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Understanding Wheel
Spinning in the Context
of Affective Factors
Ma. Mercedes T. Rodrigo, Ateneo de Manila University, Quezon City, Phillipines
Joseph Barbosa Beck, Worcester Polytechnic Institute, Worcester, MA, USA

ABSTRACT
The notion of wheel spinning, students getting stuck in the mastery learning cycle of an ITS without mastering the skill, is an emerging issue. Although wheel spinning has been analyzed, there has been little work in
understanding what factors underlie it, and whether it occurs in cultural contexts outside that of the United
States. This work is an extension of an earlier analysis of 116 students in an urban setting in the Philippines.
The authors found that Filipino students using the Scatterplot Tutor exhibited wheel spinning behaviors. The
authors explored the impact of an intervention, Scooter the Tutor, on wheel spinning behavior and did not
find that it had any effect. They also analyzed data from quantitative field observations, and found that wheel
spinning is negatively correlated with engaged concentration, positively correlated with confusion, but not
correlated with boredom. This result suggests that the problem of wheel spinning is primarily cognitive in
nature, and not related to student motivation. However, wheel spinning was positively correlated with gaming
the system, and causal analysis suggests that wheel spinning causes gaming.
Keywords:

Affect, Gaming the System, Quantitative Field Observations, Wheel Spinning,

INTRODUCTION
Mastery learning is a philosophy of teaching and learning that “asserts that under appropriate
instructional conditions, virtually all students can learn well, that is, can ‘master,’ most of what
they are taught.” The theory further asserts that teachers can deliver instruction so that students
learn well, enabling students’ short-term success and preparing students for subsequent learning
(Block & Burns, 1976). This model is consistent with the intuition that “practice makes perfect.”
Decades of research have investigated mastery learning in the context of computer-aided
instruction (see Corbett & Anderson, 1994; Frick, 1990). During the 1970s, researchers began
developing new modes of computer-based education, specifically intelligent tutoring systems
(ITSs). ITSs were learning environments that make use of artificial intelligence to engage students in deep reasoning based on an understanding of students’ knowledge and behavior (Corbett, Koedinger, & Anderson, 1997). Many of today’s ITSs provide assistance to the student in
DOI: 10.4018/IJPOP.2014070104
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the form of hints or by breaking a complex problem down into simpler steps for the student to
solve individually.
ITSs are effective learning environments for computer-assisted problem solving because
they are capable of providing assistance to students who are confused. Prior work estimates that
ITSs are at least as good as human tutoring at helping students learn (VanLehn, 2011).
Although it is tempting to assume all students benefit from using an ITS, this assumption
does not necessarily hold. Upon reflection, the mastery learning model has weaknesses: If a student requires assistance to solve his first two problems, presenting a third with the hope he will
learn the skill is a reasonable strategy. However, if the student has been unable to reach mastery
in the first twenty practice opportunities of a skill, it is unlikely that the twenty-first opportunity
will enable the student to acquire the skill (Beck & Rodrigo, 2014). In many ITSs, the student
does not need to attempt a fixed number of problems, but continues to solve problems until he
achieves mastery of the associated skills. In other words, the computer keeps presenting problem
after problem for as long the student’s skill is less than mastery level.
Beck and Gong (2013) labeled this phenomenon “wheel spinning”. It refers to students
who fail to master a skill in a computer tutor in a timely manner. The name comes from a car
spinning its wheels in the snow: there is the illusion of forward progress as the car is expending
effort and its wheels are spinning rapidly, yet it is not going anywhere. What exactly a “timely
manner” is varies from tutor to tutor, but Beck and Gong’s (2013) prior analysis shows that,
after 10 attempts to practice a skill, approximately two-thirds of students would have achieved
mastery. Subsequent attempts barely increase this percentage, implying that the last third of
students need other interventions.
This paper is an extension of a previously-published short conference paper by Beck and
Rodrigo (2014). This paper further explores the phenomenon of students being stuck on a particular skill, investigates what other constructs relate to it, and discusses possible approaches for
remediation. It specifically attempts to address the following research questions:
1.
2.
3.
4.

How do students spend their time while using an ITS?
Do students wheel spin within the ITS?
What is the relationship between affect and wheel spinning?
What is the relationship between off-task behavior and wheel spinning?

