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Measuring Students’ Subjective Task Values
Related to the Post-Undergraduate Career Search
Introduction
Smart capable graduates continue to leave engineering degree and career pathways. To support a
diverse, well-qualified engineering workforce, educators need to better understand the career
choice processes of undergraduate students enrolled in engineering programs and nearing
graduation. While many researchers have examined choices to engage in specific careers, few
have focused on the experience of students actually acquiring a first position post-graduation.
From the engineering education and career development literature,1-3 it is known that interest in
other fields account for some diversion of engineering graduates from engineering careers.
Negative attitudes and feelings about the engineering career search, however, can be partially
responsible as well.4-5
To better understand these issues, a survey of engineering students’ career decision-making and
preparedness was undertaken. This survey is part of the Professional Engineering Pathway Study
(PEPS), a longitudinal, mixed-methods study funded by the National Science Foundation. This
study takes a national perspective, collecting data from six U.S. institutions across three states,
including a Western private university, a Western public university, a Midwestern private
university, a Midwestern public university, and two Eastern public universities, one of which is a
residential school and the other of which is a commuter school. These schools were purposively
sampled for their geographic, institutional, and student body diversity, to allow for the
examination of both personal and contextual (e.g., regional, institutional, disciplinary, etc.)
factors that affect engineering students’ career choices. Together, they enroll approximately
16,000 engineering undergraduates.6
The PEPS study is grounded in Expectancy-Value Theory (EVT),7 which conceptualizes
engagement in a task as a function of four subjective task values: attainment value, intrinsic
value, utility value, and cost. The focus of this research paper is on the development and
validation of survey measures to capture students’ subjective task values (STV) related to their
post-undergraduate career search. Such measures can be used by researchers, career services
professionals, and educators to identify and address causes of “problematic” career attrition4
among students. Development of these STV measures followed a rigorous, multiphase process
based on guidelines outlined by various instrument development experts8-9 to ensure adequate
validity and reliability. These phases include (1) initial item generation and the assessment of
content validity and face validity, (2) pilot testing, exploratory factor analysis, and item revision,
and finally, (3) survey administration and assessment of model fit through confirmatory factor
analysis. This paper begins with more details about the EVT framework on which the STV
measures were based, and then describes the item development process and results.
Framework
The choice of Expectancy-Value Theory (EVT) is appropriate for this study as it was originally
developed to help explain low enrollment rates of women in science, math, and engineering
fields.10-13 Many researchers have used this theory to examine students’ choices to pursue

