problems, videos, or experiments. The problems
presented used real-life examples to link in-class
content to out-of-class engineering scenarios. The
experiments required students to use specific mea-
surement tools to find an unknown value (e.g., use
of a stopwatch, yardstick, and two skateboards to
design a momentum experiment that allows the
student to determine a close estimate of the profes-
sor’s mass). The relevance in surveying this course is
its use in early pilot work to test the original EDSE
instrument [28-29].

(4) Solid Mechanics (3rd-year, 2 sections, n =174).
This fully flipped course typically used a small
lecture followed by completion of homework pro-
blems in groups. Instructors and supplemental
instructors were available for additional assistance
during problem-solving activities. Students were
required to attend mechanics demonstrations,
watch additional lecture videos, and complete
step-by-step problem-tutorial videos called Mec-
Movies [62] outside of class. This course was not
used for pilot work or earlier work by Major and
Kirn [55, 56].

4.2 Participant Sample and Demographics

The total unique-student population was deter-
mined by comparing rosters for all four courses to
identify students enrolled in multiple courses. The
subsequent population totaled 684 unique students,
when accounting for dual-enrolled students. A
sample of 383 students completed the pre-survey
(56.0% response rate) and 290 students completed
the post-survey (42.4% response rate). Demo-
graphics of the students who completed each
survey, including their self-reported race/ethnicity,
gender, and sexual orientation are shown in Table 1.

Participants’ self-identified demographic infor-
mation was collected to compare student groups
across courses, academic year, race/ethnicity,
gender, and sexual orientation. Some categories
were collapsed to protect the identity of our parti-
cipants. Our participant population is primarily
heterosexual, White, and male. We recognize that
this group of participants is not representative of the
full diversity of engineering [63].

4.3 Survey Administration

A modified online version of the EDSE instrument
[29] was administered to students using Qualtrics
[64] at the beginning and end of the Spring 2016
semester. Students were offered varied course
incentives depending on the course(s) they were
enrolled in to compensate their participation
(Table 2). Students enrolled in more than one
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Table 1. Demographics of pre- and post-survey responses to the EDSE instrument are shown by course enrollment, year of academic
enrollment, self-identifying race/ethnicity, self-identifying gender, and self-identifying sexual orientation

Pre-Survey Post-Survey

Total Response 381 297

Course

Intro to Mech. Engr. 118 (31%) 75 (25%)

Engineering Statics 162 (43%) 122 (41%)

Engineering Dynamics 111 (29%) 117 (39%)

Solid Mechanics 130 (34%) 131 (44%)

Year

Ist Year 86 (23%) 48 (16%)

2nd Year 177 (46%) 158 (53%)

3rd Year 102 (27%) 81 (27%)

4th Year or more 16 (4%) 10 (3%)

Self-Identifying Race/Ethnicity

American Indian or Alaskan Native 10 (3%) 5 (2%)

Asian 53 (14%) 39 (13%)

Black/African American 14 (4%) 7 (2%)

Hawaiian or Pacific Islander 17 (4%) 12 (4%)

Hispanic, Latinx, or Spanish 54 (14%) 40 (13%)

Middle Eastern or North African 3 (1%) 0 (0%)

White/Caucasian 279 (73%) 224 (75%)

Another Race/Ethnicity 6 (2%) 4 (1%)

Self-Identifying Gender

Female 67 (18%) 55 (19%)

Male 305 (80%) 239 (80%)

Transgender or Another Non-binary 19 (5%) 10 (3%)

Self-Identifying Sexual Orientation

Heterosexual/Straight 357 (94%) 278 (94%)

Another Orientation 16 (4%) 15 (5%)

Table 2. Students could receive one or more incentives from different course instructors and the research group for their participation in
completing pre- and/or post-surveys

Course Course-Offered Incentive

Engineering Statics 5 points of extra credit (on a 1000-point scale) to complete each survey outside of class
time.

Introduction to Mechanical Engineering No course-offered incentive was provided. Students were given 20-minutes of in-class time
to complete the survey.

Dynamics 5 points of extra credit (equivalent to one homework assignment) to complete each survey
outside of class time.

Engineering Solid Mechanics 1% bonus to final semester grades for completion of both surveys outside of class time.

course did not have to take the survey more than
once to receive the benefits for each course. All
duplicate responses were removed before our
analysis took place. Participating students were
also given an extra opportunity from the research
team to receive a $10 electronic gift card for their
participation.

Students were asked to rate their confidence to

design, motivation to design, perceived outcome of
success doing design, and anxiety to complete vary-
ing design tasks on a 11-point scale from 0 to 100
(Fig. 1). Responses were analyzed by converting the
11-point scale from 0 to 100 to 0 to 10 as was done in
the earlier work of Major and Kirn [55]. Additional
open-ended questions were included to provide in
depth qualitative insights and demographic infor-



Revisiting a Measure of Engineering Design Self-Efficacy

753

Item Names Item Scale
0 10 20 30 40 50 60 70 80 90 100
Conduct Engineering Design 1 O O o o o o 0O O O O o
Identify a design need 2 (0] 0] (0) (0) (0] (0] (0) (0) (0] (0) (0]
Research a design need 3 (0) (0] (0) (0) (@) (0) (0) (0) (0] O o
Develop design solutions 4 0] O O O O O O O O O 0]
Select the best possible design 5 (0) (@) (0) (0) (0] (0) (0) (0) (0] (0) (0)
Construct a prototype 6 (0] 0] (0) (0) 0] (0) (0) (0) 0] (0) (0)
Evaluate and test a design 7 o O O O O o O O O O (0]
Communicate a design 8 0] O O O O O O O O O 0]
Redesign 9 0 O O O O o O O 0O o O

Fig. 1. Students rated their confidence, motivation, perceived ability to succeed, and anxiety to complete design tasks on an 11-point EDSE

scale from 0 to 100.

mation. This article focuses only on the quantitative
findings.