STUDY POPULATION, SYSTEM, AND METHODOLOGY
In this study of wheel spinning, we measured the relationship between wheel spinning and a
variety of affective and cognitive variables. We made use of an existing dataset that was previous
analyzed for constructs such as student disengagement (see Rodrigo et al., 2010), help-seeking
behavior (see Ogan et al., 2014), affect (see Rodrigo et al., 2011), and carelessness (see San
Pedro et al., 2011).

Participants
A public high school in in Quezon City, Philippines permitted the research team to conduct
the study on their premises, with their students. As of 2008, the school had 5,368 students,
predominantly Filipino, and 216 teachers (Ramon Magsaysay Cubao High School: School
Profile Report, 2009). The school’s community was relatively poor. A survey of the students’
parents revealed that about one-half of respondents were unemployed and approximately 70%
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of households earned PhP10,000 per month or less (approximately US$230.00). The school had
32-bit Windows XP computers intended for student use, but many were in disrepair or kept in
storage and not used for instruction (see Rodrigo et al., 2011). This profile implied that students
were studying under relatively resource-poor conditions and had limited prior experience with
computers within an educational setting.
The principal and math and science coordinators selected 126 public high school students
to participate in the study from different first year high school sections. That is, participants
included regular students and advanced math and science students. Students ranged in age from
12 to 14. There were 74 girls and 40 boys. Gender data on the other 2 participants was missing
from the data set (see Rodrigo et al., 2011).

Materials
The testbed for this study was the Cognitive Tutor unit on scatterplot generation and interpretation (Baker, et al., 2006). Within the Scatterplot Tutor, the learner is given a problem scenario
(Figure 1) and data that he needs to plot (Figure 2) in order to arrive at the solution.
The learner first identifies the variables that each axis of the graph would represent. He then
had to provide an appropriate scale for each axis (Figure 3).
He proceeds to label the values of each variable along the axis and plot each of the points
of the data set (Figure 4).
Finally, he interprets the resultant graphs.
The Scatterplot Tutor provides contextual hints and supplementary content to guide the
learner, feedback on correctness, and messages for errors (Figure 5).
The tutor also monitors and displays the learner’s progress through skill bars that depict
his mastery of skills (Figure 6). Students work on a total of twenty-four skills within the tutor.

Treatment Conditions
The 126 participants were randomly assigned to treatment condition. Sixth-two participants
(control) used the standard Cognitive Tutor lesson on scatter plots. Sixty-four of the participants
(experimental) were assigned to use a version of the tutor with an embodied conversational
agent, “Scooter the Tutor”. Scooter was designed for two purposes. First, Scooter was designed
to dissuade a form of off-task behavior called gaming the system. Gaming the system is defined
as systematic misuse of system features to advance through the learning materials without actually learning the content (Baker et al., 2004). As shown in Figure 7, Scooter became angry
when students gamed the system. Although the goal of this visual was to mitigate gaming, some
students actually enjoyed seeing Scooter turn red and would deliberately attempt to get him
angry (Ryan Baker, personal communications). Second, Scooter was designed to help students
learn the material that they were avoiding by gaming, while affecting non-gaming students as
minimally as possible. Scooter displays happiness and gives a positive message when students
do not game (regardless of the correctness of their answers), but shows dissatisfaction when
students game, and provides supplementary exercises to help them learn material bypassed by
gaming (see Figure 5).

Observation Protocols
Each student’s prevalence of each affective state was assessed using the Baker-Rodrigo Observation Method Protocol (BROMP) (Ocumpaugh, 2012). The protocol is operationalized differently
in each field study. To collect the data for this study, prior work (see Rodrigo, et al., 2010; San
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Figure 1. Problem scenario example

