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ABSTRACT
This study is an investigation of ways to
collect student engagement and gameplay data from a
digital educational game called Quantum Spectre in
order to understand student engagement in such digital
environments, and the effect of certain affective states
on student gameplay behavior. Proposed study
participants are elementary school students, 5th
graders, who will play the game over the course of
multiple class sessions. Previous research findings
suggest that there is an interesting inter-relation
between frustration and confusion that requires more
attention; the indices of frustration and confusion are
influenced by the amount of external support
provided. Based on these initial findings, the proposed
dissertation experiment will concentrate on significant
patterns of frustration and confusion along with their
effect on student gameplay and further engagement
with the environment.

STATEMENT OF THE PROBLEM
AND STUDY SIGNIFICANCE
Digital educational games have become a
popular means of instruction in recent years (Mayo,
2009; O’Neil, Wainess, & Baker, 2005; Rodrigo et al.,
2008). Many educational concepts (e.g., science,
technology, engineering, and mathematics education
concepts) are taught and practiced through digital
educational game environments. This instructional
approach is mainly justified with the realization that
games can naturally motivate students to engage with
the environments and learn (Prensky, 2001; Kapp,
2012). From the researcher point of view, games
provide students with a safe space for failure and
confidence to persist. From the perspective of
educational establishments, online games offer a
unique advantage of simultaneous accessibility for
thousands of children along with a customizable
learning pace and ability to follow students’ learning
trajectories. Overall, scientists consider games as a
potentially powerful tool for learning (FAS, 2006).
Lack of student engagement can be a threat
to the learning environment; disengaged students may
not take full advantage of the learning opportunities
offered through these settings. Academic affect is one
factor that can either benefit or undermine students’
engagement and learning. Previous research shows
there is a complex interaction between affect and
learning (Baker, D'Mello, Rodrigo, & Graesser, 2010).

Moreover, affective states trigger different results in
different human-computer interaction environments
(Rodrigo & Baker, 2011) and depending on the order
of affective states, the impact may be negative or
positive.
Many
researchers
acknowledge
the
importance of understanding students’ affective
responses to success and failure. Two relevant areas of
research on this topic are Angela Duckworth’s work
on grit (2007) and Carol Dweck’s work on selfefficacy (1985; 1991). According to Dweck (2002), a
learner’s goal orientation (i.e., beliefs about one’s
abilities and the effectiveness of their effort) may
influence their affective response to the success and
failure they experience within an environment. As
Duckworth (2007) identifies it, grit or persistence is
about “sticking with things over the very long term
until you master them,” which includes overcoming
negative experiences of frustration, confusion, and
failure. Persistence is currently being researched as it
is considered to be a key factor in college completion
or completion of similar academic long-term goals
(Duckworth, 2007; Duckworth & Seligman, 2005).
Well-designed digital educational game environments
should be able to provide support for high levels of
frustration that could be detrimental for student
engagement while developing persistence as students
meet new challenges within the game.
There have been many studies concerned
with student affective states and their impact on
student engagement and motivation in intelligent
tutoring systems (ITS) (Rodrigo et al., 2012).
However, this promising work has not yet been fully
extended to digital educational game environments
(O’Rourke, Haimovitz, Ballwebber, Dweck &
Popovic, 2014). Therefore, in the current study I
address this gap by looking into student behavior,
affect and the effect of emotions on student learning
within digital educational game environments. The use
of digital educational games is becoming widespread,
however, its technological design is not on the same
level with intelligent tutoring systems where the
environment promotes learning through adaptive
guidance.
My research is most relevant to the areas of
research in affective computing, learning through
digital games for learning, and game development.
This will inspire game developers to design games that
will be more responsive to negative displays of affect
to keep students engaged in their environments. In