4.4 Factor Analysis and Structural Equation Model
Fit

Previous EFA and correlation testing suggested
that students saw confidence toward design and
perceived outcome of success designing as a single
construct [55]. Additionally, earlier pairwise t-test-
ing of a combined confidence-success model
revealed that students had a significant increase in
the combined construct over the course of a seme-
ster [55]. The current study completed EFA again,
using parallel analysis for both the pre and post data
using R Statistical Software [65]; Promax rotation
[66]; and 0.50 factor loading cutoffs [67]. Items
within the confidence and success factors were
averaged (i.e., confidence item 1 with success item
1, etc.) to create a combined confidence-success
factor prior to analysis (see previous work by
Major and Kirn [55]). Pre- and post-survey factor
scores were checked for construct reliability using a
recommended value of 0.70 for Cronbach’s «
[68, 71]. Individual confidence and success factors
were also tested to ensure that consistency was
sufficient before and after averaging. Finally, result-
ing factor scores were created by averaging items
within the factor, according to the EFA, which were
later checked for correlations.

The idealized model was then modeled using
confirmatory factor analysis (CFA) using the R
statistical software package, lavaan [70]. The
recommended sample size for CFA is 10 partici-
pants per item; a total of 360 participants for this
study [71]. Since our total sample was near or
below the desired 360 responses, a Kaiser-Meyer-
Olkin (KMO) Test was run to check for sample
adequacy [72]. Further, to abide by homogeneity of
variance, a Bartlett Sphericity Test was run [73].
Steps were undertaken before each iteration of fit
to ensure that items continued to correlate to the
model’s main three factors found during the EFA.

We considered items to be highly correlated if they
had a factor loading of above 0.60 [74]; those items
below this threshold were removed. Modindices
[70] were additionally inspected throughout for
items considered to be largely affecting the model
Chi-Square (X?).

We determined model fit by comparing lavaan fit
values [71] to those recommended in the literature,
including a Normed Fit Index above 0.9 or 0.95
(NFI) [75, 76], Goodness of Fit Index above 0.90
(GFI)[75], Comparative Fit Index above 0.93 (CFI)
[75], Root Mean Square Error Approximation
under 0.06 (RMSEA) [77] with the upper confidence
level of the RMSEA lying under 0.08 [77], and a
Relative Chi-Square Value under 2 or 3 [74, 79].
Modindices [10] were then used based on findings
and consideration of the theoretical models to
determine and create covarying pathways to better
achieve model fit values. Updated models were
compared to the model without the update using a
Vuong’s Test [80] to test for significant improve-
ment. Our process of model improvement ceased
when we no longer found significant improvement
(determined by absence of a significant Vuong’s
Test p-value) using the largest sensical modindices
recommendation [70].

5. Results
5.1 Exploratory Factor Analysis

Parallel analysis, shown in Fig. 2a and 2b, suggested
that the model should contain three factors in both
the pre- and post-versions, respectively. Following
these recommendations, we used a three-factor
model for continued EFA.

The EFAs of both pre- and post-data, shown in
Table 3, present identical factor structures: a con-
fidence-success (CS) factor made of all the confi-
dence-success items, a motivation (M) factor made
of all motivation items, and an anxiety (A) factor
made of all the anxiety items. Within item number-
ing is still identical to that found above in Fig. 1.
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Fig. 2. Like in Major and Kirn [55], results of parallel analysis suggest that there were three latent factors in both the pre- and post-versions,
respectively.

Table 3. Through exploratory factor analysis, we found EDSE items in the pre- and post-survey each cleanly loaded into a three-factor
model

Item Code Pre-Survey EFA Post-Survey EFA

Factor 1 Factor 2 Factor 3 Factor 1 Factor 2 Factor
CS1 0.928 0.902
CS2 0.901 0.863
CS3 0.808 0.743
CSs4 0.936 0.894
CS5 0.898 0.904
CS6 0.755 0.769
CS7 0.815 0.840
CS8 0.707 0.596
CS9 0.851 0.849
Ml 0.820 0.838
M2 0.852 0.890
M3 0.833 0.779
M4 0.924 0.896
MS5 0.897 0.886
M6 0.844 0.692
M7 0.878 0.834
M8 0.721 0.783
M9 0.756 0.640
Al 0.884 0.952
A2 0.924 0.945
A3 0.891 0.911
A4 0.939 0.957
A5 0.916 0.898
A6 0.885 0.877
A7 0.899 0.887
A8 0.687 0.742
A9 0.885 0.899
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These findings are similar to those found in our
earlier work [55].

5.2 Construct Reliability

Construct reliability using Cronbach’s « showed
that the respective reliability for pre- and post-test
self-efficacy (0.96; 0.96), motivation (0.95; 0.995),
outcome expectancy (0.96; 0.96), and anxiety
(0.97; 0.97) were sufficiently above the suggested
0.70 loading [69]. The combined confidence-success
factor was also sufficiently above the threshold
(0.96; 0.95). In combination, these results suggest
that the EDSE factors were very reliably measured
by the items used in the survey.