Figure 2. Data that needs to be plotted

Pedro et al., 2011) reports that each participant was observed 24 times by a pair of trained expert
coders, with an interval of 180 seconds between observations lasting 20 seconds each. In order
to reduce the degree to which affect is altered by the observation process, observations were
conducted using peripheral vision or at an angle where the observer appeared to be looking at
another participant, so that the participant currently being observed would not know that he is
the one being observed. It was possible for a student to exhibit more than one affective state
during a time period. As in past research using this method, however, only the first observed
affective state was recorded to avoid bias towards interesting or dramatic events. The coding
scheme included seven categories: boredom, confusion, delight, engaged concentration (called
flow in Craig, et al., 2004), frustration, surprise and neutral. Observers also recorded the first
user behavior from a list of seven behaviors of interest: on-task, on-task giving and receiving
answers, other on-task conversation, off-task solitary, other off-task conversation, gaming the
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Figure 3. Scaling tool

Figure 4. Scatter plot work area
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Figure 5. Supplementary content

Figure 6. Skill bars

Copyright © 2014, IGI Global. Copying or distributing in print or electronic forms without written permission of IGI Global is prohibited.

International Journal of People-Oriented Programming, 3(2), 75-90, July-December 2014 81

Figure 7. Happy vs. angry Scooter

system, and inactive (Rodrigo, et al., 2011). The observers’ inter-rater reliability was found to
be acceptable at Κ=0.54. More details on the quantitative field observation method, including
examples from the coding manual can be found in Ocumpaugh (2012).
The participants were organized in groups of 10. Prior to using the software, students
viewed a lecture on the topic, delivered via a PowerPoint presentation with a voiceover and
some simple animations. This lecture was necessary to level off student knowledge, as students
had not explicitly covered these topics in class prior to the study. After the lecture, each group
was asked to use the Scatterplot Tutor for 80 minutes. Each student in each group took a nearly
isomorphic pre-test and post-test, counterbalanced across conditions.
We started with 126 students in our study population. Unfortunately, data from four students
were lost due to a faulty USB drive. In addition, there were problems reconciling affect observations with interaction data for six students. Therefore, we were left with 116 students to analyze.
Furthermore, we noticed that some students solved relatively few problems in the Scatterplot
Tutor, resulting in two difficulties. First, such students worked on fewer different topics, and
thus saw a subset of the material other students saw. Second, these students’ affective states were
based on few observations, resulting in statistically unstable estimates of the affective measures.
Therefore, for analyses involving affect, we screened out students who completed fewer than 60
problems. After this attrition, we were left with 57 students in the control group and 49 students
in the experimental group.

