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Research on non-cognitive factors has shown that persistence in the face of challenges plays an important role
in learning. However, recent work on wheel-spinning, a type of unproductive persistence where students
spend too much time struggling without achieving mastery of skills, show that not all persistence is uniformly
beneficial for learning. For this reason, it becomes increasingly pertinent to identify the key differences
between unproductive and productive persistence toward informing interventions in computer-based learning
environments. In this study, we use a classification model to distinguish between productive persistence and
wheel-spinning in ASSISTments, an online math learning platform. Our results indicate that there are two
types of students who wheel-spin: first, students who do not request any hints in at least one problem but
request more than one bottom-out hint across any 8 problems in the problem set; second, students who never
request two or more bottom out hints across any 8 problems, do not request any hints in at least one problem,
but who engage in relatively short delays between solving problems of the same skill. These findings suggest
that encouraging students to both engage in spaced practice and use bottom-out hints sparingly is likely helpful
for reducing their wheel-spinning and improving learning. These findings also provide insight on when
students are struggling and how to make students’ persistence more productive.
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1. INTRODUCTION

Studies outside of the educational domain have long documented the links between non-
cognitive factors or skills and their effect on success in work and personal health (e.g., Barrick
& Mount, 1991; Bowles, Gintis & Osborne, 2001; Nyhus & Pons, 2005; Chiteji, 2010). While
there are various theoretical definitions and terms that describe non-cognitive skills within
personality and social psychology, these can generally be viewed as personality and behavioral
traits or “patterns of thoughts, feelings and behavior” (Borghans, Duckworth, Heckman & ter
Weel, 2008, p.3) that individuals develop through the course of their lives (Garcia, 2014). A
broadly accepted model of personality traits is the Five-Factor model (FF), which consists of the
overarching traits of agreeableness, conscientiousness, emotional stability, extraversion and
autonomy (McCrae & Costa, 1987; Digman, 1990).

Some common examples of non-cognitive skills include traits like conscientiousness,
persistence, grit, and self-control (Laursen, 2015; Heckman, Hsee & Rubinstein, 2001; Brunello
& Schlotter, 2011). Non-cognitive factors have long been considered important among educators
(Montessori, 1912), with increasing support for this belief based on evidence for the importance
of these factors for students’ achievement in school (Bowles & Gintis, 1976; Klein, Spady &
Weiss, 1991; Heckman et al., 2001). With academic interest in measuring the role of such non-
cognitive factors in academic achievement, researchers are increasingly exploring the
development of alternative methods and instruments that measure them both quantitatively and
qualitatively.

One factor that is increasingly thought to be important is whether a student is able to persist
or persevere during learning. Persistence is defined as the ability to maintain an action or
complete a task regardless of the person’s inclination towards the task (Cloninger, Svrakic, &
Przybeck, 1993; Duckworth et al., 2007) and is one of the main facets of conscientiousness. As
one of the overarching personality traits in the FF model, conscientiousness has been found to
predict success more strongly than the other traits in the FF model (Barrick & Mount, 1991;
Goldberg, 1990; John & Srivastava, 1999; McCrae & Costa, 1987). While there has been
research on persistence and the larger trait of conscientiousness in the context of the workplace
for quite some time (Barrick & Mount, 1991; Tett, Jackson & Rothstein, 1991; Bowles, Gintis
& Osborne, 2001; Nyhus & Pons, 2005; Carneiro, Crawford and Goodman, 2007), recent studies
have shown that persistence and conscientiousness in educational or academic settings is
associated with academic achievement (Borghans, Meijers & ter Weel, 2006; Paunonen &
Ashton, 2001; Poropat, 2009), creativity (Prabhu, Sutton & Sauser, 2008) and long-term
academic outcomes such as later schooling and future earnings (Heckman et al., 2001; Deke &
Haimson, 2006; Poropat, 2009).

However, recent research has suggested that not all persistence is positive. Beck & Gong
(2013) suggest that some persistence may be “wheel-spinning,” defined as when a student spends
too much time struggling to learn a topic without achieving mastery. A student who persists
unsuccessfully may eventually face reduced motivation (Sedek & Kofta, 1990). Ultimately,
wheel-spinning may be associated with the failure to seek help when it is needed, often called
“help avoidance” (Dillon, 1988), a behavior generally thought to be associated with poorer
learning outcomes (Nelson-Le Gall, 1981), though in some situations it is actually associated
with more robust learning (Baker, Gowda, & Corbett, 2011), likely due to incomplete
understanding of when help is actually needed.

As such, we have two related phenomena -- productive persistence and unproductive
persistence (also called wheel-spinning). We want to encourage students to persist productively
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but may want to prevent them from persisting when the eventual outcome is negative. We may
instead wish to encourage these students to stop and seek help or take other corrective actions.
The problem is that, in current models, these two situations are indistinguishable. We do not
know if a student is persisting productively or unproductively until they have reached a point of
failing or succeeding -- and in many cases, the indicator of eventual success may be far in the
future.

