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Abstract
Our career-forward approach to general chemistry laboratory for engineers involves the use of design challenges
(DCs), an innovation that employs authentic professional context and practice to transform traditional tasks into
developmentally appropriate career experiences. These challenges are scaled-down engineering problems related to
the US National Academy of Engineering’s Grand Challenges that engage students in collaborative problem solving
via the modeling process. With task features aligned with professional engineering practice, DCs are hypothesized to
support student motivation for the task as well as for the profession. As an evaluation of our curriculum design pro‑
cess, we use expectancy–value theory to test our hypotheses by investigating the association between students’ task
value beliefs and self-confidence with their user experience, gender and URM status. Using stepwise multiple regres‑
sion analysis, the results reveal that students find value in completing a DC (F(5,2430) = 534.96, p < .001) and are selfconfident (F(8,2427) = 154.86, p < .001) when they feel like an engineer, are satisfied, perceive collaboration, are pro‑
vided help from a teaching assistant, and the tasks are not too difficult. We highlight that although female and URM
students felt less self-confidence in completing a DC, these feelings were moderated by their perceptions of feeling
like an engineer and collaboration in the learning process (F(10,2425) = 127.06, p < .001). When female students felt
like they were engineers (gender x feel like an engineer), their self-confidence increased (β = .288) and when URM
students perceived tasks as collaborative (URM status x collaboration), their self-confidence increased (β = .302). Given
the lack of representation for certain groups in engineering, this study suggests that providing an opportunity for col‑
laboration and promoting a sense of professional identity afford a more inclusive learning experience.
Introduction
The persistence of undergraduate students, especially
during their first two years in a science, technology, engineering and mathematics (STEM) program is a critical
issue (Brainard & Carlin, 1998; Weston, 2019), particularly for students who identify as female or a member
of an ethnic minority that is underrepresented (URM)
(Cech et al., 2011; Robinson et al., 2018, 2019). For
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example, a 2013 study from the US Department of Education found that roughly one-quarter of the large random sample of college students who declared a STEM
major had changed to a non-STEM major after six years
(Chen & Soldner, 2013). In this group who were leaving
STEM, women changed at a higher rate than men and
both African-American and Hispanic students changed
at rates higher than other groups. These results are consistent with other studies that have been completed at a
national scale (Weston, 2019).
The culture of introductory STEM courses is notoriously unwelcoming, a situation that intimidates and
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challenges first- and second-year students, resulting in
a learning climate that acts as a barrier to their persistence (Gasiewski et al., 2012; Marra et al., 2012; Perez
et al., 2014). For female and URM students, this is characterized as the chilly climate, which leads to feelings
of cynicism and emotional discouragement (Krapp &
Prenzel, 2011). As an introductory course that predominantly serves different STEM majors, general chemistry
is among the courses that exemplify this situation (Harris et al., 2020). Better understanding how to support
students from the broadest range of STEM majors during this time period is an important point of focus that
transcends STEM disciplines, requiring instructors and
researchers who are focused on interventions and innovative programs. For our interest, i.e., engineering majors
taking general chemistry, this would imply a laboratory
curriculum that better aligns the learning experiences
with the professional practice of engineering.
Targeted curriculum interventions are one potential
way to address this issue of persistence (Beier et al., 2018;
Henderson et al., 2011). Successful interventions typically involve an emphasis on students using the practices
of science or engineering, such as inquiry (Schoffstall &
Gaddis, 2007; Wheeler et al., 2017), modeling (Brewe,
2008; Hester et al., 2018) or ways of thinking (Talanquer
& Pollard, 2010). In our case, the focus is a career-forward laboratory curriculum for general chemistry that
addresses the learning climate barrier for engineering
majors. This approach emphasizes student experiences
that are developmentally appropriate approximations of
the work of professionals where active problem solving
requires career-authentic knowledge and practice. Thus,
engineering majors learn chemistry using the ways that
professional engineers use chemistry in their daily work.
This implies that from the very beginning of a degree
program, students learn the requisite knowledge, skills
and dispositions as situated in professional practice
(Johri & Olds, 2011). As the embodiment of their goal in
choosing a particular major, this situation affords a more
adaptive alignment of their views of themselves with that
of their long-term career goal (Verdin & Godwin, 2015).
Such an approach should align a student’s beliefs with
their long-term career goal, which is hypothesized to
support the professional identity building process, and
thus should improve persistence (Chachra et al., 2008;
Chen et al., 2021; Osborne & Walker, 2006). Based upon
the synthesis provided by Trede et al. (2012), we defined
professional identity as the recognition of similarity
with members and sense of membership with a profession based upon knowledge, values, motivations, sets of
skills and ways of being. This study focused on task value
beliefs and self-confidence as key motivational constructs
in the development of professional identity.
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Our laboratory curriculum requires student teams to
complete design challenges (DCs), which are contextualized problems and methods that are unique to the
practice of professional engineers that involve chemistry
concepts (Authors, 2018). These challenges are scaleddown engineering problems related to the US National
Academy of Engineering’s Grand Challenges (NAE,
2008). For example, students are tasked with building a
model of a solar thermal reservoir and using it to collect
data for recommending an optimum mixture of materials. Using a coffee-cup calorimeter of their own construction, they measure the specific heat of different materials
and use these results coupled with cost to recommend
an efficient, economical and accessible thermal energy
storage medium. In addition to providing real-world
context, the approach forecasts the professional practice of various engineering careers. Thus, students who
are predominantly freshmen (i.e., first-year) will experience a developmentally appropriate form of professional
engineering work as a learning strategy for the domain
of chemistry. Accordingly, the curriculum is designed to
build and maintain student motivation for their declared
engineering major by helping them understand the practice and career work of different professional engineers
(Harackiewicz et al., 2016; Walton & Cohen, 2007). Additionally, formalized teamwork and an emphasis on universal/global engineering issues are considerations that
are intended to promote the sensitivities and interest of
historically marginalized students (Driscoll et al., 2008;
Estrada et al., 2018; Su & Rounds, 2015). With task features aligned with professional engineering practice, DCs
are thus hypothesized to support student motivation for
the task as well as for the profession (Beier et al., 2018).
Learning experience design (LXD) (Schmidt et al.,
2020) has defined our approach to developing the potential of this curriculum, which has involved optimizing
the learning experience based upon continuous feedback
from participants (Authors, 2019, 2020). LXD is a subarea of user experience design (Earnshaw et al., 2018),
which defines successful design as achieving high-quality
engagement and effectiveness by prioritizing the relationships among perceptions, feelings and behaviors for
participants. Accordingly, we collected key user experience data after each course meeting using a short survey that itself has been optimized for ease of completion
by students while providing key information about our
model for both instructors and instructional designers.
We define learner experience as the extent to which students can use the materials to achieve the course goals,
which was further operationalized as students’ perceptions of the level of difficulty, degree of effort for successfully completing the task (henceforth, degree of effort),
satisfaction, collaboration, frequency of help provided by
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Fig. 1 The conceptual model relating user experience and motivation