RESULTS
Investigating Student Mastery in the Scatterplot Tutor
In order to investigate how students mastered content in the Scatterplot Tutor, we made use of
the log files recorded during the study to analyze student performance. The analyses that follow
use the entire dataset, i.e. both the control and experimental group data.
How did students spend their time in the Scatterplot Tutor? As we reported earlier
(Beck & Rodrigo, 2013), we separated students into three categories of learners on any given
problem. The first category was composed those students still working towards mastery. The
second category was composed of those who had just mastered the skill on that problem. The third
category was composed of those learners who had mastered the skill on a previous problem. For
the purposes of this paper, we use a definition of mastery defined as three correct responses in
a row. Figure 8 shows how many students were engaged in each of these three activities for the
first 20 practice opportunities of each skill. The y-axis of the graph goes up to 2610, since there
are 24 skills in the Scatterplot Tutor, and 116 students (some students did not attempt all of the
skills). Therefore, on the first practice opportunity, all students were working towards mastering
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the skill, as none could have mastered it yet (since the definition is three correct responses in a
row). On the third practice opportunity, a fair proportion of the students mastered the skill. By
the seventh practice opportunity, relatively few students were still working towards mastery,
and those students were unlikely to master the skill. The majority of students were working on
additional practice of the skills, and possibly overpracticing (Cen, Koedinger, & Junker, 2007).
Whether all of this overpractice is wasted or even preventable (FAncsali, Nixon, & Ritter, 2013) is
debatable; however we were surprised at the low number of students, both in absolute terms and
as a relative proportion, still working towards mastering the skill by the 9th practice opportunity.
Do students wheel spin within the scatterplot tutor? To investigate whether wheel spinning occurs within the Scatterplot Tutor, we graphed the number of practice opportunities on
the x-axis, and on the y-axis plotted the percentage of students who succeeded in mastering the
skill. Figure 8 shows performance of students within the Scatterplot Tutor. The interpretation
for this graph is that if you wait until the 20th practice opportunity, what percentage of students
will have mastered the skill?
The number of students who have mastered a skill is easy to compute: count the number
of learners who have so far succeeded in answering three questions in a row correctly. These
are the students who have mastered the skill. To compute a percentage, we can simply compute
(#mastering-the-skill / #attempting-the-skill). Unfortunately, there are two defensible choices for
the denominator, which we will now explore. The first candidate is the total number of students
who have started the skill and completed one practice opportunity. This approach corresponds to
the solid, lower, line in Figure 9, and is consistent with prior work on wheel spinning (Gong &
Beck, 2013). However, this approach causes an artificially negative view of student performance,
as a learner who only solves 1 problem has no chance of mastering the skill (as the definition
requires 3 correct responses in a row), but still counts towards students who failed to achieve
mastery. Although this student failed to achieve mastery, it is not necessarily fair to count this
failure against the tutor.
An alternate candidate for the denominator is to only count students who have attempted at
least 3 problems for the skill. This way, those students have the opportunity to master the skill,
and as seen in Figure 9, many students master the skill at this point. Using the more restrictive
definition of only counting students who have attempted 3 or more problems does not affect the
numerator, but shrinks the denominator, resulting in a higher percentage of students mastering
the skill. This definition of deciding who has attempted a skill corresponds to the upper, dashed
line. One drawback of this definition is that a student may begin a skill, attempt to solve one
or two problems, and then decide the material is too hard and give up. These students could be
considered as failing to achieve mastery, but are not accounted for by the dashed line.
While neither definition of students attempting a skill is perfect, they give some notion of
the scope of the problem. If we only considered students who attempted 3 or more problems,
and waited until the 15th practice opportunity, only 63.2% of students mastered the skill. Waiting until 20 practice opportunities resulted in very few additional students mastering the skill
(63.4%), as relatively few students attempted to solve that many problems. In short, students
who mastered the material in the Scatterplot Tutor tended to do so quickly; after 7 practice opportunities 90% of the students who will eventually master the skill have already done so. So
while computer tutors are able to provide infinite practice, few students have the patience to
attempt more than 10 problems.
These results, combined with Figure 8, which demonstrated that relatively few students
succeed in mastering a skill relative to the number working on it, suggest that Filipino students
working in the Scatterplot Tutor were capable of exhibiting wheel spinning behavior. After a
student attempted 10 problems on a skill and failed to master the skill, he had little hope of
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Figure 8. Number of students engaged in each type of activity as a function of practice opportunity

achieving mastery through additional interaction with the ITS. For consistency with prior research, we also adopt a threshold of 10 problems for our cutpoint for wheel spinning. That is, if
a student reaches 10 problem attempts on a skill without mastery, we define him as exhibiting
wheel spinning behavior on that skill (Beck & Rodrigo, 2013).

UNDERSTANDING THE INTERPLAY OF SCOOTER
THE TUTOR, AFFECT, AND WHEEL SPINNING
For interpreting the affect data, in order to obtain scientifically meaningful results, we restricted
the data in two ways. First, as mentioned previously, we excluded students who solved fewer
than 60 problems. Second, we found that certain affective states were rarely observed by our
coders. Table 1 shows how often students were coded as being in each affective state at least once.
Thus, all students were at times in a state of confusion and engaged concentration. Conversely,
only 5% of students were noted to observe surprise at least once. This lack of observations for
certain affective states makes it difficult to draw statistical conclusions about those states from
our data (Beck & Rodrigo, 2013).
According to Table 1, only 9% of students were observed to be frustrated while using the
Scatterplot Tutor. There are several possible reasons for this low number:
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Figure 9. Student mastery vs. practice opportunity

1.
2.
3.
4.

The Scatterplot Tutor could be well designed to minimize frustration, and the 9% number
is an accurate assessment.
Students may be skilled at hiding their emotions, particularly difficulty in learning which
may carry negative social stigma.
The human coders might have interpreted frustration as another state.
Students may have exhibited frustration when they were not under observation.