5.3 Correlation

A test for inter-factor correlation confirmed that the
combined confidence-success and motivation fac-
tors were highly correlated for both the pre- and
post-survey data (0.597; 0.716). Additionally, we
found that confidence (0.361; —0.209) and motiva-
tion (-0.242;-0.256) were not highly correlated with
anxiety. This finding is in opposition with original
findings from Carberry, Lee, and Ohland [29],
which suggests a high negative correlation should
exist. The overall results support a three-factor
grouping of results as our exploratory factor ana-
lysis showed.

5.4 Confirmatory Factor Analysis
5.4.1 Kaiser-Meyer-Olkin (KMO) Sampling
Adequacy Test

Our use of a KMO test suggested that the number of
participants is adequate for the number of items to
be tested in CFA (above 0.50) [72]. We found that
measured sample adequacy for both pre- and post-
survey data was 0.94, which based on Kaiser’s work,
would be thought of as sample adequacy that is
“superb”.

5.4.2 Bartlett’s Sphericity Test

Our use of Bartlett’s Test for both pre and post-
survey data resulted in a p-value of 0.000, and Chi-

squared values of 17,073.01 and 13,066.27, respec-
tively. Significant p-value results reject the null
hypothesis that the data’s correlation matrix is
similar to an identity matrix, which suggests that
the data has a structure for factor analysis. We used
these combined results to move forward with con-
firmatory factor analysis.

5.4.3 Pre-survey and Post-survey: Model 1

A confirmatory model was tested for both pre- and
post-surveys, which used the theoretical structure
from the EFA (Table 4). Factor one consisted of all
confidence and success items. Factor two consisted
of all motivation items. Factor three consisted of all
anxiety items. A test of Model 1 for the pre-survey
did not result in adequate model fit; however, model
summaries suggested that all items were highly
correlated to the model. The largest modindices
still fit theoretical constructs, which suggested that
we create a pathway between items C1 and C2 to
improve model fit.

We observed similar results for the post-survey
Model 1. We found items were still highly correlated
to the model and fit measures were very low, except
for the GFI which was above the recommendation
of 0.9. Modindices within theoretical constructs
recommended we create a covarying path between
items C8 and S8. Both modifications were made
within Model 2 for the pre- and post-survey.

5.4.4 Pre-survey: Model 2

The modindices for pre-survey Model 1 suggested
additional paths between item C1 and C2 be added.
Table 4 provides the fit indices that resulted from
these changes. We found that small improvements
were present, but there was no indication of large fit
improvement. We found that data summaries still
suggested that all items were highly correlated to the
model.

Further, Vuong testing for significant changes
between pre-survey Model 1 and pre-survey
Model 2 suggest that the addition of the path
resulted in no significant change in fit (p = 1).

Table 4. The model of EDSE could not be confirmed using confirmatory factor analysis, even when we attempted to improve model fit

Model 1 Model 2
Indicator Suggested Value Pre-Survey Post-Survey Pre-Survey Post-Survey
X? p-value >0.05 0.000 0.000 0.000 0.000
X2/df <2or3 >7 >5 >7 >5
NFI >0.90 0.73 0.77 0.74 0.77
GFI >0.90 0.75 0.91 0.84 0.91
CFI >0.93 0.75 0.81 0.77 0.81
RMSEA <0.06 0.13 0.12 0.13 0.12
RMSEA-Upper Tail <0.08 0.13 0.12 0.13 0.12
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Testing of the alternative null hypothesis that
Model 2 was better than Model 1 displayed that
Model 1 was significantly better than Model 2 (p =
9.65 x 10°°). These results suggest that model fit
improvement using the addition of covarying paths
need not continue because the modindices recom-
mendation should have resulted in the largest
increase in fit and did not end up being significant.

5.4.5 Post-survey: Model 2

The recommendation of modindices of post-survey
Model 1 suggested an additional path between item
C8 and S8 be added. Table 4 provides results of the
changes. We found that the addition of a path did
not result in significant increases in fit, which was
confirmed using Vuong testing (»p = 1). We also
found testing of the alternative null hypothesis
confirmed the same results as the pre-survey
hypothesis (p = 9.62 x 10°°). These results, like the
pre-survey, suggest that model fit improvement
using the addition of covarying paths need not
continue. It is with these results that we conclude
that the theoretical model of design self-efficacy
tested through EFA cannot be confirmed using
CFA.

6. Discussion

To our knowledge, none of the over 200 journal
articles or conference proceedings using and/or
citing the original instrument by Carberry and
colleagues [28, 29] has attempted to provide validity
evidence to support their use of the EDSE instru-
ment. These works have primarily focused on
practical use of the instrument or its theoretical
basis in the creation of new scales. This work is the
first of its kind to further examine the reliability and
validity of previously collected and analyzed data
using the EDSE instrument. Initial reliability evi-
dence for the instrument [28, 29] indicated that the
factors held together internally. Our reevaluation of
this work, considering new standards for quality in
quantitative research [25, 81-83], indicated that
there is insufficient evidence to extend the original
claims of reliability and validity to other contexts.
The new reliability and validity approaches applied
to the EDSE instrument within this work (e.g.,
CFA) represent exploration of not only the internal
consistency of the items, but also the uniqueness of
each factor from one another. It is due to the lack of
areliable structure of the instrument that we call for
additional efforts in establishing an instrument with
improved accuracy toward measuring students’
EDSE. We use the remainder of the discussion to
highlight the potential reasons that may have
caused these findings to emerge when the EDSE

instrument was designed to mimic established mea-
sures of motivation in other disciplines.

