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Abstract. The current study investigated teacher emotions, student emotions, and
discourse features in relation to learning in a serious game. The experiment consisted of 48 subjects participating in a 4-condition within-subjects counter-balanced pretest-interaction-posttest design. Participants interacted with a serious
game teaching research methodology with natural language conversations between the human student and two artificial pedagogical agents. The discourse of
the artificial pedagogical agents was manipulated to evoke student affective
states. Student emotion was measured via affect grids and discourse features were
measured with computational linguistics techniques. Results indicated that
learner’s  arousal  levels  impacted  learning  and that language use is correlated with
learning.
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1

Introduction

The goal of the current investigation is to discover both affective and cognitive- discourse  components  influencing  learner’s  experiences  in  a  serious  game  known  as  Operation ARIES! (ARA, in the commercial web version; [1]). The game teaches students
critical thinking in the domain of research methodology using natural language conversations between a human student and two or more artificial agents. In previous research,
the system has been used to investigate both discourse and affect during learning [2,3]
as it provides an atmosphere of learning tasks that are easily manipulated and controlled
by researchers. The current investigation was designed to measure the impact of teacher
(an artificial pedagogical agent) mood, or more generalized emotion, on student learning, human student emotions on learning, and the relationship between student discourse features with learning during interaction with this serious game.
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1.1

Emotions and Learning

Recently, emotions have been studied on a moment-to-moment basis during the learning process with Intelligent Tutoring Systems, including but not limited to OperationARIES! [3,4]. Many previous studies focus on transient and discrete learning-centered
emotions (e.g. confusion or surprise) whereas the current investigation focused on a
broader and longer-lasting category of emotions, categorized by two separate dimensions of valence and arousal [5]. Valence describes the polarity of emotion, whereas
arousal defines the intensity. Accordingly, learning-centered emotions can be categorized as having either a negative valence (i.e., frustration and boredom), a positive valence (flow/engagement and delight), or somewhere in-between, depending on context
(e.g., confusion and surprise).
Affective states of teachers may influence student emotions, and therefore learning
gains [6-8]. Some research suggests enthusiasm and other positive emotions increase
teachers’  effectiveness  by  increasing  the  efficiency  of  the  instruction [7-8]. However,
Sullins and colleagues [6] found teachers, in this case artificial agents, displaying negative affect, to be most conducive to learning. Thus, contradictory empirical evidence
exists as to whether it is positively- or negatively- valenced teacher emotions that best
facilitate learning [6-7].
Regardless of the teacher, recent studies suggest student emotions play a role in
learning [3-4,7]. Students in a positive affective state may have greater cognitive flexibility, global processing capacities, creativity, and attention. Conversely, students in a
negatively- valenced affective state have more analytical and focused processing (for a
review,see [7]). These findings are supported by the broaden and build theory [9] that
draws on a Darwinian evolutionary perspective. The broaden and build theory is based
on the idea that negative emotions tend to require immediate reactions, whereas positive
emotions allow one to view the surroundings (broaden) and accrue more resources in
order to increase the probability of survival (build). Another possibility is that valence
itself does not affect the functioning of cognitive processes. The arousal theory suggests that only the intensity (not the valence) of an emotional trigger is important [10].
However these findings may only be true for simple tasks [11], but not more intricate
tasks such as creative problem-solving [7]. Simple vs. complex tasks may evoke shallow vs. deep learning, a characteristic that can be captured by discourse features.
1.2

Discourse Comprehension

Psychological theories of comprehension have identified multiple representations and
strategies corresponding to multiple levels of discourse comprehension ([14] for a review). In the current investigation, we use a taxonomy developed by Graesser and colleagues [15, 16] including five levels of discourse processes ranging from shallow to
deep level comprehension. These levels can be captured in a computational linguistic
tool known as Coh-Metrix [16,17]. The 5 levels measure comprehension on a continuum of shallow to deep comprehension include word concreteness (words), syntactic
simplicity (syntax), referential cohesion (textbase), deep cohesion (situation model),

and narrativity (genre). These 5 measures are derived from a principal component analysis of over 100 discourse features measured in Coh-Metrix [18]. In addition to these 5
measures corresponding to the framework, a composite measure of formality may potentially be indicative of cognitive strategies and comprehension. All scores are represented on a scale from 0 to 1 indicating presence of the corresponding features within
the text. For example, a score of 0 for word concreteness would imply that many abstract  words  such  as  “imagine”  were  used  whereas  a  score  of  1  means that many concrete  words  (e.g.  “participant”) are present in the text. In the current study, the discourse
features corresponding to these levels of comprehension, along with both the teacher
and student emotions, are investigated in relation to learning.