Regardless of the cause, states that were rarely observed will present problems for statistical analyses. When 95% of the values in a dataset are 0, statistical tests will be hard-pressed to
detect effects and violations of normality are a given. Given the lack of statistical power, and
extreme non-normality of the data, we did not examine the affect states of None, Frustration, or
Surprise. That left us with Confusion, Engaged concentration, Boredom, Neutral, and Delight,
as well as our measure of percent time gaming the system and percent of skills on which the
student wheel spun.
Both the control and experimental groups worked with the Scatterplot Tutor. In addition, the
experimental group received feedback and assistance from Scooter the Tutor. One question is
whether Scooter had an impact on the affective states or on the amount of wheel spinning. The
impact of Scooter on affective states has been previously studied (Rodrigo, et al., 2012), and this
work replicates the finding that the presence or absence of Scooter did not result in a statistically
reliable difference between conditions. We also measured Scooter’s impact on wheel spinning.
In both conditions, the mean of wheel spinning was 0.37 so there appeared to be no impact from
Scooter. Given that Scooter also included instruction, it is somewhat surprising that Scooter did
not affect the rate of wheel spinning. To further explore wheel spinning, we examined how the
other constructs we measured correlated with it.
What is the interrelationship between affect and wheel spinning? As we expected student
initial knowledge to directly affect both wheel spinning and affective measures such as confusion and engaged concentration, we computed partial correlations, partialing out the student’s
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Table 1. Percentage of students exhibiting various affective states
Affective State

Percentage of Students Observed in That State at Least
Once

Confusion

100%

Engaged
concentration

100%

Boredom

33%

Neutral

29%

Delight

25%

None

14%

Frustration

9%

Surprise

5%

pretest score (Beck & Rodrigo, 2013). Table 2 provides the results of the partial correlations.
Wheel spinning was moderately related to engaged concentration and confusion. As expected,
more observations of engaged concentration indicated that a student was less likely to wheel
spin, while more observations of confusion indicated a student was more likely to wheel spin.
There was also a moderately strong relationship with gaming the system, with students who
gamed more being more likely to wheel spin. Although the direction of the relationships was
unexpected, the magnitude of the correlation was not. Given that prior domain knowledge was
controlled for, we were surprised at the strength of the relationships and expected much weaker
associations. Perhaps most interestingly, boredom was not strongly related to wheel spinning,
with a partial correlation of 0.15 (Beck & Rodrigo, 2013).
In addition to correlating wheel spinning with students’ overall incidence of engaged concentration, confusion, gaming, boredom, and delight, we examined the relationship between wheel
spinning and persistent confusion and persistent engaged concentration. We operationalized persistent confusion or engaged concentration as three consecutive observations of the state. Since
observations were 3 minutes apart, that would be estimates of confusion or concentration over
a 9-minute interval. We counted the number of times each student was observed to be confusedconfused-confused and engaged concentration-engaged concentration –engaged concentration.
We divided these counts by the total number of three-observation sequences to get the incidence
of these two sequences per student. We chose these two constructs to use for persistence as they
had the most observations. The next most frequently occurring affective state, boredom, had
only 10% of students exhibiting even one instance of repeated boredom, an insufficient sample
from which to compute a reliable correlation. In contrast, engaged concentration and confusion
had instances of persistent behavior in 80% and 88% of students, respectively.
Our reason for checking persistence was that we suspected that students who were persistently confused would be more likely to wheel spin than students who were only intermittently
confused, even if overall both students had the same average level of confusion. For example,
a student who is confused three times at widely separated points in time is probably exhibiting
less wheel spinning than a student who is consistently confused over a short period of time.
Contrary to our expectations, the correlations between wheel spinning and persistent confusion
and engaged concentration were somewhat weaker than the correlations with the overall levels
of confusion and concentration.
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Table 2. Partial correlations of immediate affect variables vs. wheel spinning controlling for
pretest score
Construct

Partial Correlation

P-Value

Overall (N=106)
Flow

-0.52

1.03 x 10-8

Confusion

0.48

2.91 x 10-7

Gaming the system

0.44

3.24 x 10-6

Boredom

0.15

0.14

Delight

0.05

0.59

Confusion-Confusion-Confusion

0.36

6.8 x 10-5

Flow-Flow-Flow

-0.46

2.1 x 10-7

Flow

-0.46

0.0004

Confusion

0.46

0.0004

Gaming

0.30

0.025

Boredom

0.03

0.85

Delight

0.09

0.51

Confusion-Confusion-Confusion

0.492

0.0001

Flow-Flow-Flow

-0.37

0.005

Flow

-0.61

4.8 x 10-8

Confusion

0.49

0.0004

Gaming

0.58

0.00003

Boredom

0.25

0.08

Delight

0.014

0.92

Confusion-Confusion-Confusion

0.41

0.004

Flow-Flow-Flow

-0.55

0.00005

Control (N=57)