6.1 Inconsistencies in Measuring Motivation in
Engineering

The results of our study that question the use of an
existing motivation measure in engineering are not
unique. Multiple studies have demonstrated that
engineering students do not behave the same, or
embody the same motivational beliefs, as other
students in similar courses. Nelson, Shell,
Husman, Fishman, and Soh [84] found that non-
engineering students better connected their futures
with their current course, had greater perceived
instrumentality for the course content, and
espoused more learning-oriented goals for their
academics, than engineering students enrolled in
the same technical course. Similarly, leading moti-
vation researcher and social psychologist, Judith
Harackiewicz, noted that engineering students
enrolled in a technical course with other non-
engineering majors demonstrate significantly less
interest [85]. Kirn and Benson [86] found that
engineering students’ conceptualizations of grit
differed from the theoretical definition of persis-
tence toward long-term goals [87]. The engineers’
conceptualized grit as persistence on short-term
tasks which differs from Duckworth, Peterson,
Matthew, and Kelly’s [87] traditional focus on
long-term goals. The inconsistencies in student
expression may begin to explain why the engineer-
ing education research community has struggled to
consistently use motivation frameworks in their
studies of student motivation [88].

6.2 The Limitations of Transferring Motivation
Measures across Cultural Boundaries

We note that the lack of continuity of findings
between different survey administrations is not
unique to engineering. Universal application of
educational psychology theories has been called
into question [89], especially in the context of race/
ethnicity and culture [90-92]. Artelt [93] found that
different cultures have different meanings for intrin-
sic and extrinsic motivation. Schunk, Meece, and
Pintrich [91] described how expectancy-value
theory is constrained by the social and cultural
beliefs of the culture; what one person from one
culture values is likely different from what another
person from another culture values. Zusho and
Clayton [92] found that achievement goal theory
was especially bound by culture because the
achievement goal framework had only been
researched in Western cultural contexts. These
cultural-values are embedded in this and other
similar theories. Further, there is a growing body
of evidence indicating that motivational constructs
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as designed are not robust when transferred into
unique cultural domains such as engineering. It is
not surprising then that the EDSE instrument has
limited reliability and validity when considering this
body of work.

6.3 The Uniqueness of Engineering Culture

Work has noted that motivation theories have
limited generalizability across cultural boundaries.
Significant work in engineering has described the
unique culture of engineering [94]. The field has
been described as having an engineering way of
thinking, engineering way of doing, being an engi-
neer, acceptance of difference, and relationships
[95]. Additionally, engineering is perceived as an
industry-driven field (in other words, practical solu-
tions must be generated) that divides the technical
from the social aspects. The socio-technical divide
manifests in the valuing of technical skills (e.g.,
problem solving and differential equations) over
professional skills (e.g., communication and inter-
personal skills) [95, 96]. This divide, described as the
depoliticization of engineering, manifests in educa-
tional environments that celebrate the perceived
removal of the social components that drive the
need for engineers in the first place [95-96]. The
prioritization of the technical leads to the continued
reconstruction of a culture rooted in technical
meritocracy, i.e., reward based on technical ability.
Such technical meritocracy has been prioritized by
the engineering community, but has also been
shown to stifle creativity [97], disproportionately
reward those who fit the traditional engineering
mold, and exclude potential new members to the
engineering profession [98, 99]. These cultural
values and priorities drive the development of com-
munities of practice, accreditation processes, and
individual level priorities that directly impact engi-
neering students and serve to shape students’ moti-
vations [95, 96, 98].

These values fortified by cultural structures
become embedded in students’ epistemological
understanding of engineering, i.e., what counts as
legitimate engineering knowledge, tools, and prac-
tices [98]. Student motivations, goals, and actions
are all influenced by their desire to become a part of
or enter specific communities of practice and be
rewarded by those who hold access to the engineer-
ing profession [57, 84, 86, 96,99, 101-103]. Training
students in a technically driven culture that does not
favor socio-cultural components shapes how stu-
dents are motivated in engineering and motivated to
be engineers. Student motivation then becomes
filtered due to the culture of engineering and its
inherent value system, which shapes how students
interpret and respond to motivational research that
is in itself shaped by the culture. It is therefore not at

all surprising that the EDSE instrument did not
hold together when tested for reliability and valid-

1ty.

7. Limitations

There are several limitations to this replication
study beginning with our sample. We acknowledge
that our sample size is not ideal even though KMO
testing indicated we had a large enough sample size
to model EDSE effectively using factor analysis.
Our sample is also acknowledged as predominantly
White, male, and heterosexual, and may not be
representative of the current engineering commu-
nity or the diversity goals of the engineering educa-
tion community [63].

Further limitations come by way of the differ-
ences between the methodological approaches used
in this study compared to those used by Carberry
and colleagues’ [28, 29] original work creating the
EDSE instrument. The original approach taken
was to provide content, criterion-related, and con-
struct validity evidence using an available engineer-
ing design process, past engineering experience of
participants, and Bandura’s Self-efficacy Theory
[30-32] as validity sources. The items and scales
were consistent between studies; however, factor
analysis to determine item inclusion was conducted
quite differently. The original work examined each
scale individually and concluded after exploratory
factor analysis. The results suggested one factor for
each scale — self-efficacy, motivation, expectancy
for success, and anxiety. The current article did not
differentiate between scales or constructs, which
revealed a three-factor model. The discrepancy
between studies was that one factor emerged for
confidence and expectancy for success during
exploratory factor analysis. This study attempted
to confirm these findings with confirmatory factor
analysis. Results did not converge, which suggests
more work is needed. A preliminary comparison of
fits between a three and four-factor model showed
that a three-factor model still maintained a higher
level of fit. We do not present these differences in
this study as neither model met thresholds for
quality. Correlations between factors and tests for
reliability were conducted for both studies with an
additional step taken in the original work to
examine the relationship between the factor con-
sisting of multiple items, i.e., engineering design
process steps, and a single item referring to engi-
neering design. The studies continue to diverge in
terms of how the original work expanded its
analysis by grouping participants based on engi-
neering experience — high, intermediate, and low
self-efficacy [29]. Such groupings were used because
the sample included more than just engineering
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students. One-way ANOVAs complemented by
Tukey HSD post hoc comparisons were used to
compare group scores for self-efficacy, motivation,
outcome expectancy, and anxiety toward engineer-
ing design to examine and confirm criterion-related
validity. Group scores were not compared in this
study because our model does not hold as initially
theorized.