2

Experiment

The purpose of the current experiment is to investigate the relationships between
teacher emotions, student emotions, and discourse features with learning in the
environment of a serious game. Specifically, we were testing the hypothesis that teacher
emotion (positive or negative) affect student learning gains. The second hypothesis was
that student emotions impact learning gains. Finally, we predicted that student
discourse features associated with shallow (e.g. repeating concrete words) vs. deep
comprehension (e.g. conceptual understanding) may correlate with learning and
provide insight to findings from the analyses on emotions.
2.1

Design

The emotions-oriented hypotheses were tested using a 4 condition, within-subjects,
counter-balanced pretest-interaction-posttest design. Participants interacted with OperationARIES! by reading an e-book, answering multiple-choice questions, and conversing in natural language dialog about four topics on scientific methodology with two
artificial agents. Three of the conditions were created by manipulating the affective
language (i.e. positive, negative, or neutral) used by the pedagogical agents during the
natural language conversations, and a fourth served as a control where learners only
read the e-book. The assignment of condition (i.e. positive, negative, neutral or control)
was counter-balanced across participants. However, the order of the topics remained
constant across all 4 conditions. Thus, each participant received each mood condition
for one of the topics (counterbalanced across participants and topics) and one chapter
served as a control (i.e., text only). Students were asked to report affect 5 times throughout the experiment to  gauge   the  students’  affective  states. The initial report was obtained before interaction to gain a baseline, followed by sequential reports after each of
the 4 topics within the system. Learning gains were assessed using a pretest and posttest
consisting of multiple-choice and open-ended questions. Finally, discourse features of
the student input during interaction with OperationARIES! were analyzed using the
computational linguistic tool, Coh-Metrix.

2.2

Participants

The study included 48 (N=48) undergraduate and graduate students at a state university
in Tennessee. Out of the total number of participants, 4 were graduate students and the
other 44 were undergraduate students. Subjects were recruited using the university subject pool as well as through flyers and word of mouth. Two types of compensation were
offered: A monetary reward ($15 for completion of the entire experiment) or course
credit (2 hours course credit towards an Introduction to Psychology course). Only 13%
of the students requested the monetary compensation ($15), whereas the others preferred 2 hours of credit towards an Introduction to Psychology course.
2.3 Materials
Agent-Human Interaction. Operation ARIES! [1] is an adaptive Intelligent
Tutoring System with game-like features that teaches students the scientific method
through natural language conversations. Throughout the game, a narrative about aliens
invading the world and propagating bad science is delivered via e-mails, conversation,
and videos. There are three interactive modules of ARIES, each focusing on a different
type of knowledge acquisition (i.e. didactic, applied, applied question generation).
However, the current experiment only focused on the first module, the Training module, which teaches the basic declarative knowledge about the definition, importance,
and an example of each of 21 topics of research methodology. In the current experiment, students only interacted with the system across 4 topics of research methodology.
Students completed interaction with this module in 4 distinct phases. For each
chapter, students first read an e-book (Phase 1), then answered 6 multiple-choice (MC)
questions (Phase 2), and then conversed with the two pedagogical agents in a trialog,
or three-way conversation (Phase 3) immediately after each of the final three MC items.
Although the original game adaptively places students into one of three pedagogical
modes (vicarious learning, standard tutoring, teachable agent) depending on their priorknowledge, the game was altered in the current experiment to force all students regardless of prior-knowledge level into the intermediate mode of standard tutoring for the
sake of consistency. Therefore we will only address the standard tutoring mode in relation to the current study. This mode of standard tutoring consisted of the pedagogical
agents asking the student a specific question about the current topic and scaffolding the
students to help them articulate a pre-determined ideal answer referred to as an expectation.
In the standard tutoring mode, the pedagogical conversation with the artificial
agents was launched after the MC questions by asking an initial question to students.
If the student gave an answer to the initial question that was very close to the expectation, then the tutor gave positive feedback and moved forward in the conversation.
However,  if  the  student’s  answer  was  vague  or  incomplete,  the  tutor   launched into a
scaffolding  dialogue  consisting  of  pumps  (“Tell  me  more”),  feedback, hints, prompts,
and correcting misconceptions if necessary. When all else failed, OperationARIES!
simply told the student the right answer with an assertion.