fact, if we are able to detect negative manifestations of
certain affective states, game developers will be able
to incorporate this detection feature into future digital
education game designs and incorporate recommender
systems into educational game environments.
Hence, it is worthwhile to continue research that
informs game design to include sensorless detection
(i.e., not based on data collected from external sensor
devices or other extremely obtrusive methods of data
collection such as heart rate monitors, eye trackers or
skin conductance) of affect, which will provide
students with only necessary hints to persist and will
not interrupt their beneficial exploration stage. This
affect detection system might ameliorate students’
negative perceptions of their own abilities in the fields
of science and mathematics by guiding them through
their confusions and frustrations associated with the
learning environment.
However, in order to support learning and
increase academic goal orientation while students are
engaged in digital game environments for learning, we
need to understand student motivation and the
emotions that affect them. Students’ affective states
play a critical role in their performance. Potentially
negative emotional states such as confusion and
frustration are more crucial to investigate, since
emotional variability can be one of the moderating
factors of success and failure in the struggle to
overcome barriers in goal attainment. Moreover,
frustration and confusion are two affective states that
are suggested to lead to boredom state. As literature
suggest (Baker, D’Mello, Rodrigo, & Graesser, 2010),
it is better to be frustrated than bored since boredom
leads to disengagement and makes it much harder to
bring students back to engagement and concentration
from boredom emotional state. Therefore, I believe
that if developed well, digital educational games with
adaptive support systems may become one of the key
ways to assisting students to push past confusion and
frustration and develop persistence regardless of their
goal orientation. The better and more precise our

research findings, the more sophisticated and helpful
our educational games will become.
While there have been studies looking into
the effects of frustration or/and confusion on student
learning and possibility of reducing frustration (Baker
et al., 2010; Hone, 2006; Klein, Moon, & Picard,
2002; McQuiggan, Lee, & Lester, 2007), almost none
of these studies have looked into whether there is an
interaction and order to the pattern of frustration and
confusion along with their influence on student
engagement with the environment (e.g., concentration
or boredom patterns). Kort, Reilly, and Picard (2001)
attempted a model of confusion to frustration
transitions but their empirical evidence did not support
their hypothesized model. In addition, Perkins and Hill
(1985) have hypothesized that frustration leads to
boredom but their analysis did not allow for such a
conclusion since they illustrated association instead of
temporal or sequential connection. Yet another study
investigated the decay rate of certain cognitiveaffective states, however, it did not concentrate on
patterns of occurrence but rather on the temporal and
tripartite classification of affect (D’Mello & Graesser,
2011). This study by D’Mello and Graesser (2011) has
informed the design of this proposed study. Thus,
while there have been many attempts at investigating
frustration and confusion sequential patterns, there
seems not to be empirical evidence on this subject
either due to inappropriate analysis method or
inconclusive results. Thus, my work will contribute to
current research on frustration and confusion by using
a sequential pattern mining algorithm on categorical
affect sequences in order to identifying sequential
patterns and possible interdependency that need to be
avoided in order to keep students engaged in digital
game environments for learning and make sure
students have uninterrupted opportunity for learning.

I believe that to help students learn better and be
invested in their own education, we need to
understand the motivation and the emotions that affect
them while going through learning processes. My
dissertation will be focusing on certain emotions,
frustration and confusion, manifested while playing an
educational game (science learning game). In addition
to investigating both frustration and confusion in EG
environments, I will be evaluating the relationship
between frustration and confusion and the
•
What
is
the
relationship
between
frustration/confusion and student success?
•
Is there a significant difference on student
engagement when employing self-report method
of affect data collection vs. unobtrusive field
observation method?
•
Does the ratio of frustration to confusion states
significantly change in relation to the amount of
support available or is there no correlation

combination of these two affective states that has
destructive effect on learning or engagement.
Some of the research questions that this study will be
investigating are as follows:
•
What is the relationship between frustration and
confusion and when is each beneficial or
negative?
•
Is there a sequential pattern in the occurrence of
frustration and confusion or is there no temporal
pattern
between the amount of support provided and
students’ frustration and confusion? For example,
are low-risk environments (e.g., adult/peer
assistance available) related to lower amounts of
confusion and no to low amount of frustration?
•
Do students resume educational gameplay after
being in a frustrated emotional state? If so, when
and under what conditions do they resume their
gameplay?

	
  