8. Conclusion and Future Work

This study set out to explore students’ EDSE in
active learning environments. We administered the
EDSE in four classes using active learning methods
to gather additional validity evidence. Results of
this testing indicated that the survey does not meet
reliability and validity standards for the population
in our study. We believe potential explanations for
this finding are supported throughout ongoing

conversations in the educational psychology litera-
ture, that suggest motivation measures do not
transfer well across contexts. Our findings indicate
that further work is needed to establish the EDSE
instrument (or another measure) before using the
EDSE instrument again to ensure that the measure
accurately reflects students’ self-efficacy toward
engineering design.

Acknowledgements— The authors would like to thank Dr. Allison
Godwin of the Purdue University Department of Engineering
Education for her helpful advice throughout the modeling
process, and the participants and professors of the institution in
which this data was collected for helping make this work possible.
Additionally, the authors wish to thank the PRiDE Research
group at the University of Nevada, Reno for their support to
prepare this manuscript. Finally, the authors would like to thank
the National Science Foundation for their support of this work
through a Graduate Research Fellowship (DGE-1333468). Any
opinions, findings, and conclusions or recommendations
expressed in this material are those of the author and do not
necessarily reflect the views of the National Science Foundation.

References

1.

2.

W

20.

21.

22.

L. C. Benson, K. Becker, M. M. Cooper, H. Griffin and K. A. Smith, Engineering education: Departments, degrees and directions,
International Journal of Engineering Education, 26(5), pp. 1042-1048, 2015.

R. M. Felder, S. D. Sheppard and K. A. Smith, A new journal for a field in transition, Journal of Engineering Education, 94(1), pp. 7-
10, 2005.

. N. L. Fortenberry, An extensive agenda for engineering education research, Journal of Engineering Education, 95(1), pp. 3-5, 2006.
. J.R. Lohmann, Building a community of scholars: The role of the Journal of Engineering Education as a research journal, Journal of

Engineering Education, 94(1), pp. 1-6, 2005.

. National Engineering Education Research Colloquies Steering Committee, The research agenda for the new discipline of engineering

education, Journal of Engineering Education, 95(4), pp. 259-261, 2006.

. K. Smith, Guest editorial: Continuing to build engineering education research capabilities, IEEE Transactions on Education, 49(1),

pp- 1-3, 2006.

. R. A.Strevelerand K. A. Smith, Conducting rigorous research in engineering education, Journal of Engineering Education, 95(2), pp.

103-105, 2006.

. K. Haghighi, Quiet no longer: Birth of a new discipline, Journal of Engineering Education, 94(4), pp. 351-353, 2005.
. B. K. Jesiek, L. K. Newswander and M. Borrego, Engineering education research: Discipline, community, or field, Journal of

Engineering Education, 98(1), pp. 39-52, 2009.

. M. Borrego, E. P. Douglas, and C. T. Amelink, Quantitative, qualitative, and mixed research methods in engineering education,

Journal of Engineering education, 98(1), pp. 53-66, 2009.

. J. M. Case and G. Light, Emerging research methodologies in engineering education research, Journal of Engineering Education,

100(1), pp. 186-210, 2011.

. J. A. Leydens, C. M. Moskal, and M. J. Pavelich, Qualitative methods used in the assessment of engineering education, Journal of

Engineering Education, 93(1), pp. 65-72, 2004.

. B. M. Olds, B. M. Moskal and R. L. Miller, Assessment in engineering education: Evolution, approaches and future collaborations,

Journal of Engineering Education, 94(1), pp. 13-25, 2005.

. M. Borrego, Development of engineering education as a rigorous discipline: A study of the publication patterns of four coalitions,

Journal of Engineering Education, 96(1), pp. 5-18, 2007.

. M. Koro-Ljungberg, E. P. Douglas, D. Therriault, Z. Malcolm and N. McNeill, Reconceptualizing and decentering think-aloud

methodology in qualitative research, Qualitative Research, 13(6), pp. 735-753, 2013.

. R. A. Streveler, M. Borrego and K. A. Smith, Moving from the scholarship of teaching and learning to educational research: An

example from engineering, To Improve the Academy, 25(1), pp. 139-149, 2007.

. R. Shavelson and L. Towne, Scientific Research in Education, National Academies Press, Washington, D.C, 2002.
. D. T. Campbell and T. D. Cook, Quasi-Experimentation: Design & Analysis Issues for Field Settings, Rand McNally College

Publishing Company, Chicago, IL, 1979.

. E. R. Smith, Research design, in H. T. Reis and C. M. Judd (eds.), Handbook of Research Methods in Social and Personality

Psychology, 2nd edn, Cambridge University Press, New York, NY, pp. 27-48, 2014.

M. B. Brewer and W. D. Crano, Research design and issues of validity, in H.T. Reis and C.M. Judd (eds.), Handbook of Research
Methods in Social and Personality Psychology, 2nd edn, Cambridge University Press, New York, NY, pp. 11-26, 2014.