the teaching assistant and the degree to which the participants felt like an engineer after completing a DC. To this
point, this data has been used for continuous just-in-time
evaluations and incremental modifications to the DCs
(Authors, 2019, 2020), but the process across DCs has
not been formally assessed.
The objective of this study was to use expectancy–
value theory (EVT) to assess the assumptions of our
LXD process by investigating the association between
students’ task value beliefs and self-confidence with their
user experience, gender and URM status (Fig. 1)(Eccles
& Wigfield, 1995; Wigfield & Eccles, 2000). Such a point
of focus is often understudied during the development of
interventions (NRC, 2012), and for us it represented an
important departure from formative to summative evaluation. Accordingly, the following served as our research
questions:
For engineering majors completing DCs as general
chemistry laboratory,
1. What relationship exists between their perceived
value of these tasks, self-confidence, user experience,
gender and URM status?
2. What effect does user experience have on the magnitude and direction of the relationship between task
value beliefs (and self-confidence) with gender or
URM status?
Theoretical framework and related literature

Expectancy–value theory posits that individuals’ motivation for a task is influenced by their expectations of
success, or expectancy beliefs, in combination with their
views about the value of the task, or subjective task value
beliefs (Eccles & Wigfield, 1995; Wigfield & Eccles, 2000).
Taken together, these two sets of beliefs dictate productive engagement with a task and subsequently what a student might derive from the experience. However, each
set of beliefs does not have equal influence on outcomes.
Expectancy beliefs are more predictive of academic