RESEARCH QUESTIONS,
METHODOLOGY AND
SOLUTIONS

METHODS
For the purposes of the research questions, there
are several data collection source that I will be using
(e.g., gameplay data, observation data, video data).
Two affect data collection tools will be employed in a
within subject comparison study design and sequential
pattern mining tools will be utilized in order to
identify significant emotional state patterns and their
interaction with student performance.
For the field observations of student engagement
I will be using BROMP tool [9]. This holistic coding
procedure will allow me to code student emotions and
behavior while they are engaged in the game-like
environment. I have also developed a comparable selfreport tool in order to investigate the effects of selfreport and unobtrusive observations on student
engagement (i.e., if there is a significant change in the
levels of student engagement). Given the prominent
role that self-report has in the field and the possible
drawbacks that are being discussed but not tested via
empirical studies, I believe that this comparison will
provide an insight on the use of self-report and how it
compares to unobtrusive field observation methods.
My preliminary hypothesis is that self-report will
takes away from the learner’s concentration on the
learning environment and distracts their normal
thought process. Moreover, I believe that self-report
does not reflect on the entire learning process but
rather concentrates on the moment in time when
student is requested to provide a feedback or think
aloud. With this within subject design and two
measures of the same construct will help me verify or
reject my initial hypothesis.
The observations will be carried out in a
predetermined order of the classroom and computers.
Each observer will be responsible for a separate set of
students and will be given 15-20 second segments to
record the observed behavior and affect (time will be
fixed based on game’s level of interactivity). During
each segment, the dominant affective state will be
recorded after which the observer will move to the
next student repeating this process in a cycle until the
end of class period. While class A will have no
gameplay interruption because of employing BROMP
observation tool, class B will have a pop up self-report
measure of emotions that will interrupt students work
every so often (currently it is set to 300 seconds).
Along with these data collection tools, students’
gameplay screens along with their facial expressions
will be continuously recorded in order to provide
uninterrupted engagement data for sequential pattern
mining purposes in the analysis stage. Finally,
students gameplay will be recorded in a clickstream
data format and will be synchronized with the
emotions data in order to detect patterns in their
emotional and behavioral states that affect their
performance in game and vice versa. I will use the
models of affective computing of over time data and
create detectors that will automatically identify
negative affect to support student persistence through
failure and negative emotions.

	
  
ANALYSIS
The uniqueness of scale of educational
datasets renders many traditional statistical methods
inapplicable (Azarnough, Bekki, Runger, Bernstein, &
Atkinson, 2013). Sequence analyses have been used
by researchers on educational datasets in order to gain
more granular overlook at the data and existing
patterns (Sanjeev and Zytkow, 1995; Zaıane et al.,
1998; Zaıane and Luo, 2001; Pahl and Donnellan,
2003; Wang, 2002; Shen et al., 2003; Wang et al.,
2004). Sequence pattern analyses are concerned with
the underlying patterns and orders of events in the
dataset (Agrawal & Srikant, date; Zhou, Xu, Nesbit, &
Winne, 2009). Once student data is converted into a
simple ordered list of items (see Appendix G, Table
11), there are numerous ways to investigate this
sequential data.
The main goal of this study is to find
temporal and order based patterns of frustration and
confusion in students’ affect data. Therefore, having
continuous affect data, which I will obtain by coding
video recordings of students’ faces, will allow me to
perform inter-sequence distance analysis (Sabherwal
& Robey, 1993) with optimal matching and clustering
(Bailey, 1994; Tyron, 1939) of those sequences. These
findings may potentially allow for design and
development of better, affect-responsive digital games
for learning.
Sequence mining techniques offer several
approaches to pattern mining. My interests lie with the
methods that look for the most frequent patterns across
a set of sequences. This way I will be able to compare
different students affective states and find most
frequently occurring patterns of confusion-frustration
interrelation (e.g., CFFCFCFFCCFF). In addition, I
will be able to assess changes in students’ engagement
with the game (e.g., concentrated, bored) as a result of
certain confusion-frustration patterns.
Another option is motif analysis
(Shanabrook, Cooper, Woolf, & Arroyo, 2010).
Unlike inter-sequence analysis, motif analysis allows
us to look inside the sequence for patterns instead of
comparing the sequences (Hardy, & Bryman, 2004).
This is a great method to look into one students affect
data over hours of gameplay (e.g., investigate two
strategically selected students sequences separately in
order to find what are the big differences based on an
extra variable such as gender or success rate etc.).
Moreover, with motif analysis, I will be able to
investigate one students affect data and compare it to
their gameplay performance patterns.

CURRENT STATUS OF WORK
Currently, I am in the middle of my
dissertation study implementation. While pilot work
was conducted in order to test the same hypotheses,
some of the research questions along with the learning
environment (game) have been altered. There have
been methods implement in order to make sure the
data collection captures continuous affect data and

incorporates a self-report based comparison tool to
unobtrusive field observations method that was
implemented in the pilot work. I addition, self-report
tool has been tested with the comparable grade level
students in order to test the usability and the
comprehensibility of the questionnaire’s content.
Preliminary results indicate on an interesting interrelation between frustration, confusion and student
performance in the learning environment.
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