J. Walther, N. W. Sochacka and N. N. Kellam, Quality in interpretive engineering education research: Reflections on an example
study, Journal of Engineering Education, 102(4), pp. 626-659, 2013.

N. Kellam and A. M Cirell, Quality considerations in qualitative inquiry: Expanding our understandings for the broader
dissemination of qualitative research, Journal of Engineering Education, 107(3), pp. 355-361, 2018.



Revisiting a Measure of Engineering Design Self-Efficacy 759

23

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

. K. Beddoes, Methodology discourses as boundary work in the construction of engineering education, Social Studies of Science, 44(2),
pp. 293-312, 2014.

K. A. Douglas and S. Purzer, Validity: Meaning and relevancy in assessment for engineering education research, Journal of
Engineering Education, 104(2), pp. 108-118, 2015.

M. A. Hjalmarson and B. Moskal, Quality considerations in education research: Expanding our understanding of quantitative
evidence and arguments, Journal of Engineering Education, 107(2), pp. 179-185, 2018.

D. F. Polit and C. T. Beck, Essentials of nursing research: Appraising evidence for nursing practice, Lippincott Williams & Wilkins,
Philadelphia, PA, 2010.

S.Olsonand D. G. Riordan, Engage to excel: Producing one million additional college graduates with degrees in science, technology,
engineering, and mathematics, Executive Office of the President, 2012.

A.R. Carberry, M. W. Ohland, and H. S. Lee, Developing an instrument to measure engineering design self-efficacy: A pilot study,
Proceedings of the 2009 ASEE Annual Conference and Exposition, Austin, TX, June 14-17, pp. 1-16, 2009.

A.R.Carberry, H. S. Lee and M. W. Ohland, Measuring engineering design self-efficacy, Journal of Engineering Education, 99(1), pp.
71-79, 2010.

A. Bandura, Behavior theory and the models of man, American Psychologist, 29(1), pp. 859-869, 1974.

A. Bandura, Self-efficacy: Toward a unifying theory of behavioral change, Psychological Review, 84(2), pp. 191-215, 1977.
A.Bandura, The explanatory and predictive scope of self-efficacy theory, Journal of Social and Clinical Psychology,4(3), pp. 359-373,
1986.

N. E. Betz and G. Hackett, The relationship of career-related self-efficacy expectations to perceived career options in college women
and men, Journal of Counseling Psychology, 28(5), pp. 399-410, 1981.

N. E. Betzand G. Hackett, Applications of self-efficacy theory to understanding career choice behavior, Journal of Social and Clinical
Psychology, 4(3), pp. 279-289, 1986.

D. Baker, S. Krause and S. Y. Purzer, Developing an instrument to measure tinkering and technical self-efficacy in engineering,
Proceedings of the 2008 ASEE Annual Conference and Exposition, Pittsburgh, PA, June 22-25, pp. 1-11, 2008.

A. R. Carberry, E. M. Gerber and C. K. Martin, Measuring the innovation self-efficacy of engineers, International Journal of
Engineering Education, 34(2), pp. 590-598, 2018.

D. R. Compeau and C. A. Higgins, Computer self-efficacy: Development of a measure and initial test, The Mississippi Quarterly,
19(2), pp. 189-211, 1995.

E. Gerber, C. K. Martin, E. Kramer, J. Braunstein, and A. R. Carberry, Work in progress: Developing an innovation self-efficacy
survey, Proceedings of the 2012 Frontiers in Education Conference, Seattle, WA, October 3-6, pp. 328-330, 2012.

M. A. Hutchison, D. K. Follman, M. Sumpter and G. M. Bodner, Factors influencing the self-efficacy beliefs of first-year engineering
students, Journal of Engineering Education, 95(1), pp. 3947, 2006.

H. Kolar, A. R. Carberry, and A. Amresh, Measuring computing self-efficacy, Proceedings of the 2013 ASEE Annual Conference and
Exposition, Atlanta, GA, June 23-26, pp. 1-7, 2013.

R.W. Lent, S. D. Brown and K. C. Larkin, Relation of self-efficacy expectations to academic achievement and persistence, Journal of
Counseling Psychology, 31(3), pp. 356-362, 1984.

R. W. Lent, S. D. Brown and K. C. Larkin, Self-efficacy in the prediction of academic performance and perceived career options,
Journal of Counseling Psychology, 33(3), pp. 265-269, 1986.

R. W. Lent and G. Hackett, Career self-efficacy: Empirical status and future directions, Journal of Vocational Behavior, 30(3), pp.
347-382, 1987.

N. A. Mamaril, E. L. Usher, C. R. Li, D. R. Economy and M. S. Kennedy, Measuring undergraduate students’ engineering self-
efficacy: A validation study, Journal of Engineering Education, 105(2), pp. 366-395, 2016.

R. M. Marra, K. A. Rodgers, D. Shen and B. Bogue, Women engineering students and self-efficacy: A multi-year, multi-institution
study of women engineering student self-efficacy, Journal of Engineering Education, 98(1), pp. 27-38, 2009.

A. Quade, Development and validation of a computer science self-efficacy scale for CSO courses and the group analysis of CSO
student self-efficacy, Proceedings of the 2003 International Conference on Information Technology, Las Vegas, NV, April 28-30, pp.
60-64, 2003.

A. L. Richardson, Tinkering interactions on freshman engineering design teams, Proceedings of the 2008 ASEE Annual Conference
and Exposition, Pittsburgh, PA, June 22-25, pp. 1-35, 2008.

K. M. Taylor and N. E. Betz, Applications of self-efficacy theory to the understanding and treatment of career indecision, Journal of
Vocational Behavior, 22(1), pp. 63-81, 1983.