achievement and performance (Jones et al., 2010; Rosenzweig et al., 2019), while task value beliefs are better predictors of future course taking or retention (Bong, 2001;
Harackiewicz et al., 2014). Expectancy and task value
beliefs are recognized as being composed of different
types that are assessed using various constructs (Hulleman et al., 2016).
Expectancy beliefs are internal judgements about how
one anticipates their performance with a domain-specific
task (i.e., “Can I do this?”). These judgements apply and
are measured for both the immediate or current context
as well as for those in the future. When measured for the
current context (i.e., expectancy for success), this belief
represents an individual’s perceived capability for learning concepts and performing skills that are specific to a
domain (Rosenzweig et al., 2019). Self-efficacy, self-concept and self-confidence are commonly operationalized
variables for measuring expectancy beliefs (Hulleman
et al., 2016). Self-efficacy—an individual’s perceived capability for learning concepts and performing skills (Bandura et al., 1999)—is widely recognized as the strongest
predictor of first-year retention when controlling for high
school GPA, ACT/SAT and socioeconomic status (Robbins et al., 2004). For this study, expectancy beliefs were
operationalized as self-confidence, a participant’s perspective on their ability to engage and complete a task
successfully.
Eccles and colleagues have most consistently argued
that task value beliefs are composed of three components: intrinsic, attainment and utility value (Eccles,
2005; Eccles & Wigfield, 2002, 2020). Intrinsic value
or intrinsic interest is the perception of enjoyment or
interest that an individual anticipates from performing
an activity or completing a task (i.e., “Will I enjoy doing
this?”). Intrinsic interest has been shown to be a key
predictor of positive student experiences when learning
in a laboratory context (Barrie et al., 2015). Attainment
value refers to the perception of a task’s importance relative to an individual’s self-concept (i.e., “Is this an important thing to be doing?”) and utility value refers to the
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perceived usefulness of a task in relation to the individual’s short- and long-term goals (i.e., “Is this related to my
goals?”).
Task value beliefs are influenced by expectancy beliefs,
such as self-confidence, but also by affective reactions
and memories that are derived from experience (Eccles &
Wigfield, 2020). Thus, these beliefs are defined as subjective, or based upon an individual interpretation of experience (i.e., learner experience). When the level of difficulty
and amount of required effort for a task matches expectations, students are more likely to find value and experience high expectancy (Eccles, 1983; Walton et al., 2015).
However, perceiving the level of difficulty as low can lead
to an inflated estimate of one’s personal ability (Eccles &
Wigfield, 2002; Pajares, 1996). Meaningful interactions
with other students (i.e., collaboration) as well as positive
interactions with an instructor or teaching assistant, such
as receiving help, produces positive task value judgments
(Patrick et al., 2000; Walton & Cohen, 2007). Connecting career aspirations, such as being an engineer or feeling like an engineer, with other identities, such as racial,
ethnic or gender identity, improves both expectancy and
task value beliefs (Oyserman et al., 2006). The lower rates
of retention for female and URM undergraduate students
in STEM implies that they are collectively having different experiences from their male and non-URM counterparts (Brown et al., 2015; Gaspard et al., 2015, 2017; Kang
et al., 2019; Miyake et al., 2010; Thoman et al., 2015; Walton & Cohen, 2007).
Intentional curriculum or instructional approaches
that target a change in some dimension of a student’s
task value beliefs are recognized as task value interventions, and a host of different varieties have shown to be
successful, and in many cases, rather simple to implement (Harackiewicz & Priniski, 2018). For example,
Walton and Cohen (2011) found that having students
read research about the commonality of social adversity among first-year STEM majors and then writing
and speaking about it resulted in positive outcomes for
African-American students. Focusing on self-worth and
identity as a STEM major, this personal value intervention has the potential to address a lack of self-confidence,
which is a major factor in retaining underrepresented
students (Goodman & Cunningham, 2002). Utility value
interventions, those that promote the usefulness of a task
for a student’s goals have shown particular promise for
supporting URM students (Brown et al., 2015; Thoman
et al., 2015). In these cases, the more explicit the value is
communicated, the greater the potential impact on students (Canning & Harackiewicz, 2015; Curry et al., 2019).
With an explicit focus on the professional practice of
engineers, the DC’s of the laboratory curriculum studied
here should align with the goals of first-year engineering
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majors and generate positive task value beliefs. We anticipated intrinsic interest value because they chose to major
in engineering as well as utility value due to the practices
addressing their long-term career goal (Cech et al., 2011;
Hulleman et al., 2017; Jones et al., 2010). Therefore, we
anticipated positive relationships among satisfaction, collaboration and feeling like an engineer with task value
beliefs. Task value beliefs should also be strongly related
to self-confidence (Keller, 2010). Since task value beliefs
are also influenced by gender and URM status (Brown
et al., 2015; Miyake et al., 2010; Thoman et al., 2015), we
further anticipated a positive influence for previous experience and negative influence for gender and URM status
on task value judgements.
Methodology