Experimental (N=49)

Table 2 also provides the relationship between our affective measures and wheel spinning
broken down by whether students were in the control or experimental version of the tutor. There
have been observations of students changing behavior in response to Scooter, so we wondered
whether such changes would alter the relationship between observed affect and wheel spinning.
In general, the magnitude of the partial correlations was noticeably stronger for the experimental
than for the control condition. One possible explanation is that Scooter also provided a tutoring
component and attempted to discourage students from gaming. Students who exhibted confusion
in spite of the extra tutoring were presumably struggling even more and are thus more likely to
wheel spin. The increase in magnitude of partial correlations extends to the results for gaming
(0.30 for control vs. 0.58 for experimental). One possible explanation is that students in the
experimental group received visual feedback as a result of gaming (see Figure 7, discussed previously), and so consequently, may have done gaming actions with the goal of angering Scooter.
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Such actions would result in an increase in wheel spinning and would not be accounted for by
the partial correlate of pretest score.
Combined, these results suggest that students are wheel spinning not because of affective
factors where they are not motivated to do the work, but rather, students are genuinely stuck on
the material and need additional instructional support. To test this intuition formally, we modeled the problem in Tetrad, a freely available tool for causal discovery in datasets1 (Beck &
Rodrigo, 2013). Tetrad takes advantages of asymmetries in partial correlations between variables
to, sometimes, discover which variables are causal (Pearl, 2000) rather than merely associated.
Briefly, Tetrad tests whether a variable, C, is able to partial out the relationship between A and
B. If so, A and B are (with extremely high probability) not causally related (Pearl, 2000).
Aside from causal discovery, the graphs Tetrad produces provide a succinct representation
of partial correlations and direct relationships between variables. Due to problems of multiple
hypothesis testing, we restricted our analysis to only consider confusion, engaged concentration,
and boredom as these variables were the most related to wheel spinning, and they were also the
states that had the most observations by the human coders. In addition, we included domain
pretest score, wheel spinning, and gaming the system in the model.
We used the Tetrad’s PC search algorithm to discover the structure, and its estimator functionality to estimate the model coefficients. We first Z-transformed the data to normalize it, and
consequently make the coefficient magnitudes comparable. In addition, we provided Tetrad
with background knowledge that the pretest score was causally upstream from all of the other
variables. That is, pretest score could be a cause of the other variables, but could not be caused
by any of the variables collected while students were interacting with the tutor (e.g., wheel
spinning or engaged concentration). Figure 10 provides the result of our analysis within Tetrad.
The interpretation of Figure 10 is that an arrow from one node to another means there was
a direct causal relation between the two (Beck & Rodrigo, 2013). For example, from Table 2
we know that confusion and wheel spinning are correlated with each other. However, Tetrad’s
search determined that patialling out engaged concentration removed the relation between confusion and wheel spinning, and so there was no arrow connecting those two states. Therefore, an
intervention that reduced confusion would result in an increase in engaged concentration, and,
consequently, the increase in engaged concentration would reduce wheel spinning.
In addition to the edges, there are also associated weights providing the strength of the
relationship, and its direction. There are several interesting implications from Figure 9. First,
Tetrad’s search agreed that wheel spinning was related to cognitive factors such as prior knowledge (pretest score), confusion, and engaged concentration, but not to boredom (Beck & Rodrigo,
2013). That is, an intervention targeting boredom is unlikely to affect wheel spinning, while one
targeting one of the three causally upstream variables is likely to succeed. Second, the search
suggests that gaming was causally downstream of wheel spinning, and was a function of both
affective (boredom) and cognitive (confusion / lack of knowledge) factors. This analysis of course
is limited by the statistical power of the dataset, and by the variables entered into the analysis
(Beck & Rodrigo, 2013). For example, there could be other variables, which we neglected to
measure, that could alter the output of Tetrad. This behavior is not a weakness of the tool, but
is a fact of the scientific method: we color our interpretations by the data collected. That said,
our measures of prior knowledge, affect, within-tutor performance, and gaming, are in broad
agreement of what other researchers in the field are gathering.
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Figure 10. Causal model of wheel spinning, gaming, and affective states (Beck & Rodrigo, 2013)

