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Abstract. Affect has been the subject of increasing attention in cognitive
accounts of learning. Many intelligent tutoring systems now seek to adapt
pedagogy to student affective and motivational processes in an effort to increase
the effectiveness of tutorial interaction and improve learning outcomes. To this
end, recent work has begun to investigate the emotions experienced during
learning in a variety of environments. In this paper we extend this line of
research by investigating variances in transitions based upon individual
characteristics. The findings reveal how affective trajectories vary among
students and how these characteristics impact learning.

1 Introduction

Affect has begun to play an increasingly important role in intelligent tutoring systems.
The ITS community has seen the emergence of work on affective student modeling [7],
detecting frustration and stress [5, 19, 22], modeling agents’ emotional states [1, 14],
devising affectively informed models of social interaction [15, 21], and detecting student
motivation [11]. All of this work seeks to increase the fidelity with which affective and
motivational processes are understood and utilized in intelligent tutoring systems in an
effort to increase the effectiveness of tutorial interactions and, learning.

Recent work seeking to characterize the affective experience of learners interacting
with intelligent learning environments has considered student affective trajectories
occurring during learning. D’Mello et al. [9] studied the likelihood of affective transitions
among six affective states (boredom, flow, confusion, frustration, delight, and surprise)
that were found to be relevant to complex learning [8]. In general, learners are likely to
persist in the same affective state (e.g., transitioning from a state of boredom to boredom
is likely, and in some cases, significantly more likely than transitioning to another
affective state). This analysis was conducted in the AutoTutor learning environment [8,
9]. Baker et al. [3] were able to replicate many of D’Mello et al.’s [9] findings when they
calculated the likelihood of affective transitions in the Incredible Machine: Even More
Contraptions, a simulation-based learning environment [3]. Baker et al. extend their
analyses to investigate how usage choices [2] affect emotion transitions. This work found
that confused learners are likely to game the system. Further, they found that students
who game the system are unlikely to transition into a confused state [3].

Previously, we have examined the likelihood of affective transitions in the narrative-
centered learning environment, CRYSTAL ISLAND [20]. The results of this work show that
the occurrence of affective states did not vary significantly from non-narrative-based
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learning environments. Similarly, we found that students were most likely to stay in their
current affective state, rather than transitioning to another state. Additionally, we
examined how empathetic intervention affected the frequency of transitions between
states. The results of this study showed that different types of empathetic responses
resulted in increased or decreased likelihood of some transitions. For example, frustrated
students were very likely to remain frustrated if presented with a character who mimicked
their emotions (parallel empathy) but were unlikely to stay in that state if the character
encouraged more positive thinking (reactive empathy). Given these results, we now
investigate whether additional factors may affect the frequency of transitions between
affective states. Here, we turn our attention to characteristics of the students. We have
chosen four characteristics to examine based on their potential influence on learning and
reaction to the learning environment: gender, personality, goal orientation, and presence.

Gender refers to an individual’s identification as male or female. Interestingly,
significant differences have been found in how male and female students approach
learning tasks. For example, women are more likely to perceive intelligence as an
immutable entity which cannot be improved with increased focus on learning tasks [17].
This belief may mean that women are more likely to experience negative emotions such as
frustration and confusion, and also experience vicious cycles [9]. In this case, intervention
would be necessary to break students of this cycle and encourage a more dynamic
approach to learning.

Personality is an individual’s disposition over a long duration of time, distinguishing
itself from emotions or moods which are more limited in their duration [23]. Using the
Big 5 Personality Questionnaire [18], personality is divided into five main categories:
openness, conscientiousness, extraversion, agreeableness and neuroticism. Of particular
interest among these are openness, conscientiousness and neuroticism, as these
characteristics are likely to affect emotion and learning. Additionally, since information
on affective states was obtained through self-report, we expect to find individuals who
score high on openness will display genuine emotions, while others may limit themselves
to what they feel comfortable reporting.

Goal orientation reflects a student’s primary objective when engaged in learning
activities. Students may either view learning in relation to performance or mastery [13]. A
performance approach would result in a student wishing to prove their competence and
achieve better results than other students. A student with a mastery approach, however,
views learning as an attempt to gain a skill, regardless of how their ability compares to
others. In addition to these categories, students may have avoidance strategies in relation
to their goals. For example, a student with a performance-avoidance approach would
simply try to not overtly fail, rather than try to top their fellow students.

Presence relates to the level of student’s involvement within the system [24]. Students
who experience high levels of presence will be very engaged with the activity, focusing
solely on the task while neglecting their external environment. We expect that these
students will experience more salient affective states and have more intense reactions to
events within the system. Additionally, significant differences in transitions between
students who are and are not present may be able to serve as an indicator of presence.