This task-based study involved the use of a correlational
methodology to evaluate the research questions. The
context was two separate instances of a first-semester
general chemistry laboratory course for engineers at a
large public research university in the USA. This course
was required for students majoring in environmental,
chemical, bioengineering, biomedical, material science
and nuclear engineering, but was also an option for other
engineering majors and included the same core topics
of a traditional first-semester chemistry laboratory such
as physical and chemical properties, kinetics and colligative properties. For the course, student teams completed a series of four DCs that integrated engineering
design principles and context with chemistry content in
three phases that corresponded to weeks in the course
(Authors, 2018). Within each phase, teams were tasked
to perform quality management duties to foster communication and collaboration. Each DC culminated with
the teams creating a formal response to a client (Beier
et al., 2018), such as a technical memo for a government
agency that was requesting an independent proposal or
evaluation.
Participants

We used a purposeful sampling method to invite all
students enrolled in a special section of the course to
participate in the study at the beginning of Fall 2018
and Fall 2019. A total of 250 students (92%) provided
informed consent for this university-approved study
involving human subjects and became participants
(UF IRB201600944). The distribution of the sample with
information about gender and URM status is reported in
Table 1.
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Table 1 Summary of sample characteristics
Characteristics

Fall 2018

Fall 2019

N

%

N

Female

45

45.5

70

46.4

Male

54

54.5

81

53.6

URM

31

31.3

46

30.5

Non-URM

68

68.7

105

69.5

%

Gender

URM Status

Major
Aerospace

8

8.1

12

7.9

Chemical

15

15.2

24

15.9

Civil

3

3.0

2

1.3

Electrical

5

5.1

4

2.6

Industrial

3

3.0

2

1.3

Materials and metallurgical

3

3.0

6

4.0

16

16.2

11

7.3

6

6.1

11

7.3

Biomedical

20

20.2

52

34.4

Exploratory

5

5.1

5

3.3

Environmental

8

8.1

9

6.0

Nuclear

2

2.0

4

2.6

Biological

3

3.0

6

4.0

Others

2

2.0

3

2.1

Mechanical
Computer science

Measures

Maximizing the potential of a learning intervention
through evidence-based iterative design is achieved by
focusing on enhancing satisfaction and learning outcomes through improvements in four principle attributes: usability, learnability, accessibility and desirability
(Tullis & Albert, 2013). Some of these attributes can be
measured directly, but others are assessed as learner
perceptions of the experience using task-based metrics

(Sauro, 2018). In this case, assessment of the learning
experience included level of difficulty, degree of effort,
satisfaction, collaboration, frequency of help provided by
a teaching assistant and the degree to which the participants felt like an engineer. These variables were assessed
using two different survey types, a one-time demographic
survey given at the beginning of the course and multiple
repeated instances of a post-laboratory experience survey
that participants completed before leaving the laboratory. All data were collected with personal information
that identified participants (i.e., not anonymously), which
allowed for verification and non-duplication of responses.
Once the data were verified and collated, personal information was anonymized for analysis. The post-laboratory
surveys, which were completed after each phase of a DC
for a total of ten potential responses per participant, were
collated as 2436 data points (97.5% response).
The demographic survey included items on gender
and ethnic identities. The item for gender included five
response options (including “prefer not to say”). The
majority of the participants identified as either male
or female, hence we only included those two levels for
the gender variable. The item for ethnicity included six
options. Participants who identified with ethnic groups
recognized as underrepresented were categorized as
URM, and those who identified as either White or Asian
were categorized as non-URM. This distinction was
based upon the definition used by the U S National Science Foundation (NSF, n.d.).
The post-laboratory experience survey consisted of ten
items, each with a five-point Likert-type response scale.
The survey was segregated into three parts: 1) user experience (six items), 2) task value (three items) and 3) selfconfidence (one item) (Table 2). User experience at the
task level is commonly assessed with single-item metrics
and research in this genre has established such measures to be as good, or in some cases better than, more

Table 2 Items from the post-laboratory experience survey
Item

Focus

Stem

Response scale anchors

1

Difficulty*

Overall, how do you rate the difficulty?

Easy—Difficult

2

Effort*

How much effort did you need to expend

A great deal—None

3

Satisfaction*

Which of the following best describes your feeling of satisfaction?