specific careers or enroll in courses that could lead to specific careers.14-16 EVT posits that people
are more likely to engage in activities that they value. Operationalized for this study, the activity
is engaging in activities related to obtaining a first position post-graduation, and the four
subjective task values would be defined as follows: (1) attainment value, the perceived
importance of engaging in career search-related activities, (2) intrinsic value, the perceived
enjoyment in engaging in career search-related activities, (3) utility value, the perceived
usefulness of engaging in career search-related activities, and (4) cost, the perceived cost of
engaging in career search-related activities.
EVT has been used increasingly in engineering education research for exploring engineering
student career choices.17-19 This research has shown that values are important in students’ choices
to become engineers and may be important to students’ choice of a first position postgraduation.17,19 Yet, no current survey in engineering education or elsewhere addresses students’
subjective task values related to engaging in career finding activities. The survey items presented
in this paper were designed, tested, and validated to address this need. Going into the project, the
research team anticipated several challenges. First, cost has been proven difficult to measure so
much that a special session was held about measuring cost at an American Educational Research
Association (AERA) meeting.20 Several conference papers and journal articles specifically on the
cost construct have been published or are in progress.21-23 Researchers have also sometimes
found the four STV constructs difficult to distinguish.17-18 Decisions made to mitigate these
concerns are documented in the methods section.
Methods
Development of the STV Measures
The PEPS survey was developed during the summer of 2016. The survey is comprised of five
sections mapped to EVT and intended to capture students’ attitudes, behaviors, and beliefs
related to planning their initial career steps, including (1) their current plan of study, (2)
undergraduate experiences, (3) knowledge, beliefs, and influences, (4) career plans and
expectations, and (5) background characteristics. The “knowledge, beliefs, and influences”
section includes questions in which students are asked to self-report their subjective task values
(STV) related to finding a first position post-graduation.
The research team developed items for the four dimensions of the STV construct – attainment
value, intrinsic value, utility value, and cost – in close consultation with published surveys
utilizing EVT in education and engineering education17-19,24-25 to ensure that the intended
meaning of each dimension would be measured. Based on the difficulties measuring cost
reported in prior work,20-23 cost items were generated along two different types of cost, task effort
cost (i.e., time spent) and emotional/psychological cost,21 to increase the likelihood of producing
a factor measuring some aspect of cost. All STV items were displayed as a single scale which
asked respondents, “Please indicate the extent to which you agree or disagree to the following
statements about your first position after graduating with your bachelor’s degree(s),” on a fivepoint Likert (bipolar) scale, from 0=“strongly disagree” to 4=“strongly agree”. Nunnally and
Bernstein26 recommend the use of Likert scales because they are easy to create, produce highly
reliable data, and can be adapted to measure most affective characteristics. McDonald27 suggests
five-point scales when researchers expect moderate (versus extreme) responses. The choice of a

Likert scale ranging from “strongly disagree” to “strongly agree” is also consistent with other
instruments measuring subjective task values.17-18,24
A total of 20 STV items were generated. Content validity was assessed with experts in EVT and
engineering education both within and outside of the research team. Face validity was assessed
by piloting a pencil-and-paper version of the scales with four summer undergraduate researchers
at one PEPS institution, and by piloting an online version of the scales with 75 engineering
juniors and seniors enrolled in a summer class at another institution outside of the PEPS sample.
Items identified as confusing, unclear, or misaligned with the STV dimension that they were
intended to measure were modified or removed from the survey. A few additional items were
removed because they were identified by pilot participants as being potentially stressful or
upsetting; for example, “I will feel like a failure if I don’t have an offer from an employer or
graduate school by the time that I graduate,” which is based on language used in other surveys
measuring subjective task values,24 but was ultimately judged to be inappropriate for this topic
and population. Items with low or negative correlations within a construct after reverse-coding
negatively worded items on the online pilot survey were also modified or removed.
Following revisions, the survey contained 15 items to measure the four hypothesized dimensions
of the STV construct. The dimensions and their items are shown in Table 1. Notably,
respondents were instructed prior to seeing these items that “first position” could include
employment and/or graduate/professional school to accommodate the broad range of career paths
that engineering students take after graduation. This language was reflected in many of the item
stems used to measure the various STV dimensions as well.
Table 1 – Items Developed to Measure STV Related to Finding a First Position
Construct:
Item
Dimension
No.
Item Stem
Getting an offer for a job (or graduate/professional school) would make me
STV_1
STV:
feel good about myself
Attainment
STV_2
I will be disappointed if I haven’t found a position by the time I graduate
Value
STV_3
It is important to me that I have a position lined up when I graduate
STV_4
I enjoy thinking about what my first position after graduation will be like
STV:
Intrinsic
STV_5
I welcome the task of finding a position for after graduation
Value
STV_6
It is exciting to plan out my next career steps
By spending time looking for my first position after graduation, I will
STV_7
increase my chances of finding one that I like
STV:
Looking for my first position after graduation will help me decide what I am
Utility
STV_8
really interested in
Value
Putting effort into my search for a first position now will help me achieve
STV_9
my long term professional goals
Having to line up a position for after graduation makes me feel
STV_10
overwhelmed
STV_11 I find planning out my next career steps to be stressful
STV:
STV_12 Thinking about my first position after graduation causes me anxiety
Cost
I am concerned that I will not have enough time to find a position before I
[1,2]
STV_13
graduate
I worry that the search for my first position will negatively interfere with
STV_14
other aspects of my life