CONTRIBUTIONS, FUTURE WORK, AND CONCLUSIONS
This work advances the state of knowledge of the field in several ways. First, it places the phenomenon of wheel spinning in a broader research context. Prior work was restricted to investigating students in the United States (Beck & Gong, 2013), while this work establishes that wheel
spinning occurs in at least one non-Western population (Beck & Rodrigo, 2013). Most prior
work in ITS has focused on the happy part of the mastery learning cycle: the student masters a
skill and stops practice. Recently there has been interest in the phenomenon of overpractice of a
skill. This work examines overpractice and wheel spinning, and finds that there are potentially
many more students engaged in overpractice than are making progress towards mastery.
This work also examined factors that could influence the rate of wheel spinning. This work
replicates and extends prior research linking gaming and wheel spinning (Beck & Gong, 2013).
The prior research used a custom-built gaming detector that had not been well validated (Gong,
et al., 2010). This work uses a well-validated detector of gaming (Baker, et al, 2004) with broadly
similar results in that wheel spinning and gaming appear to be linked (Beck & Rodrigo, 2013). In
addition, the direction of causality between gaming the system and wheel spinning was unclear.
This work presents evidence that wheel spinning is caused by a deficit in student knowledge
and not by student boredom. Gaming the system is caused by wheel spinning or by boredom.
That is, students engage in gaming behaviors when they are unlikely to be able to complete the
lesson, or are bored and do not care.
Third, this work investigated whether a tutorial intervention, Scooter the Tutor, could influence the amount of wheel spinning. Scooter addresses behavioral issues, as he is triggered by
gaming behavior, as well as cognitive deficits through his instructional lessons. Although wheel
spinning is related to cognitive deficits, Scooter was not found to be an effective intervention in
this study for wheel spinning (Beck & Rodrigo, 2013). To be fair, Scooter was never designed
for wheel spinning and does, in fact, succeed at mitigating gaming, the behavior it was designed
to address (Baker et al., 2006).
This work also investigated the relationship between affect and wheel spinning. Wheel spinning was found to be related to states that have strongly cognitive natures, i.e. it was negatively
correlated with engaged concentration and positively correlated with confusion. On the other
hand, boredom and delight did not have any strong correlations with wheel spinning. These findings suggest that students wheel spin because they are stuck and do not know what to do—not
because they are bored.
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There are several interesting next steps to take from this work. One avenue is to find an
intervention that is capable of affecting the rate of wheel spinning. It would also be interesting to
perform a fuller analysis of how wheel spinning relates to affective states. For this study, we were
limited by the low rates of frustration and surprise in the set of analyses we were able to conduct.
In particular, we suspect frustration and wheel spinning are related (Beck & Rodrigo, 2013).
The other major limitation of this work was the lack of temporal linkage between wheel
spinning and the affective variables. We had periodic observations of affect, which were sufficient to detect overall the overall level of each state for each student. However, these observations were spaced over time, and not possible to relate to how the student was feeling while
engaged in wheel spinning. A promising research direction would be to have finer-grained and
time-stamped records of student affect to enable linking them to wheel spinning behaviors. For
example, learning that frustration tended to occur before wheel spinning would be informative
in knowing when to launch an intervention. In addition, such work could shed light on how serious various affective states are. Is student frustration when beginning a problem set a serious
issue and indicates the student will become stuck and wheel spin, or is it relatively common and
typically resolves itself? At present, we lack sufficient data to draw such inferences. However,
answering such questions is a key future direction.
In summary, this paper investigates wheel spinning and affective factors. We have found
that wheel spinning exists in non-Western populations, and is related to knowledge deficits rather
than student boredom. As a consequence, wheel spinning is best addressed via cognitive, rather
than affective, interventions (Beck & Rodrigo, 2013).
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http://www.phil.cmu.edu/projects/tetrad/
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