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The Expectancy-Value-Cost model of
motivation may provide good
information about learners in advanced
STEM MOOQOCs, but may require revision
for these populations

How do we know this?




Why measure motivation?

An understanding of stakeholders
informs the designed course characteristics

IMOOC Stakeholders I Learner
- Characteristics
Institution

- = Characteristics \

Learner

Learner
QOutcomes

I ——

Learner and course characteristics interact in ways that
bare out in learner behaviors and outcomes




How to model motivation?
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How to model motivation?

m Alternative Model: Expectancy-Value-Cost model®

m Expectancy = one’s belief they can accomplish a task
currently (ability beliefs) or in the future (expectancy
beliefs)

m Value = how much one wants to do the task based on
whether its perceived enjoyment (interest), usefulness
(utility), and ability to affirm one’s identity (attainment)

m Cost = what one believes they will have to give up or
expend in order to accomplish the task, including time,
effort, or self-image

3. Barron,K.E., & Hulleman, C. S. (2015). Expectancy-Value-Cost Model of Motivation. In J. D.
Wright (Ed.), International encyclopedia of the social and behavioral sciences, 29 edition,
Vol. 8 (pp. 503-509). Oxford: Elsevier. 6/16/2011
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Expectancy-Value-Cost Model
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Context of study

m Pre-course surveys from two courses:
m Nanophotonic Modeling
m Principles of Biosensors

m Discover the underlying traits with factor analysis

m Investigate item functioning with item response theory (IRT)
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Demographics
Category n Percentage Category n Percentage
Course Education
Nanophotonic Less than a four-year degree 75 11.7
) 365 56.8
Modeling Four-year degree 110 17.1
Principles qf Master’s degree 133 20.7
Electronic 2718 432 Doctoral or Professional
Biosensors 68 10.6
degree
Non-respondent 257 40.0
Gender
Male 302 47.0  Academic Status
Female 67 10.4 Part-time student (either in- . o 5,4
Transgender 0 0.0 person or online) ’
Prefer not to answer 7 1.1 Full-time student (either in- 161 25
Non-respondent person or online) '
P 267 4L.5 Non-respondent 263 40.9
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+ 10
Demographics
Category n Percentage Category n Percentage
Age Employment Status
24 or under 131 20.4 Employed part-time, 185 288
25-34 150 23.3 unemployed, or retired '
35 or older 101 15.7 Employed full-time 196 30.5
Non-respondent 261  40.6 Non-respondent 262  40.7
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Distribution of Responses
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Exploratory Factor Analysis

Factor 1 Factor2 Factor 3

Iltem loadings loadings loadings

(1) I know I can learn the material in this course. 879 514 -.292
(2) | believe that I can be successful in this course. | 944 524 -.350
(3) I am confident that | can understand the

material in this course. .880 549 -.263
(4) 1 think this course is or will be important. 545 940 -.261
(5) I value this course. 551 928 -.269
(6) I think this course is or will be useful. 496 919 -.167
(7) Because of other things that I do, | do not -.168 -183 .839

expect to have time to put into this course.
(8) I think I will be unable to put in the time -.270 -.203 908

needed to do well in this course.

(9) I think I may have to give up too much to do
well in this course. -.173 -.067 .693
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Confirmatory Factor Analysis

Item 1
.881(.017)
Expectancy < .935(.013) ——> ltem 2
.888(.016)
ltem 3
.595(.037)
__— ltem4
.942(.012)
-.273(.052) .933(.013) =——>{ |tem 5
.907(.015)
T~ item6
-.175(.051)
__—> ltem7
.826(.018)
.928(.019) =—{ Item 8
.686(.025)
ltem 9

6/16/20117



Item Response Theory
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Item Response Theory

Value

0.84

0.64

Probability

0.4+

0.24
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Item Response Theory

Cost

Probab
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What does it all mean?

m The instrument does measure expectancy, value, and cost in
this population

m However, slight interpretation variability across sub-
populations

m Advanced STEM MOOC learners have strong confidence in
their abilities, and value the courses highly, but experience
varying influence of cost

m In order for this instrument to provide meaningful
information, items need to be revised to better differentiate
levels of expectancy and value, given the population
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Recommendations and

implications

m Given that most participants agree to expectancy and value,
questions should be more nuanced to better explore varying
sources of agreement

m Measuring motivation with EVC may have direct relationship
to learning behaviors

m If we can modify instrument to differentiate each dimension,
it can help us

m Personalize learning experiences
m Give learners greater autonomy

m Deliver more targeted interventions
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Thank you

Questions?

Hillary E. Merzdorf (hmerzdor@purdue.edu)
Nathan M. Hicks (hicks80@purdue.edu)
Kerrie A. Douglas (douglask@purdue.edu)

School of Engineering Education,
Purdue University
West Lafayette, Indiana

National Science Foundation
PRIME #1544259 and EEC #1227110

Any opinions, findings, and conclusions or recommendations expressed in this
material are those of the authors and do not necessarily reflect the views of the
National Science Foundation.
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