T. Yildirim, M. Besterfield-Sacre, and L. Shuman, An engineering modeling self-efficacy (EMSE) scale, Proceedings of the 2010
ASEE Annual Conference and Exposition, Louisville, KY, June 20-23, pp. 1-20, 2010.

N. Genco, K. Holttd-Otto and C. C. Seepersad, An experimental investigation of the innovation capabilities of undergraduate
engineering students, Journal of Engineering Education, 101(1), pp. 60-81, 2012.

E. M. Gerber, J. Marie Olson and R. L. D. Komarek, Extracurricular design-based learning: Preparing students for careers in
innovation, International Journal of Engineering Education, 28(2), pp. 317-324, 2012.

T. A. Lashari, M. Alias, Z. A. Akasah and M. J. Kesot, An affective cognitive teaching and learning framework in engineering
education, ASEAN Journal of Engineering Education, 1(1), pp. 11-24, 2012.

M. J. Booth and T. E. Doyle, Importance of first-year engineering design projects to self-efficacy: Do first-year students feel like
engineers, Proceedings of the Canadian Engineering Education Association Annual Conference, Winnipeg, Manitoba, June 17-20,
2012.

S. P. Schaffer, X. Chen, X. Zhu and W. C. Oakes, Self-efficacy for cross-disciplinary learning in project-based teams, Journal of
Engineering Education, 101(1), pp. 82-94, 2012.

J. C. Major and A. Kirn, Engineering design self-efficacy and project-based learning: How does active learning influence student
attitudes and beliefs, Proceedings of the 2016 ASEE Annual Conference and Exposition, New Orleans, LA, June 26-29, pp. 1-23, 2016.
J. C. Major and A. Kirn, Engineering identity and project-based learning: How does active learning develop student engineering
identity, Proceedings of the 2017 ASEE Annual Conference and Exposition, Columbus, OH, June 25-28, pp. 1-11, 2017.



760

Justin C. Major et al.

57.
58.
59.
60.
61.
62.
63.
64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.
75.
76.
77.
78.
79.

80.
81.

82.

83.

84.

85.
86.

87.

88.

89.

90.

91.

92.
93.
94.
9s.
96.
97.
98.

99.

A. Godwin, G. Potvin, Z. Hazari and R. Lock, Identity, critical agency, and engineering: An affective model for predicting
engineering as a career choice, Journal of Engineering Education, 105(2), pp. 312-340, 2016.

S. Freeman, S. L. Eddy, M. McDonough, M. K. Smith, N. Okoroafor, H. Jordt and M. P. Wenderoth, Active learning increases
student performance in science, engineering, and mathematics, National Academy of Sciences, 111(23), pp. 8410-8415, 2014.

E. Wang, Engineering with LEGO bricks and Robolab, College House Enterprises, Knoxville, TN, 2002.

R. Shih, Introduction to Finite Element Analysis Using Solidworks Simulation 2019, SDC Publications, Mission, KS, 2014.

Sutori: Fist-to-Five Strategies, https://www.sutori.com/blog/fist-to-five, Accessed 07 April 2019.

T. A. Philpot and R. H. Hall, Animated instructional software for mechanics of materials: Implementation and assessment,
Computer Applications in Engineering Education, 14 (1), pp. 31-43, 2006.

A. L. Pawley, Shifting the “default”: The case for making diversity the expected condition for engineering education and making
whiteness and maleness visible, Journal of Engineering Education, 106(4), pp. 531-533, 2017.

Qualtrics, https://www.qualtrics.com, Accessed 07 April 2019.

R: A Language and Environment for Statistical Computing, https://www.r-project.org/, Accessed 07 April 2019.

A. E. Hendrickson and P. O. White, Promax: A quick method for rotation to oblique simple structure. British Journal of Statistical
Psychology, 17(1), pp. 65-70, 1964.

W. R. Dillon and M. Goldstein, Multivariate analysis methods and applications, Wiley, New York, NY, 1984.

L. J. Cronbach, Coeflicient alpha and the internal structure of tests, Psychometrika, 16(3), pp. 297-334, 1951.

J. Hair, R. Anderson, R. Tatham and W. Black, Multivariate data analysis, Prentice Hall, Upper Saddle River, New Jersey, 2015.

Y. Rosseel, Lavaan: An R package for structural equation modeling, Journal of Statistical Software, 48(2), pp. 1-36, 2012.

P. M. Bentler, EQS structural equations program manual, Multivariate Software, Encino, CA, 1995.

H. F. Kaiser, A revised measure of sampling adequacy for factor-analytic data matrices, Educational and Psychological
Measurement, 41(2), pp. 379-381, 1981.

G. W. Snedecor and W. G. Cochran, Statistical Methods, lowa State University Press, Ames, IA, 1989.

R. Kline, Principles and Practice of Structural Equation Modeling, Guilford Press, New York, NY, 2011.

B. M. Byrne, Structural equation modeling with EQS and EQS/Windows, Sage Publications, Thousand Oaks, CA, 1994.

R. G. Lomax and R. E. Schumacker, 4 Beginner’s Guide to Structural Equation Modeling, Routledge, New York, NY, 2010.

J. H. Steiger, Structural model evaluation and modification: An interval estimation approach, Multivariate Behavioral Research,
25(2), pp. 173-180, 1990.

L. T. Huand P. M. Bentler, Fit indices in covariance structure modeling: Sensitivity to underparameterized model misspecification,

Psychological Methods, 3(4), pp. 424-453, 1998.