When I think about the amount of effort needed to line up a position for
after graduation, I feel panicked
[1] Items STV_10 through STV_12 were designed to measure task effort cost (i.e., time spent).
[2] Items STV_13 through STV_15 were designed to measure emotional/psychological cost.21
STV_15

Exploratory Factor Analysis
Factor analysis of the STV scale followed the procedure outlined by McCoach, Gable, and
Madura,28 which recommends establishing the preliminary factor structure of an instrument
using exploratory factor analysis (EFA) on one sample, and then subjecting the revised
instrument to a more rigorous test of the factor structure using confirmatory factor analysis
(CFA) on a new sample. Exploratory factor analysis is an item-reduction technique wherein a
factor structure that explains the most variance in the response pattern across items in the fewest
number of common factors is identified. Each factor represents single, unidimensional construct
which represents a unique dimension within the latent construct being measured.28
Data for the EFA analyses were collected as part of a pilot survey with engineering students at a
large, southwestern public university outside of the PEPS sample over a two-week period in
August and September of 2016. Recruitment emails to participate in the online survey were sent
to students by the directors of student services in each engineering program at the university.
Students could choose to enter a drawing for one of twenty $20 Amazon gift cards as a thank you
for participating. The order in which items were shown on the STV scale was randomized to help
reduce bias that can result from the order in which items are presented.29 A total of 581 responses
were collected, including 573 respondents who were engineering students at this institution.
Most students (78%) were juniors and seniors since the recruitment email specifically targeted
these classes based on the overall goals of the project, however, some first-year and sophomore
students also responded. Students of all class levels were retained for the analysis. A total of 400
students provided complete responses to the STV items. Ten students were eliminated from the
sample because their responses were judged to be invalid, i.e., they rated themselves the same
way on every item in the STV scale even though it is unlikely that an individual would rate
themselves as all “low” or all “high” on the attainment value, intrinsic value, utility value, and
cost dimensions. The final sample size (n=390) was determined sufficient for conducting EFA,
for which at least 10 respondents per item is recommended.28
Prior to EFA analysis, the skewness and kurtosis of the items were checked to ensure that the
assumption of multivariate normality was not violated (i.e., that the absolute value of the
skewness of each item did not exceed 2, and that the absolute value of the kurtosis of each item
did not exceed 7).30 EFA also assumes that the correlation matrix for a given scale is factorable.
The research team therefore looked at the inter-item correlation matrix for the STV scale to
ensure that the items within a hypothesized dimension were weakly related to items in other
dimensions but strongly related to each other (r=0.3-0.6).28
Once the assumptions of EFA were met, the Kaiser-Meyer-Olkin (KMO) test and the Bartlett’s
test for sphericity were performed to test the suitability of the data for factoring. The KMO test
measures the degree of common variance among items as a function of partial correlations;
variables that share a common factor will have a small partial correlation and a high KMO score,
with scores above 0.8 considered desirable.28 The Bartlett’s test evaluates whether the correlation
matrix of a given scale differs significantly from the identity matrix in which items are not