Every question asked by the pedagogical agents had a corresponding expectation or ideal answer (the two terms are used interchangeably within the game). For
example,  a  question  requiring  such  an  answer  could  be,  “Why  are  operational  defini-
tions   important?”   The   expectation   is   “Operational   definitions   are   important   because  
they allow a particular variable to be reliably recognized, measured and understood by
all   researchers.”      The   human   students’   input   is   compared   to   the   expectation   using   a  
combination of Latent Semantic Analysis [19], regular expressions [20], and word
overlap metrics that adjusts for word frequency. This method of computing semantic
matches in OperationARIES! is not significantly different from semantic similarity
judgments between two humans [21].
For the purposes of this experiment, the affective display of the generalized
mood of the agents was altered by changing the curriculum scripts, which is the predetermined speech of the two pedagogical agents. Both the teacher agent and student
agent displayed the same valence of emotional content (i.e. positive, negative, or neutral) at the same time. So, during  a  “positive”  chapter  within  the  learning  session,  both  
the teacher and student agents exhibited a positively-valenced affective state. During a
“negative”  chapter,  both  displayed  a  negatively-valenced affective state. For each chapter, the emotional display or mood of the agents remained either positive, negative, or
neutral for both agents throughout an entire chapter.
The affectively-valenced discourse of the artificial agents were changed using
the Linguistic Inquiry and Word Count lexicon (LIWC; [12]) which has been used to
measure persistent affective states[13]. This lexicon has numerous words associated
with positive and negative affective states. For example, words with positive- valence
include   “happy”, “curious”, and “awesome”   whereas   negatively-valenced words include  “bored” and “sad.”  Therefore, with OperationARIES! an example statement in
the   negative   condition   would   be,   “No.   You   are   incorrect.   Let's   just   go   over   the   im-
portance of these dull things one more time. Why do we need to have operational definitions?”  As  the  reader  may  notice,  the  manipulation  did  not  include  a  change  in  feed-
back as the goal of the study was not to provide false feedback but rather to manipulate
the affective expression of the teacher agents.
The altered agent speech covered three chapters of material with three separate
chapters each designated to one mood condition (i.e., positive, negative, or neutral).
The participants were exposed to a fourth chapter of content through the E-book only.
This chapter served as a control for the counter-balanced conversations with the artificial agents. In order to return the student to a baseline of emotion between the withinsubjects conditions, each chapter began with the student answering 6 multiple-choice
questions about the topic and reading a summarized chapter of the E-book within OperationARIES!.
Assessment of Learning Gains. Two similar, but not identical, versions of a
learning gains assessment were developed using multiple-choice and short answer
questions. The learning gains assessments were counter-balanced, so both versions of
the assessment were used as a pretest or a posttest that assessed learning gains. Each
test consisted of a total of 32 questions, 8 questions per topic. Both the pretest and the
posttest were manually graded in accordance with the associated rubric. Inter-rater reliability was established on a by-item basis for the short-answer questions (r >.70).
Then proportional learning gains (PLG) were calculated using the formula [(posttestprettest)/(1-pretest)], [22]. This value was used to measure initial learning gains from