Satisfied—Dissatisfied

4

Collaboration*

Helped me understand how to collaborate to solve a problem

Successful—Unsuccessful

5

Feel like an engineer*

Helped me to feel like a practicing engineer

Successful—Unsuccessful

6

Help from the teaching assistant*

Having the teaching assistant available to help

Successful—Unsuccessful

7

Enjoyment#

I enjoyed solving this design challenge

True—Not True

8

Attainment#

I think it is important to be able to solve this design challenge

True—Not True

9

Interest#

It is interesting to work on this design challenge

True—Not True

10

Self-confidence

I am confident I can solve the design challenge

True—Not True

*

User Experience, #Task Value Scale
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extensive and complicated instruments (Sauro & Dumas,
2009). Level of difficulty is a measure of how complicated
the participant perceived the task, while the degree of
effort indicates how much work they perceived as necessary for successfully completing the task. Satisfaction is a
measure of how well the experience met the participant’s
expectations and is a nearly universal measurement of
user or customer attitudes (McColl-Kennedy & Schneider, 2000). Collaboration indicates the task’s success in
supporting participants working together productively
within the task, an important engineering practice. Feeling like an engineer indicates the degree to which the
task supports the intended professional role playing and
thus matches the participant’s academic and career goals.
Help from a teaching assistant indicates the necessity of
this person as an integral part of task success and also
measures a participant’s perceived capacity for completing the task independently. Finally, self-confidence is a
participant’s perspective on their ability to engage and
complete a task successfully and is a key indicator of
problems within the execution of the task. The task value
and self-confidence items were derived from Schukajlow et al., (2012) and modified to reference “this design
challenge.”
Analysis

Based on our assumption that a student’s experience is
related to their motivation for a DC, we used the six-user
experience and two-demographic variables (i.e., gender
and URM status) as independent variables with task value
and self-confidence as dependent variables for analysis.
Since task value was measured as a multi-item construct
with an existing instrument, we used confirmatory factor
analysis (CFA) to affirm the internal structure of the scale
using a single-factor structure and maximum likelihood
estimation with the factor loading for the first item set to
1. The fit statistics provided in Table 3 indicate good model
fit given that comparative fit index (CFI) and Tucker-Lewis
index (TLI) are above 0.90 and standardized root mean
square residual (SRMR) < 0.08 (Bentler & Bonett, 1980).
The standardized factor loadings indicate a strong relationship between the items of enjoyment (0.807), importance
(0.758) and interest (0.888) with the construct of task value
(Cronbach’s alpha = 0.85). The CFA and reliability statistics

were run using the statistical software R version 4.0.1 (R
Core Team, 2020).
For the first research question, we conducted a correlation analysis using Pearson’s correlation coefficient to
identify which independent variables had significant associations or correlation with the task value and self-confidence constructs and with each other. This test enabled
us to identify which variables were likely to be predictors
for task value and self-confidence. We used the following
correlation cut points for interpretations: |.20| and below
(small, weak), |.21| to |.49| (medium, moderate), and above
|.5| (large, strong) (Cohen, 1988).
The stepwise multiple regression analysis conducted for
the second research question was exploratory by nature,
intending to build the best-fit model that could predict
task value and self-confidence using the user experience
and demographic variables as independent variables.
Informed by the results of our correlation analysis, a stepwise multiple regression analysis was conducted to test the
significance of the strength of each independent variable
in predicting both task value and self-confidence (Tabachnick & Fidell, 2012). The assumptions for independence of
observations, linearity, normality, homoscedasticity and
multicollinearity were assessed prior to analysis and were
found to be appropriate. In conducting a stepwise regression analysis, variables were introduced into the model
sequentially utilizing both correlation strength and its significance as a predictor to inform the order in which variables were added into the model. Each time a variable was
added, a removal test of the least significant predictor was
automatically conducted until a final model with only significant predictors was obtained. When the probability
value was less than or equal to 0.05, the variable was kept
and if the probability value was greater than 0.05, the variable was removed.
We sought to identify if either or both, gender and URM
status, moderated or altered the strength of the causal
relationships between the independent and dependent
variables. We therefore created interaction terms, with
each interaction being a product term between a demographic and user experience variable (e.g., gender x task
difficulty). Interaction terms indicate a contingency relationship where one variable is moderated by another and
is a statistical technique used as part of multiple regression
analysis (Aguinis & Gottfredson, 2010). A similar stepwise
regression analysis was conducted with interaction terms

Table 3 Model fit statistics for the task value scale
Model

χ2

df

RMSEA

RMSEA
90% CI

IFI

CFI

NFI

One factor

188.739

3

.00

.00, .00

1.00

1.00

1.00
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included. All regression and correlation analyses were run
in SPSS version 28 (IBM Corp., 2019). The significance
level of alpha < 0.05 was used for all regression analyses.