In this paper, we attempt to use educational data mining to distinguish productive and
unproductive persistence from each other, early enough in the learning process that intervention
is still feasible. We do so by identifying which persistence is productive or unproductive and
then attempting to differentiate these students by their behavior (or the context of their learning)
midway through the learning process. We develop this model in the context of the online
mathematics learning platform ASSISTments and discuss the possible implications of our
models for future classroom interventions in mathematics learning.

2. LITERATURE REVIEW

2.1. MATHEMATICS LEARNING IN COMPUTER-BASED ENVIRONMENTS

Computer-based and online learning platforms are increasingly being used to create
customizable and personalized learning environments for students' individual needs and abilities,
particularly in mathematics learning. Despite variations in the types and formats of these
computer-based environments, the use of educational technology in mathematics learning has
generally been found to have small but significant effects on improving students' academic
achievement, particularly with intelligent tutoring systems (see reviews by Steenbergen-Hu &
Cooper, 2013; Cheung & Slavin, 2011; Ma, Adesope, Nesbit & Liu, 2014). For example, studies
conducted around specific intelligent tutoring systems in mathematics have found significant
effects on student achievement in math, such as the SimCalc program (Roschelle, Tatar,
Schectman, Hegedus, Hopkins, Knudson & Stroter, 2007), the ASSISTments platform (Feng,
Roschelle, Heffernan, Fairman & Murphy, 2014; Roschelle, Feng, Murphy & Mason, 2016) and
the Cognitive Tutors in Mathematics (Aleven & Koedinger, 2002; Ritter, Anderson &
Koedinger, 2007; Pane, Griffin, McCaffrey & Karam, 2013). Other intelligent tutoring systems
that have been found to improve student achievement in mathematics include Wayang Outpost
(Arroyo, Woolf, Royer, Tai, & English, 2010) and the ALEKS system, which has also been found
to be effective in reducing knowledge gaps in mathematics learning (Huang, Craig, Xie, Graesser
& Hu, 2015). Meta-analyses (e.g., Steenbergen-Hu & Cooper, 2013; Cheung & Slavin, 2013;
Ma, Adesope, Nesbit & Liu, 2014; Kulik & Fletcher, 2016) have found evidence that despite
differences in platforms and formats, intelligent tutoring systems, in general, have been shown
to produce positive effects on student achievement in mathematics. These effects have also been
found across different populations and length of use of these intelligent tutoring systems

2.2. ASSESSING STUDENT PERSISTENCE AND WHEEL-SPINNING IN COMPUTER-
BASED ENVIRONMENTS

With a recent resurgence of interest in the role of personality traits in academic achievement and
success, more work has been done to create validated measures of non-cognitive skills such as
persistence and self-control. Most notably, Duckworth et al. (2007) coined a personality
construct named grit, which overlaps with the traditionally measured facet of conscientiousness
but was posited to be distinct in other aspects (Duckworth et al., 2007; Duckworth & Quinn,
2009). Duckworth et al. (2007) developed a self-report measure of grit, which has been found to
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have positive relationships with overall achievement and long-term success (Duckworth et al.,
2007; Strayhorn, 2014). Other personality researchers, however, have conceptualized
conscientiousness as an over-arching personality trait that encompasses other traits like grit,
persistence, and industriousness (MacCann & Roberts, 2010; Crede, Tynan & Harms, 2017).
Within personality psychology, persistence is considered a personality trait and one of four
dimensions of temperament (Cloninger, Svrakic, & Przybeck, 1993; De Fruyt, Van De Wiele &
Van Heeringen, 2000). Persistence is defined as the act of persevering in a task despite fatigue
or frustration and in the face of obstacles (Cloninger et al., 1993; Rank, Pace & Frese, 2004).
Like grit, it has been found to be strongly correlated with conscientiousness (Crede et al., 2017;
De Fruyt et al., 2000; Roberts, Chernyshenko, Stark & Goldberg, 2005), with scales/sub-scales
assessing persistence included within self-report and survey measures of conscientiousness in
personality and social psychology (De Fruyt et al., 2000; Roberts et al., 2005). Complementing
these self-report measures, alternate types of instruments have been employed to assess student
persistence and perseverance during learning tasks. For example, Eisenberger and Leonard
(1980) created a performance-based measure of persistence, using a perceptual comparison task,
which involves the individual detecting as many differences as possible between two pictures.
The amount of time spent on each difference was used to measure persistence (Eisenberger &
Leonard, 1980).