interaction with the game. However, in conducting linear mixed effects models, the
posttest was the dependent variable and the pretest was treated as a covariate. This was
a necessary compromise as proportional learning gains often produce highly negative
values when calculated on the item level.
2.4 Procedure
After completing an informed consent, all participants were randomly assigned to
different materials that varied: 2 tests (pre/post) x 4 pedagogical agent moods (e.g.,
positive, negative, neutral, neutral text only) in a counterbalancing scheme. The assignment of the two tests (version A and version B) was counter-balanced as pretest and
posttest. Thus, within the four possible mood conditions (e.g., positive, negative, neutral, neutral text only) and the counter-balanced learning gains assessments, there were
48 cells in this within-subjects design. After being randomly assigned to a specific
group, each subject was first given a pretest followed by instructions on how to complete the affect grid which is a self-report measure of valence and arousal on a 2 dimensional grid. The researcher then gained a baseline affective state for each participant by
asking each individual participant, “How  do  you  feel  participating  in  this  experiment?”  
Students verbally replied and were asked to denote this emotion on the first affect grid.
After completing the baseline affect grid, each participant interacted with Operation
ARIES! in the respective assigned condition. During interaction with Operation
ARIES!, students read an e-book on each chapter as well as answered multiple-choice
questions before engaging in a natural language dialogue with the two pedagogical
agents. In accordance with the given condition, the participants conversed with the
agents displaying the information in a specific mood, i.e. positive, negative, or neutral.
In the control condition, participants only read the e-book and answered multiplechoice questions but did not participate in a tutorial conversation with the agents. After
completion of each topic, participants were asked to fill out the subsequent affect grid.
This process occurred iteratively across the chapters. Upon completion of the interaction with OperationARIES!, the participants completed the posttest and were debriefed.

3

Analyses

Before testing our hypotheses, we first conducted a paired samples t-test to confirm that
learning actually occurred. Students’   proportional   learning   gains   were   significantly  
higher for the topics covered in conversational conditions when compared to those covered in the control (t (1,47)=1.85, p <.05, Cohen’s  d = .55). Next, a series of linear
mixed models were conducted to assess the three main hypotheses. The mixed model
approach allows for calculation of differences based on observations not participants,
thus leveraging the within-subjects power of the design. Recall, the first hypothesis was
that the affective state of the pedagogical agents would affect learning. The second hypothesis  was  that  the  human  students’  affective  state  would  affect  learning.  The  third  
hypothesis was that the student’s discourse features would correlate with learning gains.
For all three hypotheses, we wanted to generalize across individual differences between

participants, topics taught in OperationARIES!, and the counter-balanced order of the
tests. Thus, these three variables were treated as random factors in all of the following
analyses.
A mixed effect model was conducted to determine whether differences in
learning existed between the three conversational moods and the control. The model
included four conditions and pretest as fixed effects, with participant, topic, and test
version held as random factors was used to evaluate posttest scores. The model was not
significantly different from the null model including pretest as a fixed factor and participant, topic, and test as random factors(X2(3, N=192) = .50, p = .92). This result indicates that student learning was not altered by the artificial  teacher’s mood.
Next, a manipulation check was performed to ensure that the mood displayed
by the pedagogical agents transferred to the participant so that analyses about student
emotions and learning could be conducted. Before analyses were conducted, the values
from the affect grid were computed from the baseline and standardized so that interactions between valence and arousal could be analyzed. Using a model including the four
conditions as a fixed effect and participant, topic and test as random factors, the manipulation appeared to have indeed induced student affect. Specifically, the condition of
the tutor (i.e., positive, negative, neutral, or control) had a significant main effect on
self-reported valence of the student (F (3,189) = 5.63, p < .01). The model was significantly different from the null model including the random factors of participant, topic
and test (X2(3, N = 192) = 16.30, p < .001) with a difference in variance accounted for
of 8% (R2 =  .076).  Therefore,  the  pedagogical  agent’s   mood  accounts  for   8% of the
variance in student reported affective valence.
Post hoc analyses with a Tukey correction showed significant mood contagion
for the negative and positive tutorial conditions, with a marginally significant difference
from the neutral condition. Specifically, the negative condition showed an increase in
negatively-valenced affect compared to the text (or control) condition (z (1,192) =
-3.987, p < .001). The positive condition showed a significant increase in positivelyvalenced affect compared to the negative tutorial condition (z (1,191) = 2.65, p < .05),
and the neutral tutorial condition showed a marginally significant increase in negative
affect (z (1,191) = 2.310, p < .1).
The second hypothesis investigated was the relationships between the students’  valence,  arousal,  the  interaction  between  the  two,  and  learning  gains.    A  series  
of additive models were conducted to assess whether any relationships were additive
or interactive. Models testing the fixed factors of valence and the interaction of valence
and arousal along with the three random factors were non-significant compared to the
null model (X2 (1, N = 293) = .02, p = .88); (X2(1, N = 192) = .54, p = .46), respectively.
However, a full model of arousal, valence and pretest as fixed factors with participant,
topic, and test as random factors was significantly different from the previous model
(X2 (1, N = 192) = 3.72, p = .05). This model suggests that arousal, not valence, significantly contributed to learning (F (1,191) = 4.20, p < .05); (F (1.191) = .14, p = .71),
respectively. Specifically, valence to contributed near 0% of the variance (R2 = .001)
whereas arousal accounted for 1.2% of the variance (R2 = .012).This relationship between arousal and learning was negative (t (1,191) = -2.02, p = .04). Therefore, the
lower the intensity of affect reported by the student, the higher the learning gains.