2 Crystal Island

The CRYSTAL ISLAND environment is being created for the domains of microbiology and
genetics for middle school students. It features a science mystery set on a recently



discovered volcanic island where a research station has been established to study the
unique flora and fauna. The user plays the protagonist, Alex, who is attempting to
discover the genetic makeup of the chickens whose eggs are carrying an unidentified
infectious disease at the research station. The story opens by introducing the student to the
island and the members of the research team for which her father serves as the lead
scientist. As members of the research team fall ill, it is her task to discover the cause and
the specific source of the outbreak. She is free to explore the world and interact with other
characters while forming questions, generating hypotheses, collecting data, and testing her
hypotheses. Throughout the mystery, she can walk around the island and visit various
locations. She can pick up and manipulate objects, and she can talk with characters to
gather clues about the source of the disease. In the course of her adventure she must
gather enough evidence to correctly choose which breeds of chickens need to be banned.

The virtual world of CRYSTAL ISLAND, the semi-autonomous characters that inhabit it,
and the user interface were implemented with Valve Software’s Source™ engine, the 3D
game platform for Half-Life 2. The Source engine also provides much of the low-level
(reactive) character behavior control. The character behaviors and artifacts in the
storyworld are the subject of continued work.

The following scenario illustrates a student’s interactive narrative experience in
CRYSTAL ISLAND. In the course of having members of her research team become ill, she
has learned that an infectious disease is an illness that can be transmitted from one
organism to another. As she concludes her introduction to infectious diseases, she learns
from the camp nurse that the mystery illness seems to be coming from eggs laid by certain
chickens and that the source of the disease must be identified. The student discovers
through a series of tests that the bad eggs seem to be coming from chickens with white-
feathers. The student then learns that this is a codominant trait and determines that any
chicken containing the allele for white-feathers must be banned immediately to halt the
spread of the disease. The student reports her findings back to the camp nurse.

3  Methods

The subjects of the study consisted of 35 graduate students ranging in age from 21 to 60
(M=24.4,SD = 6.41) including 9 females and 26 males. Among these students, 60% were
Asian (n = 21), approximately 37% were Caucasian (» = 13) and one participant chose not
to respond.

Participants entered the experiment room where they completed informed consent
documentation. They were randomly assigned to either the control condition or the
empathy condition and were seated in front of a laptop computer. They were then given
an overview of the experiment agenda, and they completed the pre-experiment
questionnaires including the demographics survey, the interpersonal reactivity index
survey [10], the goal orientation survey [13], and the personality questionnaire [18].

Participants were then instructed to review CRYSTAL ISLAND instruction materials.
These materials consisted of the backstory and task description, the character overviews,
the map of the island, the control sheet, and definition sheet of the self-report emotions.
Participants were then further briefed on the controls via a presentation summarizing the
task and explaining each control in detail. Participants maintained access to the materials,
including the definition sheet of the self-report emotions, throughout their interaction.

Participants were given 35 minutes to solve the mystery. Solving the mystery
consisted of completing 15 goals including learning about various diseases, compiling the
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symptoms of the sickened researchers, testing a variety of possible sources, and reporting
the solution (cause and source) back to the camp nurse.

When subjects decided to interact with characters, they were greeted and asked to self-
report affect via an in-game dialog. The self-report dialog asked participants to select the
affective state that best described their feelings at that time from a set of 10 affective states
(anger, anxiety, boredom, confusion, delight, excitement, fear, flow, frustration, and
sadness). This set of emotions was comprised of emotions identified with learning [8, 9,
16] together with basic emotions [12] that may play a role in students’ experience of the
CRYSTAL ISLAND narrative.

Immediately after solving the science mystery of CRYSTAL ISLAND (or after 35 minutes
of elapsed interaction time for subjects who had not solved the mystery), subjects
completed a post-experiment questionnaire. This researcher-designed questionnaire
assessed perceptions of individual CRYSTAL ISLAND characters. The results of this
instrument are outside the scope of this discussion. Additionally, participants’ presence
experience was captured with the Presence Questionnaire (PQ) which was developed and
validated by [24]. The PQ contains several subscales including involvement/control,
naturalism of experience and quality of the interface scales. The PQ accounts for four
categories of contributing factors of presence: control, sensory, distraction, and realism.

4 Results

In this section we analyze the individual differences with which affective states are
reported. This examination includes demographics, personality, goal orientation, and
presence. These findings are followed by a summary of individual differences in affective
transitions. To compute transition likelihoods we adopt D’Mello et al.’s L [9], which is
based on Cohen’s Kappa [6], and has been used by Baker et al. for affective transition
analysis in their simulation learning environment [3] and to analysis how transitions differ
across empathetic interventions [20]. L computes the probability that a transition between
two affective states (CURRENT — NEXT) will occur, where CURRENT refers to a reported
emotion at time #, while NEXT refers to the next reported emotion at time #+1. D’Mello et
al.’s L accounts for the base frequency of the NEXT affective state in assessing the
likelihood of a particular transition. For details on affective transitions see [3, 9, 20].