With the evolution and development of computer-based and online learning environments,
recent educational research has delved into the assessment of non-cognitive skills on these
platforms as well. One notable contribution to the research in this area is the creation of
performance-based assessments of student persistence within the context of video games
(Ventura & Shute, 2013). Ventura and colleagues created a measure of persistence within an
educational game known as Physics Playground, an open-ended game that encourages the
applications of qualitative Physics concepts to achieve game objectives. In their study, 154
students were recruited to play the Physics Playground game over 4 hours, split into five 45-
minute sessions, and a game-based assessment (GBA) of player persistence was measured with
data logs of these gameplay sessions, using an evidence-centered design (ECD) process (Kim,
Almond & Shute, 2016). The measure of persistence was based on the amount of time spent on
unsolved trials among all the playgrounds attempted within a player’s log file, across all five
sessions of gameplay. To validate this game-based measure of persistence, a performance-based
measure was adapted from Eisenberger and Leonard’s (1980) measure, an anagram riddle task
(ART; Ventura & Shute, 2013), in conjunction with a student self-report survey of persistence
using a 5-point Likert scale.

The results of this study showed that the amount of time on unsolved trials within Physics
Playground was significantly correlated with the performance-based measure of persistence in
the form of an ART task, and this relationship was more pronounced among players who
struggled in Physics Playground. In addition, both the game-based assessment and ART task
measure of persistence predicted student learning within Physics Playground, even after
controlling for other factors such as gender, video game experience, enjoyment of the game and
prior knowledge of related Physics concepts. This was in contrast to student self-reports of
persistence, which were not found to significantly predict learning within Physics Playground,
suggesting that behavioral measures of persistence within the game may be more useful than
self-report measures.

Persistence despite failure may be beneficial or detrimental to learning, however, as there may
be instances of both productive and non-productive persistence. While productive persistence
that leads to mastery is a desirable trait during learning, non-productive persistence could instead
lead to poorer learning (Beck & Rodrigo, 2014). Beck & Gong (2013) termed such instances of
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non-productive persistence as “wheel-spinning,” defined as when a student spends too much
time struggling to learn a topic without achieving mastery. Specifically, Beck & Gong (2013)
identified wheel-spinning as occurring among students who had 10 or more skill opportunities
without mastering a given mathematics concept and found that approximately 38% of students
did not master a given skill after 10 practice opportunities and were thus potentially wheel-
spinning. With this definition, the researchers developed a wheel-spinning detector for the
ASSISTments online learning platform, which identified specific student actions and features
occurring during learning that indicate wheel-spinning. One limitation of this wheel-spinning
detector was that it was built based on students’ mastery of a given skill after more than 10 skill
opportunities. However, this definition does not account for students who may have achieved
mastery by eliciting external help or who obtained the correct answers from a teacher or fellow
student. It also does not consider the possibility that some difficult skills may legitimately need
more than 10 practice opportunities for students to master. To ensure that student mastery of a
given concept or skill is identified accurately, we base our definition of wheel-spinning not just
on initial performance but also on retention of the skill learned over time using a delayed test.

Wheel-spinning detectors have also been developed recently in two other studies within other
online learning environments. A detector of wheel-spinning was developed on data from 122
students who used Cognitive Tutor Geometry (Matsuda et al., 2016). In this study, Matsuda and
colleagues only retained student-skill response sequences that had five or more practice
opportunities, with the rationale that there was not enough data to identify wheel-spinning with
five or fewer practice opportunities; this left a total of approximately 3000 student-skill
sequences. The researchers first asked human coders to identify students who were wheel-
spinning based on students’ response data. Using this human coding, they developed a neural
network-based model to compute the likelihood of wheel-spinning, attempting to differentiate
wheel-spinning students from non-wheel-spinning students, among the students who did not
master the skill. While this detector had high recall values, its precision values were relatively
low, at around 25%. As such, this detector tended to identify most unsuccessful students as
wheel-spinning, even when the human coders did not agree. Additionally, this work by Matsuda
and colleagues (2016) differs from the work presented in the current paper in that it did not
attempt to distinguish wheel-spinning students from successfully persistent students but instead
distinguished wheel-spinning students from non-wheel-spinning students who failed to master
the skill (presumably for other reasons).

In addition to intelligent tutoring systems, work has been conducted to identify wheel-
spinning within Physics Playground. In this context, mastery was defined as having achieved the
game level objectives, which manifested in the form of a silver badge (for completing a level) or
a gold badge (for completing a level with an elegant solution). Given the open-ended nature of
the Physics Playground environment, wheel-spinning was operationalized in various ways. For
example, a student was defined to be wheel-spinning if he/she made attempts within a
playground level that took more than 15 minutes or attempts after achieving a silver badge that
did not lead to a gold badge. Based on these operationalizations, researchers made use of machine
learning models to create detectors of student wheel-spinning within the game environment, with
a predictive accuracy of 82.9% (Palaoag et al., 2016), which was higher than the baseline of
73.4%. The baseline of 73.4% was taken from predicting that every data point was the majority
class, as 73.4% of data points were originally labeled as not wheel-spinning. However, as with
previous efforts, this work did not specifically distinguish wheel-spinning students from
successfully persistent students.

In our current study, we focus on the problem of distinguishing wheel-spinning from
productive persistence. Differentiating between whether a persistent student will eventually learn
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