Discourse Features. The analyses on the discourse of the students only applied to the conditions where students had tutorial conversations with the agents, thus
excluding the control condition and reducing the number of observations (N = 144). In
evaluating learning gains, first a model with pretest and the composite metric of formality as fixed factors and participant, topic and test version A or B (referred to as
“test”) as random factors was compared to a null model including just pretest and the
three random factors, and found to be non-significant (X 2(7,N =144)= .46, p =.50).
Next, a model with all five of the components and pretest as fixed factors with participant, topic, and test as random factors was not significantly different from a null model
including pretest and the random factors of participant, topic, and test (X2 (11, N =144)
= 8.29, p =.14). Although the full model with all 5 components was not significant, one
of the components known as the word concreteness significantly correlated with learning. This component is indicative of words evoking a mental representation and more
meaningful than abstract words. Therefore a trimmed model was tested with the fixed
factors of word concreteness and pretest and topic, test, and participant as random factors was tested for effects on learning. This model was significantly different from a
null model of pretest and the three random factors (X2 (8, N= 144) = 4.69, p =.03). The
component of word concreteness had a significant main effect (F (1,143) = 4.88, R2
=.02, p <.05) with a positive relationship with learning (t (1,143) = 2.209, p < .05). The
principal component of concreteness might best represent the most shallow level of
comprehension compared to the other components. This makes sense in the current
context as students were learning the basic didactic knowledge [21].

4

Conclusions

Results indicated that there was no direct impact of the mood of the pedagogical agents
on learning. On the other hand, student emotions did impact learning gains. Indeed
students with lower arousal levels showed higher learning gains. Finally, the discourse
analysis revealed word concreteness, which is indicative of shallow comprehension, is
related to learning.
Teacher mood did not affect student learning. However, teacher mood did affect student affective state. Previous research has found contradictory yet significant
findings as to the nature of the relationship between teacher moods and learning [6,7].
In fact, it may be the case that teacher mood can only have an indirect effect on learning
via student affect. A future study may address this issue by examining moderators and
mediators as well as exploring the impact of having a stronger manipulation such as
altered feedback, body posture of the agent, or speech.
The result that arousal, not valence, impacts student learning may best be explained by the arousal theory. The theory suggests that intensity of emotions rather than
valence contributes to learning on certain tasks [10], especially those shallow in nature
[11]. The Training module of OperationARIES!, the module used in the current study,
teaches shallow knowledge whereas subsequent modules within the game are required
for deeper conceptual learning [23].The discourse analyses suggests that students were
learning shallow knowledge during the interaction with the altered version of the game

as well. Specifically, the component representing the use of meaningful, concrete words
(a shallow level of comprehension) is the only component that significantly contributed
to learning in this study. The corresponding comprehension framework suggests that
this is indicative of didactic knowledge only. Therefore, it seems likely that a sweet
spot of intensity, in accordance with the arousal theory, may be important for learning
within this module of the game.
The nature and contributing factors while learning through interaction with an Intelligent Tutoring System such as OperationARIES! are varied and complex. Many factors not tested in this study may contribute to learning gains in such an environment.
However, this study definitively shows a relationship between arousal and discourse
features related to learning.
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