correlated at all (i.e., no dimension reduction is possible). A significant test result (p<0.050), in
which case this hypothesis would be rejected, provides support that the data is factorable.28
Three methods were used and compared to determine the number of factors to extract for each
scale: the Kaiser’s criterion method, the scree test, and parallel analysis. Eigenvalues represent
the variance in the items explained by a factor. Kaiser’s criterion method extracts all factors with
eigenvalues greater than 1, and can therefore over-extract factors when there are many items.28
The scree test plots the eigenvalues for each factor against the cumulative number of factors and
shows the approximate point (known as “the elbow”) at which adding more factors to the data
does not explain any meaningful additional amount of variance.28 Yet, in many cases, scree plots
can be difficult to interpret. Alternatively, parallel analysis calculates many random datasets of
the same dimensions of the data set under analysis, calculates an eigenvalue for each item in
each random data set, and then compares eigenvalues from the “real” and “random” datasets,
keeping factors in the real dataset with eigenvalues larger than the 95th percentile eigenvalues
from the random dataset.28 Often these three approaches do not agree about the number of factors
that should be extracted. There is a consensus in the social science literature that parallel analysis
should be used in such scenarios,28 although all approaches should also be informed by theory.
For this analysis, the research team used parallel analysis and theory to determine the number of
factors, and then confirmed this number with Kaiser’s criterion method or the scree test.
Factor extraction was performed in Mplus using the maximum-likelihood (ML) technique which
allows for measurement error in the data unlike other techniques which assume that all variance
in a response pattern can be explained by the extracted factors and that there is no error in
measurement.28 Fabrigar and colleagues declared the ML technique as the best choice for EFA if
data is approximately normal since it provides model fit indices and other information not
typically provided by other methods that can be used in the comparison of competing models to
each other.31
The factor structure was rotated to improve the interpretability of factors. Rotation is a procedure
in which the factors are rotated to achieve a simpler (and therefore, more interpretable) factor
structure.28 An oblique (versus orthogonal) rotation technique was used based on the assumption
that factors within a scale may be at least somewhat correlated. McCoach et al.28 suggests
starting with an oblique rotation and considering an orthogonal rotation if factor correlations are
small (0.3 or lower). Oblimin rotation was selected as the oblique rotation technique, as
recommended by Kim and Mueller.32
A “strong” factor structure in EFA is one in which all items have high loadings on a single factor
and low loadings on all other factors. Thus, in this analysis, items were retained on a factor if
they had a factor loading greater than 0.4 on that factor and less than 0.3 on all other factors.28
Once the final factor structure was obtained, the research team evaluated each factor based on its
number of items and its item communalities. Factors of at least 3-5 items were preferred, as a
factor with three or more items is generally considered more reliable.28 In addition, items were
checked for communalities (the extent to which an item correlates with other items in the same
factor) in the moderate to high range (0.4 and above). Communalities lower than 0.4 may
indicate a low-performing item or the presence of an additional factor.28 For these reasons,
factors with fewer than three items and/or items with low communalities were examined and

considered for item modification before redeploying the PEPS survey and testing the factor
structure further with CFA.
Confirmatory Factor Analysis
Confirmatory factor analysis (CFA) differs from EFA because it is a theory-driven (versus datadriven) approach. The researcher specifies the factor structure a priori, and the results of the
CFA indicate how well the data conform to this model, as determined using fit indices. In this
analysis, the CFI, the RMSEA, and the SRMR are utilized to evaluate the fit of the CFA on the
STV construct. Table 2 presents these fit indices with their established levels of acceptableness.
This analysis also utilizes the chi-square statistic, with a non-significant result (p>0.050)
considered indicative of good model fit.33
Table 2 – Model Fit Indices for Factor Analysis33
Model Fit Index
Level of Acceptableness
CFI ≥ 0.90 (good)
CFI (comparative fit index)
CFI ≥ 0.95 (excellent)
RMSEA ≤ 0.10 (good)
RMSEA (root mean squared error approximation)
RMSEA ≤ 0.05 (excellent)
SRMR (standardized root mean square residual)
SRMR ≤ 0.08