Aggregating self-reported affective states across the 35 participants we find flow to be
the most frequently reported state (42%), followed by excitement (14%), confusion (13%),
delight (11%), anxiety (8%), frustration (6%), boredom (3%), sadness (2%), anger (1%),
and fear (1%). Next, we examine these frequencies for individual differences across
gender, personality, goal-orientation, and reported levels of presence.

There were significant differences in the frequencies with which males and females
reported emotions of boredom. Females (# = 9) did not report feeling bored while the
males did, leading to a marginally significant difference, #34) = 1.87, p = .07. There were
no other differences across gender.

Student personalities also affected the frequency with which certain affective states
were reported, namely, anger, boredom, confusion, delight, and flow. There was a
significant difference in the frequency of reported states of flow along the Extraversion
dimension. Students who were more extroverted reported affective states of flow less
frequently than less extraverted students, #(34) = 2.14, p = .04. Also along the
Extraversion dimension were differences in the frequencies of delight and anger.
Marginally significant was the frequency of which more extraverted students reported



delight than less extraverted students, #(34) = 1.82, p = .07. The more extraverted students
reported delight almost 5 times per interaction compared to just 2 times for the less
extraverted students. Anger was reported more frequently by more extraverted students
than less extraverted students, #(34) =2.77, p = .009.

There were significant differences across the personality dimensions of Agreeableness,
Conscientiousness, and Neuroticism in reports of confusion. Less agreeable students
reported confusion more frequently (M = 6.06, SD = 1.5) than more agreeable students (M
=236, SD = 1.4), 1(34) = 1.77, p = .08. Similarly, less conscientious students reported
confusion more frequently (M = 6.0, SD = 1.43) than more conscientious students (M =
2.0, SD = 1.47), t(34) = 1.94, p = .06. Students with greater emotional stability
(Neuroticism dimension) reported confusion more frequently (M = 7.93, SD = 1.48) than
less emotionally stable students (M= 1.47, SD =1.2), #(34) =3.37, p = .001.

The final significant difference in emotion frequencies along personality dimensions is
reports of boredom across student agrecableness. More agreeable students reported being
bored less frequently (M= 0.1 SD = 0.4) than less agreeable students (M = 2.2 SD = 0.44),
#(34)=3.45,p=.001.

Student goal orientation also affected the frequency of which students reported anger,
anxiety, and flow. Anger was reported more frequently by students scoring higher on the
performance approach subscale than students scoring below the performance approach
population mean, #34) = 2.28, p = .03. Marginally significant was the frequency with
which students who were dominantly performance-oriented reported feeling anxious (M =
3.62, SD = 0.89) than students who were dominantly mastery-oriented (M = 1.2, SD =
1.1),1(34) = 1.71, p = .09. Also significant was the frequency with which students scoring
high on the performance avoidance subscale reported feeling anxious (M = 4.05, SD =
0.87) than students scoring below the performance avoidance population mean (M = 0.8,
SD = 1.01), #(34) = 2.43, p = .02. Flow was more frequently reported by students who
were dominantly mastery-oriented (M = 18.2, SD = 2.8) than students who were
dominantly performance-oriented (M = 10.04, SD = 2.2), #(34) = 2.25, p = .03. The
frequency of flow reports was impacted by students’ performance-orientations. Students
scoring lower on the performance avoidance subscale reported more feelings of flow than
students scoring above the performance avoidance population mean, #34) =2.13, p = .04.
Comparatively, students scoring lower on the performance approach subscale reported
more feelings of flow than students scoring above the population mean for performance
approach, #(34) = 1.87, p = .07.

Lastly, there were differences in the frequencies of reports of frustration and anxiety
across students’ reported sense of presence. Students scoring below the population mean
of the presence questionnaire reported frustration with greater frequency than students
reporting a greater sense of presence, marginally significantly, #(34) = 1.70, p = .09.
Anxiety was reported more frequently by students scoring above the population mean on
the presence questionnaire than students reporting lower levels of presence, #34) = 2.23, p
=.03.

ANOVAs indicated that six affective states had statistically significant differences
among the likelihoods of transitions. Affective transitions were significantly different
transitioning from frustration (F(9, 340) = 2.06, p = 0.03), flow (F(9, 340) = 18.3, p <
0.0001), confusion (F(9, 340) = 1.79, p = 0.06), delight (F(9, 340) = 5.22, p < 0.0001),
anxiety (£(9, 340) =2.98, p = 0.002), and excitement (¥(9, 340) =2.62, p = 0.006). These
results are detailed in [20].