Results
During both semesters, the participants were provided
with the same versions of the DCs, but were instructed
by different teaching assistants and experienced other
randomized factors, such as time of day. Before analyzing the results for each research question, we used a Chisquare test of proportions to evaluate any differences
between groups. Our results indicated that groups from
each semester did not differ in the proportion of males
and females (χ2(N = 250) = 0.020, p = 0.889), non-URM
and URM students (χ2(N = 250) = 0.20, p = 0.887) or by
proportions of majors (χ2(N = 250) = 17.681, p = 0.343).
These results justified our combining semesters into one
large group for analysis.
The results of the correlational analyses showed that
among various user experience variables, perceptions
of satisfaction (r(2436) = 0.590, p < 0.01), collaboration (r(2436) = 0.593, p < 0.01) and feeling like an engineer (r(2436) = 0.631, p < 0.01) showed significantly
strong, positive correlations with task value (Table 4).
Perceptions of satisfaction (r(2436) = 0.419, p < 0.01)
and collaboration (r(2436) = 0.416, p < 0.01) showed
significantly moderate, positive correlations with selfconfidence. Among the demographic variables, gender
(r(2436) = -0.107, p < 0.01) was found to be significantly
correlated to self-confidence with a low and negative correlation coefficient, while URM status (r(2436) = − 0.053,
p < 0.009) showed a low, significant correlation with task
value and less than one percent of the variation in this
relationship.

The results of the stepwise regression revealed that
among the user experience variables tested, participants’
perception of feeling like an engineer, satisfaction, collaboration, help from the teaching assistant and difficulty were found to be significant predictors for task
value, F(5, 2430) = 534.96, p = 0.004, adjusted R2 = 0.524.
Gender and URM status were not statistically significant
predictors of task value in the regression model, thus
were removed. See Table 5 for details on each regression
model, where only significant predictors are included.
Students found task value when they felt like an engineer
(0.334 standard deviation increase in task value for every
one standard deviation increase in feeling like an engineer), were satisfied (0.265 standard deviation increase
for every one standard deviation increase in satisfaction),
worked collaboratively (0.199 standard deviation increase
for every one standard deviation increase collaboration) and were provided help from the teaching assistant
(0.088 standard deviation increase for every one standard
deviation increase in help from the teaching assistant).
The more students interpreted a DC as difficult, the less
value they found (0.042 standard deviation decrease in
task value for every one standard deviation increase in
difficulty), though the coefficient indicates that this is a
small effect. The best-fit model explained 52.4% of the
variance for task value, which is considered a large effect
(Cohen, 1988).
For self-confidence, the full regression model of perception of satisfaction, difficulty, collaboration, help
from the teaching assistant, feel like an engineer, gender, URM status and effort was found to be statistically significant, F(8, 2427) = 154.86, p = 0.042, adjusted
R2 = 0.338. Among the variables in the model, difficulty (β = − 0.244), gender (β = − 0.107), URM status (β = -0.068) and effort (β = -0.036) have negative

Table 4 Summary of correlation coefficients
Measure

M

SD

1

1. Difficulty

2.480

.960

–

2. Effort

3.160

.839

.317**

–

3. Satisfaction

3.840

.917

.015

–

4. Collaboration

4.170

.756

− .280**

.071**

.552**

–

**

.112

.532**

.621**

–

.008

**

.376**

.318**

–

**

**

.631**

.350**

–

**

**

5. Feel like an engineer
6. Help from the teaching assistant
7. Task value

4.030
4.700
11.942

.854
.608
2.396

8. Self-confidence

4.30

.784

9. Gender

.460

.499

10. URM status
**

.290

.456

2

− .174**
**

− .124

− .085

**

3

.293

− .199

.024

.033

− .007

**

− .355

− .039

.590
**

− .088
**

.090

4

**

5

.593

6

7

8

.419

.416

.393

.326**

.463**

–

− .0100

.019

− .016

.020

.012

− .107**

**

.092

**

.061

**

.069

− .028

**

.053

− .027

9

10

–
− .063**

–

Correlation is significant at the .01 level (2-tailed)

Note: The variables task difficulty, effort, satisfaction, collaboration, feel like an engineer, help from the teaching assistant and self-confidence were assessed on a
continuous scale ranging from 1 to 5. Task value was assessed on a continuous scale ranging from 3 to 15. For all scales, higher values are indicative of more positive
response. Binary codes were created for gender (Male = 0; Female = 1) and URM status (non-URM = 0; URM = 1)
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Table 5 Stepwise linear regression analyses predicting task value and self-confidence
Variable

B

SE

1.510

.310

β

T

p

F

df

R2 (adj.)