J. B. Ullman and P. M. Bentler, Structural equation modeling, in J. A. Schinka and W. F. Velicer (eds.), Handbook of Psychology:
Research Methods in Psychology, vol. 2, 1st edn, John Wiley & Sons, Hoboken, NJ, pp. 607-634, 2003.

Q. H. Vuong, Likelihood ratio tests for model selection and non-nested hypotheses, Econometrica, 57(2), pp. 307-333, 1989.

J. W. Osborne and D. C. Fitzpatrick, Replication analysis in exploratory factor analysis: What it is and why it makes your analysis
better, Practical Assessment, Research & Evaluation, 17(15), pp. 1-8, 2012.

L. R. Fabrigar and D. T. Wegener, Evaluating the use of exploratory factor analysis in psychological research, Psychological
Methods, 4(3), pp. 272-299, 1999.

J. B. Schreiber, A. Nora, F. K. Stage, E. A. Barlow and J. King, Reporting structural equation modeling and confirmatory factor
analysis results: A review, Journal of Educational Research, 99(6), pp. 323-338, 2006.

K. G. Nelson, D. F. Shell, J. Husman, E. J. Fishman and L. K. Soh, Motivational and self-regulated learning profiles of students
taking a foundational engineering course, Journal of Engineering Education, 104(1), pp. 74-100, 2015.

J. Harackiewicz, Personal Communication, 20 December 2016.

A.Kirn and L. Benson, Engineering Students perception of the future: Implications for student performance, Journal of Engineering
Education, 107(1), pp. 1-51, 2018.

A. L. Duckworth, C. Peterson, M. D. Matthews and D. R. Kelly, Grit: Perseverance and passion for long-term goals, Journal of
Personality and Social Psychology, 92(6), pp. 10871101, 2007.

P.R. Brown, R. E. McCord, H. M. Matusovich and R. L. Kajfez, The use of motivation theory in engineering education research: A
systematic review of literature, European Journal of Engineering Education, 40(2), 186-205, 2015.

J. Henrich, S. J. Heine and A. Norenzayan, The weirdest people in the world, Behavioral and Brain Sciences, 33(2-3), pp. 61-135,
2010.

C. H. Hui and H. C. Triandis, Measurement in cross-cultural psychology: A review and comparison of strategies, Journal of Cross-
Cultural Psychology, 16(2), pp. 131-152, 1985.

D. H. Schunk, J. L. Meece and P. R. Pintrich, Motivation in Education: Theory, Research, and Applications, Pearson, Upper Saddle
River, NJ, 2002.

A. Zusho and K. Clayton, Culturalizing achievement goal theory and research, Educational Psychologist, 46(4), pp. 239-260, 2011.
C. Artelt, Cross-cultural approaches to measuring motivation, Educational Assessment, 10(3), pp. 231-255, 2005.

A. R. Carberry and D. Baker, Cultural impacts on engineering, in J. Dori, Z. Mevareach, and D. Baker (eds.), Cognition,

Metacognition, and Culture in STEM Education, Springer, New York, NY, pp. 217-240, 2017.

E. Godfrey and L. Parker, Mapping the cultural landscape in engineering education, Journal of Engineering Education,99(1), pp. 5—-
22,2010.

E. Cech and H. Sherick, Depoliticization and the structure of engineering education. In S. H. Christensen, C. Didier, A. Jamison, M.

Meganck, C. Mitcham and B. Newberry, International Perspectives on Engineering Education, 20, pp. 203-216, 2015.

S. A. Atwood and J. E. Pretz, Creativity as a factor in persistence and academic achievement of engineering undergraduates, Journal
of Engineering Education, 105(4), pp. 540-559, 2016.

D. Riley, Engineering and Social Justice: Synthesis Lectures on Engineers, Technology, and Society, Morgan & Clay Publishers, San
Rafael, CA, 2008.

J. C. Major, Class- and citizen-passing in engineering: How Nando succeeded by hiding in plain sight, Proceedings of the 2019 IEEE
FIE Conference, Cincinatti, OH, October 16-19, 2019.



Revisiting a Measure of Engineering Design Self-Efficacy 761

100. W. Faulkner, Dualisms, hierarchies, and gender in engineering, Social Studies of Science, 30(5), pp. 759-792, 2000.

101. D. Oyserman and M. Destin, Identity-based motivation: Implications for intervention, Counseling Psychologist, 38(7), pp. 1001—
1043, 2010.

102. J. C. Hilpert, J. Husman, G. S. Stump, W. Kim, W. T. Chung and M. A. Duggan, Examining students’ future time perspective:
Pathways to knowledge building, Japanese Psychological Research, 54(3), pp. 229-240, 2012.

103. R. P. DeShon and J. Z. Gillespie, A motivated action theory account of goal orientation, Journal of Applied Psychology, 90(6), pp.
10961127, 2005.

Justin C. Major is a third-year doctoral student in the Purdue University Engineering Education Program, and a National
Science Foundation Graduate Research Fellow. He has two BS degrees in Mechanical Engineering and Secondary
Mathematics Education from the University of Nevada, Reno. His current research focuses on combating structural issues
of intersectional socioeconomic inequality in post-secondary engineering education.

Adam R. Carberry is an associate professor in The Polytechnic School of the Ira A. Fulton Schools of Engineering at
Arizona State University. He earned a BS in Materials Science Engineering from Alfred University, and received his MS
and PhD, both from Tufts University, in Chemistry and Engineering Education, respectively.

Adam N. Kirn is an assistant professor of Engineering Education at University of Nevada, Reno. He completed a BS in
Biomedical Engineering at Rose-Hulman Institute of Technology, and an MS in Bioengineering and PhD in Engineering
and Science Education from Clemson University.