All 15 items in the STV scale were retested (some, with modification) in a survey of engineering
juniors and seniors at the six PEPS institutions from September through November of 2016.
Similar to the pilot, invitations to participate in the online survey were sent via email to students
by the directors of student services, academic advisors, or the office of the dean of engineering.
The survey remained open for a three-week period, with two reminder emails sent, at each
school. Students could choose to enter a drawing for one of 100 $20 Amazon gift cards as a
thank you for participating. The order in which items were shown on the STV scale was again
randomized to help reduce order bias. The research team collected 2,542 responses, including
1,916 respondents who were engineering students at one of the six PEPS institutions. Of these
students, 53 percent identified as seniors, 41 percent identified as juniors, and the remainder
identified as first-year or sophomore students. As in the EFA analyses, students of all class levels
were retained for the analysis. A total of 1,700 students provided complete and valid responses to
the STV items.
CFA was performed using the ML estimator in Mplus. Output from these analyses was inspected
to determine whether path coefficients from the factors to their corresponding items were high
(0.4 and above) and significant (p<0.050) indicating that the factor and the item were related.28
The research team also checked that the residual error variance for each item was significant
(p<0.050), meaning that there was at least some unique variance in each item not explained by
the factor and that the item and factor were not redundant.28 As a final step, the convergent
validity and discriminant validity of the STV items were assessed. Convergent validity is how
well the items within each factor are correlated. It is measured by the average variance extracted
(AVE), which is the proportion of variance in a set of items that can be explained by a latent
construct (or a dimension of a latent construct) as opposed to measurement error. A construct is
considered as having convergent validity if it has an AVE value of 0.50 or above.35 Discriminant
validity is how well the items within a factor relate more strongly to each other than they do to

items in other factors. It is determined by examining the factor correlation matrix, wherein
correlations between factors should not exceed 0.85.28
Lastly, the internal consistency for each factor included in the CFA model was evaluated.
Internal consistency addresses the variation in individual responses within the set of items
measuring a construct, or in other words, whether a set of items will consistently load onto the
same factor.28 Cronbach’s coefficient alpha was used to evaluate the internal consistency of
factors with three or more items. The minimum acceptable level for alpha in research is 0.7,
although higher levels of 0.8 and above are considered desirable.34
Results
Exploratory Factor Analysis
As previously noted, EFA on the STV scale related to finding a first position post-graduation
was performed using data from the pilot survey. Correlations between items ranged from 0.23 to
0.65, indicating that some items might not be good indicators of the STV construct as written. In
addition, while the skewness and kurtosis for most scale items had absolute values of less than 1
and 3, respectively, one item, STV_1, “Getting an offer for a job (or graduate/professional
school) would make me feel good about myself,” had a skewness value of -1.705 and a kurtosis
value of 3.575, indicating a non-normal distribution. However, these values were still within the
assumptions of multivariate normality for factor analysis using the ML technique, and both the
KMO test (score=0.84) and the Bartlett’s test (p=0.000) determined the data to be factorable.
EFA on the STV scale therefore proceeded as planned.
Two models, a three-factor model and a four-factor model, were extracted based on conflicting
results from the various methods available for determining the number of factors to extract.
Parallel analysis and the scree test supported a three-factor solution, while Kaiser’s criterion
method and EVT theory supported four factors. Both models showed correlations between
factors ranging between -0.43 and 0.34, supporting the choice to use an oblimin oblique rotation
in which factors are assumed to have some correlation.
The four-factor model produced an attainment value factor with two items (STV_2 and STV_3),
an intrinsic value factor with three items (STV_4 through STV_6), a utility value factor with two
items (STV_7 and STV_8), and a cost factor with six items (STV_10 through STV_15). Two
items, STV_1, “Getting an offer for a job (or graduate/ professional school) would make me feel
good about myself,” and STV_9, “Putting effort into my search for a first position now will help
me achieve my long term professional goals,” did not load onto the attainment value or utility
value factor, respectively, as expected. This may be due to the non-normal response pattern seen
in STV_1. Both items also had standard deviations of less than 1, which further indicate an
inability to discriminate among participants on these items.
Applying a three-factor model to the data produced the same attainment value, intrinsic value,
and cost factors as the four-factor model. None of the three utility value items (STV_7 through
STV_9) were retained in the three-factor model. Table 3 shows the factor loadings and
communalities for the 12 items in the three-factor model. A chi-squared difference test of nested