534.960

5

.524

154.861

8

.338

127.056

10

.344

Task value
overall model
(constant)

4.868

.000

feel like an engineer

.936

.053

.334

17.792

.000

Satisfaction

.692

.047

.265

14.661

.000

collaboration

.631

.061

.199

10.287

.000

help from the teaching assistant

.345

.060

.088

5.739

.000

Difficulty

− .104

.036

− .042

− 2.864

.004

2.364

.124

19.086

.000

Self-confidence (base model)
overall model
(constant)
Satisfaction

.128

.018

.150

Difficulty

− .199

.015

− .244

collaboration

.154

.024

.149

help from the teaching assistant

.205

.023

.159

feel like an engineer

.136

.020

.148

Gender

− .168

.026

− .107

URM status
Effort
Self-confidence (with moderators)

− .118

.030

− .034

.017

2.600

.140

− .068

− .036

7.026

.000

− 13.306

.000

6.494

.000

8.787

.000

6.659

.000

− 6.423

.000

− 4.548

.000

− 2.030

.042

18.614

.000

overall model
(constant)
satisfaction

.127

.018

.148

difficulty

− .199

.014

− .244

collaboration

.122

.026

.118

help from the teaching assistant

.206

.023

.160

gender x effort
feel like an engineer
URM status
URM status x collaboration

− .064

.085

− .651

.122

.025
.025
.162
.038

6.956

.000

− 13.871

.000

4.701

.000

8.889

.000

− .135

− 2.564

− .369

− 4.030

.092
.302

gender x feel like an engineer

.109

.031

.288

gender

− .405

.144

− .257

3.409

3.244

.010
.001
.000
.001

3.539

.000

− 2.811

.005

The variables included are significant predictors. The variables task difficulty, effort, satisfaction, collaboration, help from teaching assistant and feel like and engineer
were assessed in a continuous scale ranging from 1 to 5, with higher values indicative of more positive response. Binary codes were created for gender (Male = 0;
Female = 1) and URM status (non-URM = 0; URM = 1). B = Unstandardized coefficient; SE = standard error; β = Standardized coefficient

standardized regression coefficients. Generally, students
had self-confidence when they were satisfied (0.150
standard deviation increase in self-confidence for every
one standard deviation increase in satisfaction), worked
collaboratively (0.149 standard deviation increase for
every one standard deviation increase in collaboration),
were provided help from the teaching assistant (0.159
standard deviation increase for every one standard deviation increase in help from the teaching assistant) and felt
like an engineer (0.148 standard deviation increase for
every one standard deviation increase in feeling like an
engineer). They lost self-confidence for completing a DC
when the task was too difficult (0.244 standard deviation

decrease for every one standard deviation increase in difficulty) and required a lot of effort (0.036 standard deviation decrease for every one standard deviation increase
in effort). Females were less self-confident than males
that they could complete a DC (β = − 0.107) and URM
students were less self-confident than non-URM students
(β = − 0.068). By explaining 33.8% of the variance for
self-confidence, this model also indicates a large effect.
The results of the stepwise regression for moderators revealed that gender and URM status were significant predictors for self-confidence, F(10, 2425) = 127.06,
p = 0.005, adjusted 
R2 = 0.344 and increased the variance explained to 34.4%. Thus, the relationship between
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self-confidence and the independent variables of satisfaction, difficulty, collaboration, help from a teaching
assistant, feel like an engineer and effort changed in the
presence of either gender or URM status. As a single
variable, gender had a significant negative coefficient in
the model when all other variables were kept constant
(β = − 0.257), indicating that female students were less
self-confident. However, this situation changed dramatically, essentially reversing direction and magnitude when
gender was moderated with feeling like an engineer (gender x feel like an engineer), indicating that female participants were in fact more self-confident when they felt
like an engineer (0.288 standard deviation increase for
every one standard deviation increase in feeling like an
engineer). This encouraging result suggests that female
students gained self-confidence when they were made
to feel like engineers as part of the experience. Effort
also had a moderating effect with gender (gender x effort;
β = − 0.135), essentially decreasing the negative effect
on self-confidence of gender alone. Females perceived a
need for more effort than males in order to be self-confident in completing a DC.
A similar situation and intriguing result was documented when URM status was used as a moderating variable. As a single variable, URM status had a significant
negative coefficient in the model when all other variables
were kept constant (β = − 0.369), indicating that URM
students were significantly less self-confident than their
peers. When URM status was moderated with collaboration (URM status x collaboration), self-confidence effectively changed from a negative relationship to a positive
one, indicating that URM participants were more selfconfident when they collaborated (0.302 standard deviation increase for every one standard deviation increase in
collaboration).