There were few statistically significant differences in affective transitions across
individual differences. This is likely due to a small population size (n = 35) resulting in
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small split population sizes. However, there are noticeable trends that may be concretely
uncovered in a large scale study. We report on several of these trend findings below.

For instance, there are interesting differences in affective transitions when we consider
student dominant goal-orientations. Mastery oriented students are not likely to stay
confused and are most likely to transition to a state of flow, a finding that suggests that
mastery-oriented students are engaged or motivated by the cognitive disequilibrium
associated with confusion. Being in a confused state is associated with a need to learn and
the CRYSTAL ISLAND environment supports mastery-oriented students’ goal of acquiring
knowledge. There is a chance that performance-oriented students may stay confused or
transition to negative states such as frustration, boredom, or anxiety. Perhaps this is
indicative of the fact that CRYSTAL ISLAND is guiding performance-oriented students into
situations where they must master content to proceed, thus slowing progress and
inadvertently decreasing perceived performance. Also, we notice that bored mastery-
oriented students are not likely to remain bored and are more likely to transition to a state
of flow or confusion. These emotional states are thought to be preferred for learning [8].

Lastly, there are interesting differences in likely transitions when we consider reported
student presence as well. The participant population was broken into two groups around
the population mean for the involvement/control subscale: low and high. Here we notice
that students reporting high levels of involvement are not likely to stay in a state of
confusion and are most likely to transition to a state of flow. On the other hand, students
reporting lower levels of involvement in their experience were likely to stay confused or
transition to other affective states, such as frustration or boredom. We notice a similar
trend in transitions from a state of boredom. Students reporting high levels of
involvement are not likely to stay bored and are more likely to become confused, excited,
or enter a flow state. Students reporting lower levels of involvement are somewhat likely
to stay bored, but are surprisingly more likely to transition to flow or delight. However,
the occurrences of the vicious boredom cycles may in part be the cause for lower levels of
reported involvement and control due to student disengagement.

5 Discussion

Among the differences between personality traits, those relating to extroversion and
conscientiousness are perhaps the most interesting. Highly extroverted individuals were
more likely to report narrative-based emotions such as anger and delight, and less likely to
focus on learning, or flow. Perhaps these individuals were more focused on the narrative
aspects of the environment such as interacting with characters, and consequently their
attention was drawn away from learning tasks. Additionally, individuals who reported
high levels of conscientiousness were less likely to report experiencing confusion.
Conscientious individuals are more likely to regulate their own behavior and perhaps this
leads them to focus on finding solutions to resolve their confusion. This notion is also
supported by the increased likelihood of conscientious individuals to transition into flow
and the very low likelihood that they will remain confused.

Overall, the trend among affective frequencies shows that increased levels of
performance orientation leads to reduced levels of flow and increased levels of anxiety.
This is true when examining student’s dominant orientation as well as their avoidance and
approach subscales. This correlates well with understanding of the approaches used by
these two categories. Individuals who are mastery oriented are focused strongly on
learning and may therefore be more likely to immerse themselves in learning oriented



activities in the environment. Similarly, as suggested by the rates of affective transitions,
they may return more quickly to flow after experiences of other affective states.
Conversely, performance dominant students are focused on their measures of success.
The higher level of anxiety reported by these students may be a direct result of concerns of
performance. Because, there is no objective measure of performance in the CRYSTAL
ISLAND environment, performance dominant students may become nervous over supposed
comparison to others and opinions of the researcher present.

Interestingly, differences were found based among individual reports of presence.
Students reporting higher levels of presence were more likely to be anxious and less likely
to have experienced frustration. Perhaps students who became frustrated disengaged
themselves from the environment resulting in lower levels of presence. Also, students
who were highly engaged may have felt more salient responses to the narrative aspects of
the environment. They may have become more concerned over the wellbeing of the
characters and anxious over the outcome of the events. These differences are especially
significant as it suggests that anxiety might be used to indicate measures of presence.
Similarly, it appears that given an objective of maintaining presence, it would be highly
important to avoid frustrating users.

6 Conclusion

Given the central of role of affect and motivation in cognitive processes, it is becoming
increasingly important for intelligent tutoring systems to consider the affective
experiences of students. This study replicates the findings of studies conducted with
AutoTutor [9] and The Incredible Machine simulation-based learning environment [3],
including a demonstration of the prominence of the state of flow during learning. By
extending our analyses to consider the individual differences of affective experiences and
analyze the frequency of affect, we can better inform the design of heuristics for
pedagogical agents to determine the implications of student differences.

The results suggest two directions for future work. First, they call for investigation of
what type of feedback pedagogical agents should consider when undesirable affective
transitions are likely to occur or when students are in vicious cycles. Second, an extensive
analysis of individual differences is necessary to determine the affective transitions
common across a variety of demographics such as gender, but also across learning
attributes such as efficacy, goal orientation, interest, and abilities to self-regulate both
learning and affect.
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