models was performed36 and revealed that the three-factor solution comprised a better fit to the
data than the four-factor solution (χ2=14.35, df=7, p=0.045).
Table 3 – Results of Three-Factor Model for STV Related to Finding a First Position
Factor 1:
Factor 2:
Item
Attainment
Intrinsic
Factor 3: CommunNo.
Item Stem
Value
Value
Cost
alities
I will be disappointed if I haven’t found
STV_2
0.781
0.644
a position by the time I graduate
It is important to me that I have a
STV_3
0.829
0.674
position lined up when I graduate
I enjoy thinking about what my first
STV_4
0.748
0.566
position after graduation will be like
I welcome the task of finding a position
STV_5
0.567
0.348
for after graduation
It is exciting to plan out my next career
STV_6
0.808
0.645
steps
Having to line up a position for after
STV_10
0.787
0.611
graduation makes me feel overwhelmed
I find planning out my next career steps
STV_11
0.743
0.602
to be stressful
Thinking about my first position after
STV_12
0.840
0.645
graduation causes my anxiety
I am concerned that I will not have
STV_13 enough time to find a position before I
0.695
0.479
graduate
I worry that the search for my first
STV_14 position will negatively interfere with
0.507
0.352
other aspects of my life
When I think about the amount of effort
STV_15 needed to line up a position for after
0.790
0.666
graduation, I feel panicked

The three-factor solution accounted for 57 percent of the variance in the items measured. The
communalities for the items in this model ranged from 0.34 to 0.67, meaning that between 34
and 67 percent of the variance in each item was explained by the three factors. Two items had
communalities less than 0.40: STV_5, “I welcome the task of finding a position for after
graduation, and STV_14, “I worry that the search for my first position will negatively interfere
with other aspects of my life.” Rather than eliminate or rewrite these items, however, they were
flagged for closer inspection in the CFA.
The two items omitted from the EFA model due to poor factor loadings, STV_1 and STV_9,
were rewritten prior to deployment of the survey to the PEPS institutions. In the case of STV_1,
while some research suggests that it is possible to retain a factor with only two items if the items
are highly correlated,37-38 more items typically lead to better validity and reliability. STV_1 and
STV_9 were thus modified slightly in the hopes of increasing their loadings on their
hypothesized factors and achieving attainment value and utility value factors of at least three
items. Table 4 illustrates the changes made to these items.

Item
STV_1

STV_9

Table 4 – Changes to the STV Items after Pilot Testing
Version
Item Stem
Original
Getting an offer for a job (or graduate/professional school) would make
me feel good about myself
New
Finding a position before I graduate is necessary for me to feel good
about myself
Original
Putting effort into my search for a first position now will help me
achieve my long term professional goals
New
Putting effort into my search for a first position now will help me
determine what to do with my life