Discussion
In exploring the relationships among user experience
and task value for this career-forward curriculum, participants found value in the DC tasks when they felt like
an engineer and were satisfied, but also when they felt
that they were provided opportunities to work collaboratively and had access to a teaching assistant for help.
Alternatively, when participants felt that the task was
too difficult, their perceptions of value suffered. This
finding supports our hypothesis that these materials
would generate intrinsic interest value due to the alignment between their goals of doing well and becoming
an engineer and the explicit focus on the professional
practice of engineers (Cech et al., 2011; Hulleman et al.,
2017; Jones et al., 2010). This result further supports
prior research showing a strong relationship between
task value beliefs and self-confidence (Keller, 2010).
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The negative relationship between level of difficulty and
task value should be interpreted cautiously, particularly for curriculum or teaching design implications,
as this small effect could be more attributed to the participants’ stage in development than an influence of the
curriculum or instruction.
Self-confidence was a problem for female students,
but this situation was rectified when they perceived
themselves as being an engineer during the curriculum
activities. This finding further supports the influence of
gender on task value beliefs (Brown et al., 2015; Miyake
et al., 2010), but also the potential of a career-forward
approach as one that can address gender-based barriers
to persistence. For these students, feeling like an engineer translated to a boost in self-confidence that would
have otherwise been a barrier. Not only does such an
approach directly illustrates the utility of the activity
for the students’ goals (Harackiewicz & Priniski, 2018),
it also affirms their identities with the domain (Harackiewicz et al., 2014, 2016; Miyake et al., 2010).
The situation for URM students was similar, but
subtly different than that for female students. URM
students were also less self-confident in completing
career-based tasks, but when they perceived collaboration in the learning process, this changed a negative
perception to a positive consequence and essentially
removed what would have been a barrier to their persistence. This finding further affirms the potential of
a career-forward approach as a strategy for promoting inclusion and equity. Aside from utility value, perceived collaboration within career-forward curriculum
activities may be promoting a view of engineering as a
profession that is more communal than solitary, thus
providing opportunities for interpersonal relationships,
which is a theme that seems to resonate with URM students (Brown et al., 2015; Smith et al., 2014; Thoman
et al., 2015).
Given the lack of representation for students who
identify as female and/or URM in the profession of engineering, this study makes an important contribution to
our understanding of how to support them during their
undergraduate degree programs, particularly during
the first two years when they are the most vulnerable to
exclusion. Providing developmentally appropriate tasks
that align with professional practice will lessen a known
gender-based self-confidence barrier. Achieving the same
result for URM students will also require the addition
of teamwork or collaboration, otherwise the opposite
effect can be anticipated because the self-confidence barrier is different for this student population. By applying
these suggestions with our innovative career-forward
curriculum as an example, practitioners and researchers
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can better design inclusive and equitable learning environments that serve the student body as well as the
profession.
Limitations and future research

The results reported here are limited by a number of factors and our use of single survey items for measuring
the user experience is likely the most impactful. In addition, the carryover effect, an important form of bias any
time that participants are assessed at multiple points in
time, was not assessed and likely had an influence on the
results. However, we attempted to minimize this influence with our messaging to participants and with the
timing of surveys, both in the duration of time between
instances as well as having participants complete them
immediately following the experience. Future research
using crossover or changeover designs could more rigorously address this issue. A more comprehensive understanding of motivation, especially over a longer duration,
could be provided if both expectancy and task value
beliefs were assessed with more rigorous instrumentation. Finally, the regression analysis was based upon an
assumed linear relationship among the variables and
future research should investigate other potential best-fit
models.

Conclusion
The persistence of undergraduate students, particularly
those who identify as female or URM, is a critical issue
for all STEM disciplines. Systematically assessing student’s programmatic experiences, especially in light of
our emerging understanding for how to support URM
students, is one means to addressing this systemic problem. Career-forward approaches to curriculum, such as
our use of design challenges to re-envision general chemistry laboratory for engineers, is shown to address factors
related to persistence when implemented in introductory
courses. As the embodiment of a student’s goal in choosing a particular major, this approach affords an adaptive alignment via its explicit nature, which productively
builds their task value beliefs and self-confidence.
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