Confirmatory Factor Analysis
A CFA of all four hypothesized STV factors was run, with covariances between factors added to
the model to account for the inter-correlations between them as found in the EFA. The
standardized factor loadings for each factor were “high,” exceeding 0.4, and significant
(p<0.001). The residual error variance for each item was also found to be significant (p<0.001).
Several changes to the model were then tested. The covariances between the attainment value
and intrinsic value factors, as well as the covariance between the utility value and cost factors,
were not significant (p<0.050) and a chi-square difference test of nested models suggested that
allowing these paths to vary did not meaningfully enhance model fit (χ2=3.618, df=1, p=0.0572).
The removal of STV_5 and STV_14 was also tested using the chi-squared difference test due to
their low communalities in the EFA analysis. Removing both STV_5 (χ2=625.73, df=1, p=0.000)
and STV_14 (χ2=463.19, df=1, p=0.000) were found to worsen the fit of the model to the data.
These paths were therefore retained.
Figure 1 shows the final CFA model with four factors. Circles represent different dimensions of
the latent STV construct, and squares represent the observed items. The overall fit indices for the
model were CFI=0.96, RMSEA=0.047, and SRMR=0.039, indicating excellent fit. The chisquare statistic for the model (χ2=404.85, df=86, p=0.000) was significant; however, Kline notes
that the chi-square statistic for sample sizes greater than 200-300 are often significant and not a
good measure of model fit.39 Modification indices, used in CFA to re-specify a model to improve
fit,28 suggested no additional possible improvements. Correlations between the four factors
ranged between -0.54 and 0.44, providing evidence of discriminant validity (i.e., that the items
are not overly related to other dimensions of the STV construct that they are not intended to
measure). AVE scores for the attainment value, intrinsic value, and cost factors ranged between
0.50 and 0.61, providing evidence of convergent validity for these factors (i.e., that the items
measure the dimensions of the STV construct that they intend measure). The AVE score for the
utility value factor was 0.30, suggesting that items within the factor failed to measure the same
construct even after modifying STV_9.
As a final step, the internal consistency of each factor was evaluated. Cronbach’s alpha scores
for the attainment value, intrinsic value, and cost factors ranged from 0.73 to 0.88, indicating
acceptable internal consistency for these factors. The internal consistency for the utility value
factor was 0.56, signifying poor reliability and further evidence that items in the factor did not
capture the same construct.

Figure 1 – CFA Results for the Four-Factor STV Model with Attainment Value (attain), Intrinsic
Value (intrinsic), Utility Value (utility), and Cost (cost). All factor loadings are standardized.
All paths are significant (p<0.001). Image generated in Mplus.

Conclusions
Using Expectancy-Value Theory (EVT) as a framework, a survey was designed to measure
students’ subjective task values (STV) related to finding a first position post-graduation. A
rigorous development process was taken to iteratively develop items by testing a hypothesized
factor structure. Three dimensions of STV emerged from the analysis with good validity and
reliability. Somewhat surprisingly, these dimensions included cost (in addition to attainment
value and intrinsic value), which previous EVT studies have noted difficulty with measuring. All
six cost items, including three items intended to capture task effort cost and three items intended
to capture emotional/psychological cost, loaded onto a single factor in both the EFA and CFA
analyses. A fourth factor, utility value, was unsupported by the analysis. Low inter-item
correlations, factor loadings, average variance extracted, and Cronbach’s alpha suggest that the
items used to measure utility value were poorly written. Post hoc examination of the items by the
research team revealed perception of time may have been a confounder. While one item, STV_7,
focused on the usefulness of the post-undergraduate career search for finding a desirable first
positon – a short-term goal – the other items, STV_8 and STV_9, focused on the usefulness of
the search for finding out what one is really interested in and figuring out what to do with one’s
life. These latter goals are, arguably, longer-term and may or may not be perceived by students

as within their immediate locus of control. Further study is needed to better understand the ways
in which students see the career search as beneficial.
Although the measures developed for this study explain a large portion of the variance in the
STV construct, further improvement may be possible. Since the PEPS study for which these
measures were created is longitudinal, there is an opportunity to follow up with the juniors who
participated in this study in the upcoming academic year, to revise the utility value items and
retest the factor structure. Future work could also focus on generalizing these measures to a
larger sample of engineering students, as well as testing their applicability to different
populations, such as by gender, class standing, and institution type.
Within the PEPS study, these measures will be used to understand and explore how the feelings
of engineering juniors and seniors approaching graduation are tied to the types of experiences
and interactions they have as undergraduates, and particularly to those that are career related
(e.g., engagement with career services, participation in internships/co-ops). The research team is
also interested in how these attitudes and beliefs influence students’ career choices. Results from
this research will be shared with the PEPS partner schools, and the engineering education
community more generally, to help better prepare students for the career search process.
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